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Abstract: We study geometric random graphs defined on the points of a Poisson process
in d-dimensional space, which additionally carry independent random marks. Edges are
established at random using the marks of the endpoints and the distance between points
in a flexible way. Our framework includes the soft Boolean model (where marks play the
role of radii of balls centered in the vertices), a version of spatial preferential attachment
(where marks play the role of birth times), and a whole range of other graph models
with scale-free degree distributions and edges spanning large distances. In this versatile
framework we give sharp criteria for absence of ultrasmallness of the graphs and in
the ultrasmall regime establish a limit theorem for the chemical distance of two points.
Other than in the mean-field scale-free network models the boundary of the ultrasmall
regime depends not only on the power-law exponent of the degree distribution but also
on the spatial embedding of the graph, quantified by the rate of decay of the probability
of an edge connecting typical points in terms of their spatial distance.
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1. Introduction

1.1. Background. Animportant topic in percolation theory and, more generally, the the-
ory of geometrically embedded random graphs, is the comparison of Euclidean distances
of two points with their graph distance, often called chemical distance. Starting with the
work of Grimmett and Marstrand [20], this problem has been studied for Bernoulli per-
colation, for example by Antal and Pisztora [1] and Garet and Marchand [15,16], but
also for models with long range interactions, such as random interlacements, see Cerny
and Popov [8], its vacant set and the Gaussian free field, see Drewitz et al. [14]. In the
supercritical phase of these models Euclidean and chemical distance of points on the
unbounded connected component are typically of comparable order when the points
are distant, see [14] for general conditions for percolation models on Z? to share this
behaviour. The introduction of additional long edges can change this behaviour and the
graph distance can be a power of the logarithm or even an iterated logarithm of the Eu-
clidean distance. In the latter case the graph is called ultrasmall. The focus of this paper
is to characterise ultrasmallness in geometric random graphs and provide a universal
limit theorem for typical distances in such graphs.

We briefly review what is known on this problem. A classical scenario is long-range
percolation. Here points x, y of a Poisson process in R? or of the lattice Z¢ are connected
independently with probability

p(x,y) = |x — y| o4+l

for some § > 1. Biskup [4,5] has shown thatif 1 < § < 2 then the chemical distance is

d(x,y) = (log |x — yAo,

with high probability as x, y are fixed points on the infinite component with |[x —y| — oo,

where A = 10;0(%. If § > 2 it was shown by Berger [3] that the chemical distance is at
least linear in the Euclidean distance and for § = 2 there is recent progress by Ding and
Sly [12], but in both cases the precise asymptotics is still an open problem. In general,
ultrasmallness cannot occur in long-range percolation models.

Ultrasmallness is however a well established phenomenon in scale-free networks.
These networks are typically not modelled as spatial graphs, so to compare the results
to our scenario we restrict the graph to the vertices inside a ball of radius R, which
now contains N lattice or Poisson points, with N of order RY. The mean-field nature
of these models is reflected in the fact that connection probabilities do not depend on
the spatial position of these points. Instead, points carry independent uniform marks
and connections between points are established independently given the marks, with a
probability 1 A % g(s, t) depending on the marks s, ¢ of the vertices at the ends of a
potential edge. Dependencies of interest are, for example,

(1) g@s,t) =s71t77,
(ii) g(s.0) = (s V1) V(s A,
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For all these examples, the graphs have scale-free degree distributions with power-law
exponentt = 1+ % Wheny < % (or, equivalently, T > 3) the chemical distance of two
randomly chosen points x, y in the largest component is of order log N or, equivalently,
log |x — y|, see Bollobas et al. [6]. If however y > % (or, equivalently, 2 < 7 < 3), then
the graph is ultrasmall and there is a universal limit theorem for the chemical distance
of two randomly chosen potints x, y, namely

d(x,y)
H y s
loglog(|x — y|) log 1=

with high probability as R — oo, (N

where ¢ = 2 for (i) and ¢ = 4 for (ii), (iii), see Dommers et al. [13], van der Hofs-
tad et al. [31] and Norros and Reittu [28] for the existence of an ultrasmall phase and
Dereichetal. [11] for general lower bounds that match the upper bounds in the ultrasmall
phase in all those examples.

Looking at spatially embedded graphs with a scale-free degree distribution, Dei-
jfen et al. [9], Deprez et al. [10] and Bringmann et al. [7] investigated a range of spatial
models where points are endowed with weights, which are heavy-tailed random vari-
ables corresponding loosely to negative powers ¢~V of uniformly chosen marks 7. The
connection probability of two marked points depends on the product of the weights and
the spatial distance of the points, which is the case in models like scale-free percolation
and hyperbolic random graphs. Behaviour analogous to kernel (i) in the non-spatial case
is identified in [7] for these models, namely that the transition between ultrasmall and
small world behaviour occurs at y = % (equivalently, T = 3) and in the former case a
limit theorem as in (1) with ¢ = 2 holds.

We shall see in the present paper that not only the proof techniques but also the results
of [7,9,10] depend crucially on the fact that connections are considered that depend on
the weights of points by taking the product. In fact, the situation changes radically when
other, equally natural, ways of connecting vertices are considered, and we shall see
that the novel behaviour that we unlock in this paper is also of a universal nature. We
now discuss two natural examples, which constitute our main motivation. In both cases
the vertices of the graph are the points of a standard Poisson process in R? and every
point is endowed with an independent mark, which is uniformly distributed on the unit
interval (0, 1).

In the Boolean (graph) model on R? the points carry random radii, which can be
derived from the uniform marks #, for example as t~¥/4 In the hard version of the model
two points are connected by an edge if the balls around them with the associated random
radii intersect. In the more powerful soft version of the Boolean model independent,
identically distributed positive random variables X = X (x, y) are associated with every
unordered pair of vertices {x, y} and a connection is made iff

[x — yl
Ty d =%

where s, ¢ are the marks of the vertices. The choice X = 1 corresponds to the hard
Boolean model, while the choice of y = 0 and a heavy-tailed random variable X with
decay

P(X >r) =r % a5 r— 00,

for some § > 1, replicates the long-range percolation model. While neither of these
boundary cases is ultrasmall, we show that a choice of y € (0, 1) and § > 1 gives
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e ultrasmallness if y > % but,

e no ultrasmallness if y < 8%'
Note that this boundary depends not only on the power-law exponent of the degree
distribution, whichist = 1+ i, but also on §, which is a geometric quantity related to the
decay in the presence of long edges between typical vertices. In particular ultrasmallness
does not occur when the variance of the degree distribution becomes infinite, but at a
threshold that depends on spatial correlations influencing the graph topology beyond the
degree distribution, a feature that is not present in the scale-free percolation or hyperbolic
random graph models. In the ultrasmall case we also get a different form of the limit
theorem for the chemical distance, namely

d(x,y)
H V
loglog(|x — y|) log 5773

with high probability as |x — y| — o0, (2)

where the dependence of the limiting constant on § is another novel feature.

In our second example we look at the age-based random connection model, which
was introduced in Gracar et al. [17]. Here the mark of a vertex is considered to be its
birth time so that the model is intrinsically dynamical. At its birth time 7 a vertex is
connected to all vertices born previously with a probability

tlx —y|
“’( (t/5)7 )

where s < ¢ is the birth-time of the older vertex and ¢: (0, c0) — [0, 1] is a non-
increasing profile function. As (¢/s)? is the asymptotic order of the expected degree at
time ¢ of a vertex born at time s | 0 this infinite graph model mimics the behaviour
of spatial preferential attachment networks [2,25]. An upper bound for the chemical
distance for spatial preferential attachment is given by Hirsch and Monch [24], but
lower bounds are not known. Our results show that, as in the soft Boolean model, we
have in the age-dependent random connection model that ultrasmallness failsif y < %
Ify > 8% we get a lower bound matching that of [24] and we get the precise asymptotics
for the chemical distance as stated in (2).

The similarity in the behaviour of our examples is a strong hint that there is a large
class of spatial graph models which displays universal behaviour markedly different from
both the class of spatial scale-free graphs investigated in [ 7] and the non-spatial scale-free
models studied, for example, in [30]. This idea is further supported by the recent paper by
Gracar et al. [19] which investigates the existence of a subcritical percolation phase and
reveals the same regime boundary depending on the parameters y and §. In the present
paper we explore this universality class of spatial scale-free random graphs by providing
general bounds for the chemical distance based only on upper and lower bounds on
the connection probabilities between finitely many pairs of points. This approach is
sufficiently flexible to yield the fine results described above for the entire range of
models in this class, including of course both of the examples described above. The
main difficulty here is to produce lower bounds larger than those obtainable for the non-
spatial scale-free models by making substantial use of the restrictions coming from the
underlying Euclidean geometry.
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1.2. Framework. Suppose ¢ is a graph with vertex set given by the points of a Poisson
process X of unit intensity on R? x (0, 1). We write the points of this process asx = (x, 1)
and refer to x as the location and ¢ as the mark of the vertex x. Small marks indicate
powerful vertices. We write x ~ y if the vertices X, y are connected by an edge in 4.

We denote by Py the law of ¢ conditioned on the Poisson process X and by Py, . .
the law of 4 conditioned on the event that Xy, . . . , X, are points of the Poisson process X'
The following assumption depends on parameters § > 1 and 0 < y < 1, it leads to
lower bounds on chemical distances in the graph.

Assumption 1.1. There exists k > 0 such that, for every finite set of pairs of vertices
I C X7 in which each vertex appears at most twice, we have

Pr( () {Xi“‘)’i})f [ «nAs)™7@vs)’ =D |x — yi 7

(x;,yi)el (xi,yi)el
where X; = (x;, 1), yi = (i, $i)-

In Sect. 1.4 we shall see several natural examples of geometric random graphs which
satisfy Assumption 1.1. Note that the assumption does not include conditional inde-
pendence of the events {x; ~ y;}, which makes several classical tools, such as the
BK-inequality, unavailable in our proofs. Without the conditional independence one
cannot give a precise description for the degree distribution. However, it is worth noting
that Assumption 1.1 is formed in such a way that it implies the existence of a constant
C > 0 for which the expected degree of a vertex with mark # is smaller than C¢~7. The
next assumption, which we use to give matching upper bounds on chemical distances in
the ultrasmall regime, however, does contain a conditional independence assumption.

Assumption 1.2. Given X edges are drawn independently of each other and there exists
o, k > 0 such that, for every pair of vertices x = (x, 1),y = (y,s) € &,

Pyy{x ~y} > (1 Ak (AT |x — y|—8d).

The weight dependent random connection model is a class of graphs introduced in
[18,19] as a general framework, which incorporates many (but not all) of our examples
of spatial random graphs. In that context our assumptions roughly mean that the random
graphs are stochastically dominated by the random connection model with preferential
attachment kernel (Assumption 1.1) and dominate the random connection model with
min kernel (Assumption 1.2). Note, that these models have a scale-free degree distri-
bution with power-law exponent t = 1 + L Hence, as previously mentioned these
examples deviate from the behaviour of non-spatial models and scale-free percolation in
that the emergence of ultrasmallness does not depend only on the power-law exponent.

1.3. Statement of the main results. We write X S y if there exists a path of length n
from x toy in ¢, i.e. there exist Xy, ..., X,—| € ¢ such that

X’\/le\/...’\zxrl_l’\/y.

We denote by x <> y if x S y holds for some #n, i.e. if x and y are in the same connected
component in ¢. The graph distance, or chemical distance, is given by

d(x,y) = min{n € N: x S vy}
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Our main results identify the regime where ¢ is ultrasmall, i.e. where the graph distance
behaves like an iterated logarithm of the Euclidean distance. Moreover in this regime
we provide a precise limit theorem for the behaviour of the graph distance of remote
points. The first and foremost result in this context are lower bounds for the chemical
distance of two points at large Euclidean distance using only Assumption 1.1.

Theorem 1.1. Let &4 be a general geometric random graph which satisfies Assump-
tion 1.1 for some y € [0, 1) and § > 1.

@lIfy < % then ¢4 is not ultrasmall, i.e. for x,y € R? x (0, 1), under Py,
the distance d(X,Yy) is of larger order than loglog |x — y| with high probability as
|x — y| = o0.

®Ify > %, then for x,y € R? x (0, 1) we have

4loglog |x — y|
log (5(17/—;/))

under Py y with high probability as |x — y| — oc.

d(x,y) >

The second result provides a matching upper bound for the chemical distance in the
ultrasmall regime under Assumption 1.2. Put together we get the following limit theorem
for the chemical distance under Assumptions 1.1 and 1.2 in the ultrasmall regime.

Theorem 1.2. Let & be a general geometric random graph which satisfies Assump-
tions 1.1 and 1.2 for some y > % Then ¢ is ultrasmall and, for x,y € RY x 0, 1),
we have

loglog |x — y|

d(x,y) = (4 +o0(1))
log (57557)

3)

under Px y( - | X <> y) with high probability as |x — y| — oc.
Remarks

e For the convergence in Theorem 1.2 we fix marks s,¢ € (0, 1) and add points
x = (x,s) and y = (y, ) to the Poisson process. Then we show that

(\ d(x,y) 4 ‘

X,y — - - > € ‘ X < y)

logloglx — y|  log (57555)
converges to zero if |[x — y| — oo.

e Stronger results, like explicit lower bounds on d(x, y) under Assumption 1.1 and
upper bounds under Assumption 1.2 only will be formulated in Propositions 2.1
and 3.1 below.

e The results continue to hold mutatis mutandis when the underlying Poisson process
is replaced by the points of the lattice Z¢ endowed with independent uniformly
distributed marks.

1.4. Examples

1.4.1. The soft Boolean model As explained in the introduction in the (soft) Boolean
model on R the points x carry independent identically distributed random radii R, and
unordered pairs of points {x, y} carry independent identically distributed nonnegative
random variables X (x, y). Given these variables two points x and y are connected iff



Chemical Distance in Geometric Random Graphs 865

lx — y

< X(x,y).
R, +R, x, )

For a lower bound we assume that there are constants Cq, C, > 0 such that

PR, >r) < Cir 7, P(X(x, y) >r) < Cor—4,

We can put this model into our framework by constructing the radius R, of a point
x = (x,1) as Ry = F~'(1 — t) where F is the distribution function of the radius
distribution and F~!(t) = inf{u: F(u) > t} its generalised inverse. Given X, the
probability of a connection of x and y is

—v F71 1— F*l 1—s ds
PX(X(X»}’) > Ilgiﬂyg‘\) < L |tx)iy|ds( DS

As FF'A —t) = influ: 1 — F(u) <t} < Cr/dt_”/d we infer that the probability
of a connection of x and y is bounded by x(r A )% |x — yl_ad and hence, using
conditional independence of edges, Assumption 1.1 holds. The assumption then implies
no ultrasmallness if y < ai_l’ which holds in particular in the hard model for arbitrary
0 <y < 1,as X (x, y) is constant and hence § can be chosen arbitrarily large. Similarly,
ify > 55? and for every small € > 0 there are constants ¢, C > 0 such that, for all
r>1,

cr~ = <P(Ry > r) < Cr=d/v*e, opm B¢ < P(X(x,y) >r) < Cr e,

then Assumptions 1.1 and 1.2 hold for values arbitrarily close to y and § and hence the
full limit theorem in probability (3) holds.

1.4.2. Hirsch’s scale-free Gilbert graph Hirsch [23] discusses a model which in its soft
version connects every unordered pair of vertices {x, y} iff

=l oy
RevRy, — 0

where R,, Ry and X (x, y) are as in Example 1.4.1. He gives a lower bound for the
chemical distance of the hard model, which is of the from |x — y|/log |x — y|. Our result
also shows that the hard model is not ultrasmall albeit with a much smaller lower bound
of an order slightly below log [x — y|. However, this bound extends uniformly to the

soft model if § > 1% This includes long-range percolation, which corresponds to the

case y = 0, in which we know from [4] that if § < 2 the chemical distance is indeed
of the order of a power of a logarithm. Our results become best possible looking at the
Y

soft model with X heavy-tailed with § < = In that case we show that distances can

be drastically smaller and satisfy the limit theorem in Theorem 1.2.

1.4.3. The age-dependent random connection model This dynamical model was intro-
duced in [17] as a simplification of the spatial preferential attachment model of Jacob
and Morters [25,26]. A vertex X = (x, t) is born at time ¢ and at birth connects to all
vertices y = (y, s) born previously with probability

<t|x—y|">
YCoarsy )
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where 8 > 0 is a density parameter and ¢ : (0, co) — [0, 1] is a non-increasing profile
function standardized to satisfy f (p(|x|d) dx = 1. It is easy to see that for # > s the
expected degree at time ¢ of a vertex born at time s is of asymptotic order (z/s)", so that
the model combines preferences of attachment to vertices of high degree and to nearby
vertices in a balanced way. If ¢(r) < Cr~% we see that Assumption 1.1 holds so that
ultrasmallness fails if y < 6%. Butif y > 5% and also, for every € > 0, thereis ¢ > 0

with ¢ (r) > cr=%*€ for all r > 1, then ultrasmallness holds and we get the asymptotic
chemical distance as stated in (2).

1.4.4. Scale-free percolation As explained in Sect. 1.1 for the model of Deijfen et al. [9]
and other models constructed by taking products of vertex weights and distances we do
not expect our results to be relevant or even sharp. In fact, the dependence on the weights
in these models is so strong that the geometry does not play a significant role and the
techniques developed in this paper are not needed to understand the behaviour of the
chemical distance. For these models Assumption 1.1 only holds for y < % and in this
case we recover from Theorem 1.1 the well-known result that the graph is not ultrasmall
when the power-law exponent is t > 3. For recent results for the chemical distance
when y < %, see [21].

1.4.5. The reinforced age-dependent random connection model We consider a rein-
forced version of the age-dependent random connection model described above, where
the connection probability between vertices is reinforced by additional weights of the
nodes. Interestingly, although edges do not occur independently of each other due to
the additional weights, our results still apply in full generality. Let the vertex set be a
Poisson point process X on R? x (0, 1) as before. We assign in addition to each point
x € X an independent identically distributed reinforcement weight W = Wy, for which
we assume the second moment exists that it is almost surely bounded away from zero,
i.e. there exists @ > O suchthatP(W > «) = 1. Given X and the reinforcement weights,
edges are then formed independently between x = (x, ¢) andy = (y, s) with probability

—1/8
@ (%0 ASY (V)T |x — y|d) ’

where ¢ is as in Example 1.4.3. Let I C X be a set of pairs of vertices where each
vertex appears at most twice. If there is C > 0 such that ¢(r) < Cr—° for all r > 0,

]EX[ [T 1=~ Yi}:|
(xi.yi)el
<Ex| [ CWuaWyuB@ins)™ @ vs)® D x — yil_ad}
(xi,yi)el
< [] B s v s =D i — yil > BIWg IEIW,. ],
(xi.yi)el
where the second inequality holds since each reinforcement weight appears at most twice
in the product and they are independent of X'. As the second moment of the weights
exists, Assumption 1.1 holds for an appropriately chosen «. Hence, ultrasmallness fails if

y < 6:1—1 On the other hand, we can easily couple the reinforced age-dependent random
connection model to an age-dependent random connection model with a modified density
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parameter, such that the later is a subgraph of the former. Indeed, for each pair of vertices
we draw an independent uniform random variable U (X, y). Given the Poisson process X,
the reinforcement weights and the family (U (X, y))x yex, We can construct the age-
dependent random connection model and the reinforced model in the following way.
First, add an edge between any pair of vertices when

—2/8

Ux,y)<¢ (“ EASY V)T |x - y|d> :

This leads to the age-dependent random connection model with new density parameter
B = ﬂa‘z/ 3 Since W > « almost surely, each such edge is also added in the reinforced
model. To get the full reinforced model, we add additional edges to hitherto unconnected
pairs of vertices if

(WxWy)~ 1/

U(x,y)fw( 3

A (V)T |x— yld) .

As the age-dependent random connection model is ultrasmall when y > % and if for
every € > 0, there exists ¢ > 0 with ¢(r) > cr~%* for all r > 1, the reinforced model
is ultrasmall as well and we get the asymptotic chemical distance as stated in (2) under
both tail assumptions stated for ¢ in this section. Note that Examples 1.4.1 and 1.4.2 can
similarly be reinforced, and similar conclusions can consequently be drawn.

1.4.6. Ellipses percolation Teixeira and Ungaretti [29] introduce a model on R? as a
collection of random ellipses centred on points of a Poisson process X on R? x (0, 1)
with uniform marks #, from which the size of the major half-axis is derived as £~Y/2 while
its direction is sampled uniformly. The size of the minor half-axis is one. The random
graph is then constructed by taking the Poisson process as the vertex set and forming
edges given the collection of random ellipses between pairs of points of the point process
if their ellipses intersect. Hildrio and Ungaretti [22] show that, for y € (1, 2), the model
is ultrasmall.

We introduce a soft version of this model, where for each pair of vertices x, y we
consider copies of their ellipses where the size of the major axes are multiplied with
independent, identically distributed positive heavy-tailed random variables X = X (x, y)
with P(X > r) ~ =2 for some § > 1. An edge between x and y is then formed if
the new ellipses intersect. Note that given X edges are not drawn independently of each
other, as the neighbourhood of each vertex depends on the orientation of the ellipses.
Our results show that, for y € [0, 1), the original model is never ultrasmall and the soft
model is not ultrasmall if y < 85? We see that if an edge is formed between x = (x, ¢)

and y = (y,s), this implies that balls around x and y with radii X (x,y)t~"/? and
X (x, y)s /2 intersect. Thus, there exists ¥ > 0 such that

Pr{x~y} <P(X 2 5520) <k as) v e —y 72

Since the random variables X (x, y) are independent, Assumption 1.1 holds fory € [0, 1)
and § > 1 and the claimed result follows.
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2. Proof of the Lower Bounds for the Chemical Distance

Truncated first moment method. To prove the lower bounds of Theorem 1.1 we find an
upper bound for Px y{d(x,y) < 2A} and choose A as large as possible while keeping
the probability sufficiently small. Note that the definition of the graph distance d can be
reduced to the existence of self-avoiding paths, since if there exists a path of length n
between two given vertices there also exists a self-avoiding path with shorter or equal
length between those two. Hence, the paths considered throughout this section are as-
sumed to be self-avoiding. The event {d(x, y) < 2A} is equivalent to the existence of at
least one path between x and y of length smaller than 2A. Hence,

2A #
Py yld(x,y) <24} = Px,y< U U mo~xi~~x~ xn})

n=1 Xl,.‘.,anleg
2 #
< ZE[ > Paupglxo ~xi o~ X~ Xn}],
n=1

where X = Xg, Y = X, Lﬁé (resp. Z#) denotes the union (resp. sum) over all possible
sets of pairwise distinct vertices X, . . . , X, of the Poisson process and E is the expecta-
tion with respect to the law of a Poisson process with unit intensity on R? x (0, 1). To
keep notation throughout the paper short we will abbreviate the previous notation and
write ) . \....x,, for the sum over all sets of m distinct vertices of the Poisson process.
We get, by using Mecke’s equation [27] and Assumption 1.1 that

Pyy{d(x,y) <2A}

2A n—1

= Z ®dX,’ E []P)XU{X,xl,....xn,l,y}{XO ~Xp Y e X1 Y Xn}]
m=lgrd 0, 1n-1 =1
2A n—1 n—1

SZ / ®d(xi,ti) 1_[1/\K(tj/\tj+1)7y8 (tj V1)’ D ‘xj_xj+1‘_8d-
1= g e o1y 1 =1 j=0

This bound is only good enough if y < % Ify > % the expectation on the right is
dominated by paths which are typically not present in the graph. These are paths which
connect x or y quickly to vertices with small mark ¢. Our strategy is therefore to truncate
the admissible mark of the vertices of a possible path between x and y. We define a
decreasing sequence ({)ken, of thresholds and call a tuple of vertices (X, ..., X,)
good if their marks satisfy f A t,—x > € for all k € {0,...,n}. A path consisting
of a good tuple of vertices is called a good path. We denote by A;{x) the event that
there exists a path starting in X which fails this condition after exactly k steps, i.e. a
path ((x, 1), (x1,11), ... (xk, tx)) with t > Lo, 1] > €1, ..., tk—1 > Li_1, but ty < &.
Furthermore we denote by By" the event that there exists a good path of length n
between x and y. Then, for given vertices x and y

A A 2A
Pyeyld(x,y) <24} < Y P(AX) + Y PyAY) + Y By (BXY).  (TMB)

n=1 n=1 n=1

This decomposition is the same as for the mean-field models in [11]. The main feature
of our proof is to show that the geometric restrictions and resulting correlations in our
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Fig. 1. An example of a path with optimal connection type for y > % The horizontal axis corresponds to
the sequential numbering of vertices on the path, the vertical axis represents the mark space. Powerful vertices
(indicated by black dots) alternate with connectors (indicated by grey dots)

spatial random graphs make it much more difficult for a path to connect to a vertex with
small mark. Hence a larger sequence (£;) of thresholds can be chosen that still makes
the two first sums on the right of (TMB) small, allowing the third sum to be small for
a larger choice of A. This requires a much deeper analysis of the graph and its spatial
embedding.

2.1. Outline of the proof. The characteristic feature of the shortest path connecting two
typical vertices is that, starting from both ends, the path contains a subsequence of
increasingly powerful vertices. The two parts started at the ends meet roughly in the
middle in a vertex of exceptionally high power depending on the distance between the
starting vertices. In our framework powerful vertices are characterised by small marks.
For geometric random graphs fulfilling Assumption 1.1 we show that arbitrary strategies
connecting increasingly powerful vertices are dominated by an optimal strategy by which
paths make connections between vertices of increasingly high power in a way depending
on the parameters y and § in our assumption:

o If y > % we connect two powerful vertices x and y via a connector, a single

vertex with a larger mark which is connected to both x and y;
o ify < 8% we connect them by a single edge.

In both cases, we now sketch how our argument works on paths containing only
the optimal type of connection between powerful vertices. The principal challenge of
the proof will however be to show how these proposed optimal strategies dominate the
entirety of other possible strategies. This is particularly hard in the former case, because
a vast number of potential strategies leads to a massive entropic effect that needs to
be controlled. Note also that at this point we need not show that the proposed optimal
strategies actually work. This (easier) part of the proof requires Assumption 1.2 and is
carried out in Sect. 3.

In the case y > 5% the optimal connection strategy is to follow a path of length 2n
between x and y, where we assume that 7 is even and that the vertices x| = (x1, #1), .. .,
Xon—1 = (Xop—1, tan—1) of the path Satisfy that Dk+1) < Dk < i+l and Dp—20k+1) <
ton—2k < tp—ak+1 forall k = 0,...,n/2, i.e. the vertices with even index can be seen
as powerful vertices, while the ones with odd index represent the connectors between
them, see Fig. 1. Note that at this point we make no assumptions on the locations of
these vertices.

For arbitrary ¢ > 0, we now determine a truncation sequence ({x)ien,, such that
paths starting in X, resp. y, which are not good, only exist with a probability smaller



870 P. Gracar, A. Grauer, P. Morters

than ¢. To do so, we establish an upper bound for the probability of the event A\’ that
there exists a path starting in X whose n-th vertex is the first vertex which has a mark
smaller than the corresponding £,,. We denote by N (X, y, n) the number of paths of length
n from x = (x, t) to a vertex y = (y, s) whose vertices (x1, t1), ... (x,—1, t,—1) fulfill
Dk+1) < bk < tpq1 forallk =0, ..., [n/2] — 1 and which is one half of a good path,
ie.t > 4fo,t1 > ¥Lq,...,t,—1 > €,—1. The mark of y is not restricted in this definition
and is therefore allowed to be smaller than ¢,,. Hence, in this case the event Aﬁlx) can only
occur for n even, since by definition a connector is less powerful than the preceding and
following vertex and therefore has a mark larger than the corresponding ¢,,. For n even
we have by Mecke’s equation that

Py (AY) < / dyEx yN(x,y, n).
R4 x(0,¢,]

Since the existence of a path counted in N(X,y, n) is equivalent to the existence of
Vertices zi, . . . , Zy 21 such that the marks are bounded from below by £3, 44, ..., £, 2,
withzg = X, 2,5 =y themarksug, ..., u,/2 0f zg, ..., 2,2 are decreasing, and z;, z; 41
are connected via a single connector, Mecke’s equation yields

n/2

Ex’yN(X, y9 n)S / dzl e / dzn/2IEZO,...,Z”/Z[HK(Ziyzi172)}9
RY % (€2,u0] R (€2, /2-2] i=l1

4)

where K (z;, z;j+1, 2) is the number of connectors between z; and z;;;. Using Mecke’s
equation and Assumption 1.1 we have

n/2 n/2

Ey,..., z,,/2|:1_[[((zivzi—172):| < Hek(li,li—1,2),

i=1 i=1

where

—1/8 1— d —1/8 1—
ek (zi,2i-1,2) = [ dzp (e oul 'Y |zisy — 2D p e Ul u Y 1z — 2|9,

RY x (uj—1Vu;i,1)

for p(x) :=1 AxSandz = (zi,ui), zi—1 = (zi—1, uj—1). We see in Lemma 2.1 that
there exists C > 0 such that, for two given vertices x = (x, ¢) andy = (y, s) far enough
from each other,

ek (X,,2) < Co(™ Pt A s) (1 v )P x —y|?). (5)

This inequality holds for the optimal connection type between two powerful vertices
of the path and we will see that this type of bound holds also for the case of multiple
connectors between two powerful vertices (cf. Lemma 2.3). It also clearly displays the
influence of the spatial embedding of the random geometric graph via the parameter 4.
Assuming (5) for the moment, we obtain
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X5
X3 X7

X2
X4

X6

y

Fig. 2. Representation of a path with optimal connection type by a binary tree. For a less trivial example
resulting from a general connection strategy, see Fig. 5

Py(AD) < / dzy - f A7)0

R? x (€2,u0] R?x (€y—2,10]
n/2

[t [T eote o1 = zimal?), ©

R4 % (0,6, ] i=1

where z; = (z;, u;) fori =0, ...n/2 and where we without loss of generality integrate
up to ug in all but the last integral. When dealing with a general (rather than the optimal)
connection strategy, we will use a classification of the strategies in terms of binary trees.
Left-to-right exploration of the tree will reveal the structure of the decomposition that
replaces the straightforward decomposition in (4) and additional information on the
location of the vertices will be encoded in terms of colouring of the leaves. Figure 2
displays the classifying binary tree for the optimal connection type.

For a sufficiently large constant ¢ > 0 the right-hand side of (6) can be bounded by

n/2—1
Cn/zgrll—ye(;)//é /l_[ géi—y—V/S
i=1

as shown in Lemma 2.5 considering all paths. With £( smaller than the mark of x we
choose the truncation sequence (¢;) for ¢ > 0, such that

n/2—1
n/zglﬂ/z v/8 1_[ Elfy /8 % %)
and we have -
n/2—1
ZIPX(A(’")— Z Py(AD) < Z e gg ]_[ i< Z =
neven neven n=1

Writing n,, := ¢, ! we can deduce from (7) a recursive description of (£,),en, such that
2
-y _ (n+2)" s
M2 = n2 M-

Consequently there existb > Oand B > Osuchthatn, < bexp(B(y/([6(1 —))M).
We close the argument with heuristics that leads from this truncation sequence to a lower
bound for the chemical distance. Let x and y be two given vertices. If there exists a path
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of length n < log|x — y| between them, there must exist at least one edge in this

path which is longer than 10';1 |y|. For |x — y| large, this edge typically must have an

endvertex whose mark is, up to a multiplicative constant, smaller than |x — y|~¢. Hence,
if we choose

loglog |x — y|

A< (2+0(1)
Ody%ﬂ)

we ensure £ is of larger order than |x — y|~¢. Therefore there is no good path whose
vertices are powerful enough to be an endvertex of an edge longer than ; O‘gx‘;f ‘y‘ and
consequently no good path of length shorter than 2A can exist between x and y.

Turning tothecase y < Si—l, we consider paths whose powerful vertices are connected
directly to each other. For a path of length n between two given vertices x and y we assume
that n is even and for the vertices x; = (x1, #1), ..., Xy—1 = (Xp—1, t,—1) of the path we
assume that we have fo >ty > --- > typpand t,, > 1,1 > --- > ty/2, where fg is the
mark of x and #, the mark of y. We again make no restrictions on the locations of those
vertices. Restricting the paths described in AY and B,(f’” to paths with this structure we
follow the same argumentation as above to establish sufficiently small bounds for the
event ALY for a given vertex X = (xo, ),

n
_ 1—
ras [ e [ e [ Jon T imanld),

R4 x (£1,10] RY % (1,101 R4 (0,£4] =l

where we again without loss of generality integrate over a larger range. For ¢ > 0 large
enough, the right-hand side can be further bounded by

—1
npl—y V*]n 1
ey 7y [ ] log )
i=1 !

see Lemma 2.9. Choosing £ < o and (£,),eN, for € > 0, such that the last displayed
term equals —— ensures that ), Px(A}) < ¢ and by induction we see that this choice

is possible while forany p > 1 there exists B > 0 such that 7, < B"°2" @+ Following
the same heuristics as before leads to the choice

clog|x —y|
~ (loglog |x — yD?

for some constant ¢ > 0 such that paths between x and y with length shorter than 2A
do not exist with high probability.

2.2. The ultrasmall regime. We now start the full proof in the case y > (Sf—l considering
all possible connection strategies. We prepare this by first modifying the graph by adding
edges between vertices which are sufficiently close to each other. We call a path step
minimizing if it connects any pair of vertices on the path by a direct edge, if it is available.
Note that the length of any path connecting two fixed vertices can be bounded from
below by the length of a step mimimizing path connecting the two vertices. Two spatial
constraints emerge from this: On the one hand, vertices on a step minimizing path in the
modified graph that are not neighbours on the path cannot be near to each other. On the
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other hand, vertices connected by one of the added edges have to be near to each other.
To make full use of these constraints we need to distinguish between original edges and
edges added to the graph. This can be done efficiently by endowing every edge with a
conductance, which is one for original and two for added edges.

More precisely, we consider a graph « where edges are endowed with conductances
as follows: First, create a copy of ¢ and assign to every edge conductance one. Then,

between two vertices X = (x,7) andy = (y,s) of < an edge is added to & with
conductance two whenever

Ix —y|4 <k Ans)TV (v s)TVC.

Since all conductances and edges of ¢ are deterministic functionals of ¢, there exists an
almost sure correspondence between ¢ and ¢, under which an edge with conductance
one in ¢ implies the existence of the same edge in ¢. With conductances assigned to

every edge of g , we define the conductance of a path P = (xq, ..., X,) in & as the sum
over all conductances of the edges of P and denote it by wp.
We call a self-avoiding path P = (X, ..., X,) in 4 or ¢ step minimizing
if there exists no edge between x; and x; for all i, j with [i — j| > 2. (8)

Note that a step minimizing path in ¢ is not necessarily step minimizing in &, since
there could exist an edge of conductance two between two vertices of the path that
would reduce the number of steps. But by removing the vertices connecting such a
pair of vertices from the path we can shorten the path to a step minimizing path in <
whose length and conductance is no more than the length of the original path. Hence
the chemical distance d(x, y) between vertices x and y in ¢ is larger or equal than the
conductance dy (X, y) := min{wp : P is a path between x and y} between them in q.
To bound the probabilities occurring in (TMB), we express the events on ¢ with
the help of corresponding events on g by replacing the role of the length of a path by
its conductance. The role of the conductance is crucial, as it allows us to distuingish
newly added edges in a path, which is necessary to keep the bounds of the probabilities
in (TMB) sufficiently small. We call a path P = (xo, ..., X;) in g good if its marks
satisfy tx > £y py and t, g > €yp—wpm—k) forallk = 0,...,n, where wp (k) is the
conductance of P between x( and x;. We denote by A’,ﬁ the event that there exists a

step minimizing path starting in x in ¢ with conductance k which fails to be good on
its last vertex. Notice that if there exists a path described by the event A}, i.e. a path
for which the k-th vertex is the first one whose mark is smaller than the corresponding
truncation value £, then due to the correspondence between ¢ and 4 there also exists
a step minimizing path P in & with wp < k which also fails the condition on its last
vertex. Hence, the first two summands of the right-hand side of (TMB) can be bounded
from above by Y4, Py (AX) and A }P’y(Af,y)).

To bound Py (A~,(1X)), we count the expected number of paths occurring in the event
A,(lx). Note that if |x — yld < k3t As)77 (¢ v 5)77/% holds for vertices x and y, there
exist no step minimizing paths between x and y with conductance larger or equal three
and there exists one step minimizing path with conductance two, since there exists an

edge of conductance two between the two vertices. This property also holds for any of
the subclasses of step minimizing paths introduced in the following.
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For given vertices X = (x, t) andy = (y, s) define the random variable N (x, y, n) as
the number of distinct step minimizing paths P between X and y with wp = n, whose
connecting vertices (x1, 1), ... (Xm—1,tm—1) all have a larger mark than y and fulfill
t> 20,11 = Lyply, - tm=1 = Lyp(m—1). AS Afi‘) is the event that there exists a path
with conductance n, where the final vertex is the first and only one which has a mark
smaller than the corresponding ¢, the final vertex is also the most powerful vertex of

the path. Hence, the number of paths described by the event A~§,X) can be written as the
sum of N (X, y, n) over all sufficiently powerful vertices y of the graph and, by Mecke’s
formula, we have

Py(AM) < f dy Ex s N (x, ¥, 1). ©)
Rdx(o,l,,]

We now decompose N(x,y,n). Fork = 1,...,n — 1, define N(x,y, n, k) as the
number of step minimizing paths P between x and y with wp = n and

e whose connecting vertices (xq, #1), ... (X;—1, tn—1) have marks larger than the cor-
responding thresholds €, (1), . . ., €wp(@m—1) and larger than the mark of y, and

e thereexistsr € {1, ..., m— 1} suchthat we have wp (r) = n —k and the connecting
vertex X, = (x,, #,) has the smallest mark among the connecting vertices and x.

The vertex x, can be understood as the powerful vertex of the path which connects
to y via a path of less powerful vertices with conductance k. Consequently, we write
N (x,y, n, n) for the number of step minimizing paths of conductance n, which connect
x and y via less powerful vertices. Then we have, forn € N,

n
N(x,y,n) <Y N y,nk). (10)
k=1
Fork = 1,...,n — 1, the existence of a path counted in N(x,y, n, k) implies the

existence of a vertex z such that a step minimizing path counted by N (x, z, n — k) exists
which connects to y via a path of less powerful vertices with conductance k. Hence

Nxy.nk < > Nxzn—kK@y.k), (11)

z=(z,u)
Ly_gVs<u<t

forn e Nand k = 1,...,n — 1, where we denote by K (z,y, k) the number of step
minimizing paths P between z and y with wp = k whose vertices have marks larger than
the marks of z and y. Note that unlike N (X, y, n), this random variable is symmetric
in its first two arguments and by definition we have that N(x,y,n,n) = K(X,y, n).
Observe that K (z, y, 1) is the indicator whether z and y are connected by an edge with
conductance one. We turn our attention to K (z, y, k) in the case k > 2, i.e. two powerful
vertices are connected via one or more connectors or an edge with conductance two.

Connecting powerful vertices. First consider the random variable K (x, y, 2). If |x — y|¢
< k3t As)TY (v s)T7/%, the vertices x and y are connected by an edge with conduc-
tance two and we infer that K (X, y, 2) = 1. In the other case, K (x, y, 2) is equal to the
number of connectors between x and y, i.e the number of vertices with mark larger than
the marks of x and y, which form an edge of conductance one to x and y. The following
lemma shows the stated inequality (5) from Sect. 2.1 for this case. Recall that we write
p(x) ;=1 Ax~% and define I, := [pq dxp(k~!/° lx|%).
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Lemma 2.1 (Two-connection lemma). Let X = (x, 1),y = (v, s) be two given vertices
with |x — y|d > k3@t As)TV(t v )TV Then

ExyK(x,y, 2)5] dzp (P07 e — 2 ) o057 U Y |y — 2l
R x (tvs,1]
<Ck(@tAs) @ vs)V |x—y| %

2d5+|
where C = —(V =9

Proof. The first inequality follows directly by summing over all possible connectors and
applying Assumption 1.1 and Mecke’s formula. Observe that for every vertex z = (z, u)

either |[x — z| > e~ " or |y —z| > ‘xg—y‘, as the open sets Blx—y (x) and Bx—y (y) are
2 2

disjoint. Hence, we have

/ dzp(K*I/‘St}’ulf” Ix —z|4 )p(/cfl/‘ssyulf” ly — Z|d)
R x(tvs,1]

1

< / du,o(Z_dK_l/’St”ul_y lx — yld) f dzp(lc_l/’ssyul_” ly — Zld)
1Vs Rd
1
+/dup(2* kVogry -y |x—y|‘1)/dzp(/c*1/5tyu1*y lx —z|?)
tVvs R4
1
< Ip2‘15/<|: / du 1778 V=18 |y — y 748 g7y
Vs
45 V=D | a8 t—yuy—li|
IpzdlS | —d8 [~V .~V —y8,—y
< == J/)‘S)/clx vl [t sV +s7V%t ]
1 2:1 +1 _
< ﬁK(lAS) Yo v )TV x — y| 79

O

We consider the event that vertices x and y are connected by multiple vertices with
larger marks. Recall that K (x, y, k) is the number of step minimizing paths P between
x and y with wp = k whose vertices have marks larger than the marks of x and y. As
before we call the vertices of such a path connectors. To control the number of such
paths, notice that for any possible choice of connectors between x and y, there exists an
almost surely unique connector with smallest mark, i.e the most powerful connector. For
i=1,...,k, wedenote by K(X,Y, k, i) the number of step minimizing paths between
x and y where the connectors have a larger mark than x and y and there is a vertex x,
with wp (r) = i which is the most powerful connector of those vertices. Then,

k—1

KX,y k) < ZK(X, y, k,1).
i=1
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Fig. 3. Decomposing the path at the most powerful connector

Assume now that the connector X, is the most powerful of all connectors and wp (r) = i.
In this case, the possible connectors X1, . . ., X,—1 and X,+1, . . ., X;;—1 need to have larger
mark than x,. Hence, the paths between x, and X, resp. y, considered on their own have
the same structure as the initial path and this leads to

k—1

Kxy k<> > K&xzi)K@yk—i. (12)
i=1z=(z,u)
u>tvs
We use this decomposition together with Assumption 1.1 to find an upper bound for
Ex yK (x,y, k). Recall that, if [x — y|¢ < k'3t As)77(t v 5)77/%, we have K (x,y, k)
=0ifk >3 and K(x,y, k) = 1 if kK = 2 by definition. We now introduce a mapping

ex: (R? x (0,1)% x N — [0, 00).

byex(x,y, 1) = p 3@t As) (t V)TV |x — yld), forx,y € R¢ x (0, 1], and, for
k > 2 under the assumption that |x — yld >k As)V (V)Y

k—1
ex (X,y,k) = Z / dzeg(X,z,i)ex(z,y, k —i), forx,ye R? x 0, 1],

ileRdx(tVs,l]

(13)

and otherwise ex (X,y,2) = 1 and egx (X, y, k) = 0 for k > 3.
Lemma 2.2. Let X,y € RY x (0, 1] be two given vertices. Then, for all k € N, we have
ExyK(x,y, k) < ex(x,y, k). (14

Note that by Assumption 1.1 and Lemma 2.1, we have Ex yK (X, y, 1) < eg(X,y, 1)
and Ex yK(X,y, 2) < ex(X,Yy,2). We prove the result for general k by induction using
(12), but to do so we need to classify the possible connection strategies according to
the way in which powerful vertices are placed. This classification is done by means of
coloured binary trees. We write 71 for the set of all binary trees with k — 1 vertices.
Here a binary tree is a rooted tree in which every vertex can have either no child, a right
child, a left child or both. We colour the vertices of a tree T € 7;_ in such a way that
the leaves of the tree can be either blue or red, and every other vertex is coloured blue.
Thus, for each T € T;_; there exist 2¢ different colourings, where £ is the number of
leaves of T'. Let 7,°_; be the set of all coloured trees.
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Fig. 4. a Classification of a connection strategy by means of a binary tree. Local minima of the path correspond
to branchpoints and local maxima to blue leaves of the corresponding binary tree 7. Matching labels in the
tree on the right are obtained by left-to-right labelling. b One connector of the path in a is replaced by an edge
of conductance two. This edge corresponds to the red vertex in the tree to which no label and hence no vertex
of the path is attached

Before proceeding we outline the role of the tree and its coloured vertices in regard to
the information they capture. We will construct the tree so as to describe the precise order
of the connectors’ marks. In order to distuingish between connections of vertices that
are sufficiently close to form an edge with conductance two and connections between
vertices which are further apart, red vertices of the tree will represent the first case and
blue the second.

To each step minimizing path of conductance k between x and y we associate a
coloured tree T € 7,C | in two steps, see Fig. 4a:

(1) If the connectors of the step minimizing path P of conductance k are X, ..., Xy,
with m < k — 1, we associate a vector u = (uq, ..., ur—1) to the path defined
as follows. We set uy,) = t; foralli € 1,...,m and u; = 1 for all j €

{1, ..., k—1\{wp(), ..., wp(@m)}. Then
uelli:={u= (ui,...,uk—1) € (0, 11 " u; # Vifuj_y = 1}.

(2) To u € U we associate a coloured tree T € ’Tki] as follows:

— For k =2 we have u = (u) and the set 7, contains two trees T, each consisting
only of the root which may be coloured blue or red. If u = (1), then u is associated
to the tree T with the red root and otherwise u is associated to the tree with the
blue root.

— Fork > 2, assume thatto every tupleinu € U;_; with2 < j < k we have already
associated a coloured tree T € Tj"_l. Letu = (uy,...,ur_1) and let u; be the
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smallest value of u. Then, there exist trees 71 € 7,° | and T» € 7)° ;_, associated
tou; = (uy,...,uj—1), resp. up = (Uj+1, ..., Ug—1). To u we associate the tree
T € 7 |, which has Ty as the left subtree of the root and 7> as the right subtree
and colour the root blue.

Conversely, given a tree T € 7, ; let m be the number of blue vertices of the tree.
We define a labelling

or :{l,....,m}—> T,i— or(i),

of the blue vertices in T by letting o7 (i) be the ith vertex removed in a left-to-right
exploration of the tree consisting of the blue vertices. This exploration starts with the
vertex obtained by starting at the root and going left at any branching until this is no longer
possible. Remove this vertex and repeat the procedure unless the removal disconnects a
part from the tree or removes the root. If a part is disconnected explore this part (which is
rooted in the right child of the last removed vertex) until it is fully explored and removed,
and continue from there with the remaining tree. If the root is removed while it has a
right child, explore the tree rooted in that child until it is fully explored and then stop.
Similarly, define a bijection

r:{l,....k—=1} > T,i — t7(Q),

by letting 77 (i) be the ith vertex seen by a left-to-right exploration of all vertices on the
tree 7. We also set o' (z7(0)) := 0 and o ' (r7(k)) := m + 1. Finally,

wr T — {0, ... kY2 v > (6 (), 22 (v))

is defined recursively. For the root v of T, we set x7(v) = (0, k). As before, removing
v splits 7 into a left subtree T1 and a right subtree 7. If these trees are nonempty, set
xr(vy) = ( )(v) T (v)) for the root vy of T7, resp. x7(v2) = (rT (v), }f(z)(v)) for
the root vy of T>. Repeat this for the subtrees until »7 (v) is defined for all v € T. Thus,
for each vertex v € T, its image x7 (v) captures

e asits first entry the labelling 7, U of the last vertex seen by a left-to-right exploration
before the first vertex of the subtree rooted in v (and set to O if there is no such vertex),

e asits second entry the labelling 7, U of the first vertex seen by a left-to-right explo-
ration after the last vertex of the subtree rooted in v (and set to k if there is no such
vertex).

With these labelings at hand, we now describe four restrictions that are satisfied by
the marks and locations of the connectors X1, ..., X, of every step-minimizing path
connecting Xxo = (xg, fo) and Xp+1 = (Xm+1, tw+1) to Which the coloured tree T is
associated, namely

(1) if oy (i) is the rootin T, then t; > 1, tyy+1;
(i) ifor(i)isachildofor(j)in T, then i > tj,
(i) if there is a red leaf v withi = o (rT (}cT)(v))) and j = o, (rT (}c@)(v))) then

d 1/8 — —y/8
|xi—xj| EI{/(ti/\tj) y(ti\/tj) )//;

(iv) if there is a blue vertex v with i = o (rT(}f“)(v))) and j = o, (rT(xQ)(v)))
then

d 1/8 — —y/8
|xi—xj| >K/(l‘i/\tj) y(l‘i\/tj) y/_
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Note that whereas (i) and (ii) describe the order of the marks, (iii) and (iv) encode
the spatial restrictions on the connectors via the colour of the tree vertices. In (iv), X;
(resp. X;) is the first vertex to the left (resp. right) with a smaller mark than x_-1 ) and

X T

the inequality ensures that X; and x; are far enough apart that no edge with conductance
two can exist between them. Conversely, the inequality in (iii) ensures the existence of
an edge with conductance two. These conditions motivate the following definitions:

e M7 as the set of vectors (71, ..., t,) € (0, 1)™ such that (i), (ii) hold,

° I;l as the set of pairs (i, j) € {0, ..., m + 1}2 for which a red leaf v of T exists such
thati = o' (v7 (e’ (v)) and j = o7 ' (77 G (),

° I? as the set of pairs (i, j) € {0, ..., m + 1}? for which a blue vertex v of T exists
such thati = o (z7 (%} (v))) and j = o7 (z7 (¢ (v))),

e and I‘T’C as the set of pairs (i,i + 1) € {0,...,m + 1}? for which we have that

7 or G+ 1) — 7 (o7 (i) = 1.

Whereas M7 captures the restrictions on the marks, I}l and I? contain the indices
to which the the spatial restrictions (iii) and (iv) apply, as for (i, j) € I ? the vertices x;
andx; cannot be near to each otherand for (i, j) € I ;1 the vertices x; and x ; have to be that
near to each other so that an edge of conductance two exists between them. For each pair
i j) e I;l we have j =i + 1 and I}, I?C form a partition of {(i,i+1) : i =0, ..., m},
because for any (i,i + 1) € I?C, there exists an edge of conductance one between the
vertices X; and X;41.

Proof of Lemma 2.2. For T € T,¢ |, we define K7 (X, y) as the number of step minimiz-
ing paths P between x and y with wp = k whose vertices have marks larger than the
marks of x and y to which T is associated. Then

ExyK(X,y.k)= Y  ExyKr(x,y).
TeT

If k = 1 (or equivalently 7 = ¢) we have that K7 (x, y) is the indicator of the event that
x and y are connected by an edge. For k = 2, if T is the tree consisting of the red root
Kr(x,y) = Hx — y|¢ < &3t As)V(t vs) V% and if T is the tree consisting of
the blue root

Krx,y) < Hix —y* > kP ns)7av )7} Y Kp(x, )Kp(z, ).

z=(z,u)
u>tvs

For k > 3 we split the tree at the root, i.e.

Krxy) < Yx —y* > P n)7@ve) P} Y Kk 0Kn@y). (15

z=(z,u)
u>tvs

where 71 and T, are the left, resp. right, subtree of 7 obtained by cutting the root.
Repeat the step (15) by consecutively splitting the tree at the vertices as seen in the
order of a depth first search of the blue vertices in the tree, reducing the product to terms
corresponding to empty or single red vertex trees. We get
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Krx,y) < Y W, ..., tn) € M)

X ,eens X
d _ _
[T i = x| > €@ A7 @ v i)
(i, j)el?
1_[ Ko i) (Xi, Xis1) l_[ Kp(Xi, Xi+1),
(ii+Dely (ii+)elye

where xo = X, X;;41 = y and v ;+1) € T is the red leaf associated to (i, j) in the
definition of /1. Note that the term K w1y CONtains further spatial restrictions on x; and
X;+1, ensuring that these vertices are sufficiently close. Taking expectations yields

ExKr(x,y) < D W@, ... tn) € M7}

X1,eeen X

d _ _
1_[ l{|x,‘—x]‘| >K1/5(l‘iAtj) V(t,'\/tj) J//5}
(i, j)elb

d _ 1/8 - —y /8
[T txi —xial® < 2@ A ti) ™7 @6V 1i2) 777
@ii+Del

Ex l_[ H{x; ~ Xi+1]).

.. b
(i,i+Delz’

By Assumption 1.1, we have

EX[ 1_[ l{Xi"“Xi+1}]§ 1_[ ek (Xi, Xi41, 1). (16)

(ii+D)er* (ii+Del*

Hence, using the Mecke formula for m points, we get

IEx,yI<T(Xa y) < /Xm ---/de H(t, ..., tw) € M7}

d _ _
l_[ 1{|x,‘ —Xj| > Kl/a(ll‘ /\tj) y(ll‘ Vl‘j) y/(S}
(i, ))el?
1_[ Hlxi — x| <6 Pt A i) (4 V 1i41) 7%
(ii+Dell

[T extixiv, 1. (17)

.. b
(i, i+Delp’

What remains to be seen is that when the right-hand side in (17) is denoted eIT< (x,y) and
summed over all T € ch,] we obtain ek (X, y, k). This is clearly true when k = 1 and
k = 2. Otherwise we use (13) to decompose ek (X, y, k). By induction, the factors in
this decomposition can be represented as in (17) and we obtain
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ex (X, y, k) = {lx — | > &5t As) TV (2 v 5) /%)

k—1
Z Z Z / dz e,T(l (x, z)e? (z,y).

i=1T E'];C_] TZETZC_I_i R x (1vs, 1]
Writing the terms eIT<‘ (x z) and e?(z, y) as in (17) as integfa.ls over Xi, ..., Xp, a}nd
X142, - - - » Xy WE Can insert z as X,,,+1 and note that the conditions and terms emerging

in that integral are exactly the same as in (17) for the tree T with 77 and 73 as left and
right subtree of the root. Indeed,

e the vector (71, ..., t;;) of the marks of xq, ..., X,, is an element of My iff
(t, oo tmy) € M7y, (425 -« -5 tm) € M7, and t,41 > s V £,
e the spatial conditions described by I? are fulfilled iff xy, ..., x,, fulfills the ones
decribed by I%, Xm+2, - - - » X the ones by I% and

Ix —y|9 > k"B As) V(@ vs)TV,

o/ ;‘ is the union of 1 ;11 and 1}12 where the values of the pairs of 1 }12 have been increased

by m + 1 and in the same way I?C directly emerges from I'T’f and I%C.

Hence, ek (X, y, k) can be obtained by summing e£ (x,y)overall T € ch_l. m]

Lemma 2.3 (k-connection lemma). Letx = (x, 1),y = (v, s) be two given vertices with
|x — y|d >k As) V@A vs) " and 0 < € < % such that £ < t v s. Then there
exists C > 1 such that, for k > 3, we have

1
ek (x,y, k) < ck=1g51-D(-y=y/®) log(z)k*/c(t AS) V@V s)TY x — y| %

where ky :=k mod 2.

Proof. Choose C > 1 such that C is larger than the constants appearing in Lem-
mas 2.1, A.1 and A.2 of the appendix. We now show by induction that

ex (X, y. k) < Cat(k — 1)Ck1g(5I=D0—y=y/)
log()*p (™2 A 9) (0 v ) 1 = yIT) (18)
holds forallk > 2, where Cat(k—1) is the (k—1)-th Catalan number. Note that, fork > 2,
it holds ex (x,y, k) < 1 for |x — yld < k18 As)TV (v s)77/3. Thus, it remains to
show (18) under the condition [x — y|¢ > k'3t As)™Y (1 v 5)7V/%. For k = 2, the

bound (18) is already established by Lemma 2.1. If k = 3 and |x — y|? > k3t As)™V
(t v s)7"/% by (13) we have

1 1
ex(x,y,3) < /du/dze(x, z, De(z,y,2) + / du/dze(x, z,2)e(z,y, 1).
Vs R4 Vs R4

Using the bounds established in Lemma 2.1 together with Lemma A.2 leads to

ek (X,¥,3) < 2C7 log(Pk(t A$) (v )77 x = y| 7.
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Let k > 4 and assume that (18) holds for all j = 2,...,k — 1. For x,y such that
Ix =yl > k3t As)TV(t v s)TV, by (13),

k—1
ek(Xy. )= / dzeg (x. 2. i)ek 2.y, k — ).
ile"x(zw,l]
With (18) we hence get,
k—2

ex(x,y, k) < Z I:Ck—2g(L%J+L%J—2)(1—)/—)//5) lOg(%)i*"'(k_i)* Cat(i — 1)
i=2

1
Cat(k —i —1) / du / dz,o(lfl/’gt”u”/‘S Ix —z|¢ ),o(/cfl/as”uy/‘3 Iz — y|¢ )]

tvs R4

+ CE 2T =Dy =/9) 1g( Ly k=D Cat(0) Cat(k — 2)

1
y / du/dzp(K_l/atyul_y = 21 ) e 57 u? P |z — yid)
Vs Rd
+ k=2 =Dy =y/8) log($)*~D+ Cat(k — 2) Cat(0)
1
X / dufdzp(K_l/atYMY/é lx — 7|4 )p(/c_l/asyul_y |z — y|d).
Vs Rd

Using Lemma A.1 and Lemma A.2 the last expression can be further bounded by

kKt AS)TV( V)T |x — |79 k!
k=2 e
x [ZCat(z’ — 1) Cat(k — i — e LT I=DA=y =/ g (Lyiutk=i).
i=2

+ 21T D=y =y /8) 109 (L) k=Dt Cag(0) Cat (k — 2)]

If k is even, i and k — i need to be either both even or both odd, fori =1,...,k — 1.
Since £ > 0 is chosen small enough that log(%)2 < £'77=7/% e have that in both
cases

LB =D U=y =y /) Tog(1)ir+tk=ids < ¢51=D—y=y/8)
If k is odd, an analogous observation leads to
LSS =D U=y =y /8) log(yir+k=i= < p(L51=D U=y —y/8) log(1).
Hence, we have

ek (X,y, k)

<k As) TV s) Y |x — y| 48 Ch1gLEI=D U=y =y/5)
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k—1

x log(Hk $ " Cat(i — 1) Cat(k — i — 1)
i=1

<kt ATV s)Y |x — v Cat(k — 1)k 1g5I=DU=y=v/®) log(+)*

and (18) holds for k. The observation that Cat(k) < 4% concludes the proof. |

Probability bounds for bad paths. With Lemma 2.3 we can establish a bound for
Ex,yN(X,y, n), recall the definitions in Sect. 2.2. As in (10) and (11), we have

n—1
Nxy.n) <Kxym+Y > Nxzn-kbK@Eyk. (19

k=1 z=(z,u)
t>u>Ll, Vs

Here z is the most powerful vertex of the path disregarding y and connects to y via
less powerful vertices. As done for K(x,y, k) in the previous section we compare
Ex yN(X,y, n) with a deterministic mapping

en: (R? x (0,1)?* x N = [0, 00),
defined as
enX,y, 1) =p Pt At V) T [x —yI?), forx,y e R? x (0, 1],

and forn > 2

n—1
en(X.y.n) = ex(X.y.n)+ Y / dzey (X, z,n — k)ex (z,y, k), (20)
i=ly
REx(ly—kVs,1]

for x,y € RY x (0,1, if |x —y|? > &3t As)77(t vs)“¥/%, and otherwise
en(x,y,2) =landey(x,y,n) =0 forn > 3.

Lemma 2.4. Letx,y € RY x (0, 1] be two given vertices. Then, for all n € N, we have
ExyN(X,y,n) <eyn(x,y,n). 21

Proof. Firstrecall that for |x — yld <kt As)TV(tvs) Y/ wehave N(x,y,n) =0
forn > 3 and N(x,y,2) = 1. Thus in this case N(x,y,n) is equal to ey (X,y, n)
and consequently their expectations are equal. Otherwise, the proof follows the same
argument as in Lemma 2.2, where we again classify the possible connection strategies
between x and y through coloured binary trees. We therefore only briefly present the
required class of trees, explain the association of a path to the corresponding tree and
the restrictions on marks and space which a step minimizing path that associates to 7'
has to satisfy.

Let 7, be aclass of coloured rooted binary trees with n vertices which are constructed
as follows. For k < n, we have a backbone consisting of k vertices, starting with the root
followed by k — 1 vertices, each a left child of the previous one. The last vertex in this
line is coloured red, the others blue. Let iy, ..., iy € Nwithi{+---+iy =n —k. A tree
T e ’];fb is formed by attaching to the j-th vertex (as seen by a left-to-right exploration
of the backbone) a coloured subtree 7; € 7:5 rooted in its right child, for j =1, ..., k.
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Fig. 5. Associating a coloured binary tree to a path. The powerful vertices of the path are indicated in black.
We have k = 3 vertices on the backbone. The three trees attached to the backbone are constructed as in Fig. 4,
where the vertices with the smallest mark on the connecting paths are the roots which are attached as right
children to the backbone

To any path P = (Xo, X1, . . . , Xm+1) With X9 = X and X;,,+1 = y where the connecting
vertices have larger marks than y we associate a tree 7 € ’Z;"b as follows. We say
X; is a powerful vertex of P if t; < t; forall j = 0,...,7 — 1. By definition, the
vertices x( and x,, are always powerful vertices. We denote by {x;,, ..., X;,,, } the set of
powerful vertices keeping the order in the path. Then two consecutive powerful vertices
Xi; and x; j41 are, by definition, connected via a path of connectors x; JESTRRTS R of
conductance w; := wp(ij+1) — wp(i;j). If w; > 2, associate the connectors of the
path connecting X;; and X;,,, to a non-empty coloured tree 7; € 7, ufj—l as in the proof

of Lemma 2.2. Let T € 7, be the coloured tree which has a backbone of length k
and where 7/ is attached to the j-th vertex (as seen by a left-to-right exploration of the
backbone) such that its right child is the root of T, see Fig. 5 for an example.

Given atree T € Zfb , let m be the number of blue vertices of the tree and k the
number of vertices of the backbone. As in the proof of Lemma 2.2, we define a labelling

or :{0,...,m} —> T,i— or(i),

by letting o7 (0) be the red vertex on the backbone and o7 (i) be the ith vertex seen by
a left-to-right exploration of the blue vertices of 7. Define the bijection

7 {0,....,n—1}—> T,i — t7(i),

by letting 77 (0) be the red vertex on the backbone and 77 (i) be the (i + 1)st vertex seen
by a left-to-right exploration of all other vertices of the tree. Denote by vy, ..., v; the
vertices of the backbone of 7" and 71, . . ., T} the subtrees rooted in their right child. Set
ij = o_l(vj), fori =1,...,k,and ix4; := m + 1. Then, the following restrictions on
marks and space are satisfied by the vertices X1, . . ., X;,, of any path connecting xp = x
and X,,+1 =y to which T is associated:

@) l‘,'j > tij+1,f01'j =1,...,k,
(ii) if there exists a vertex v; of the backbone with 7, ! (vj) = 2, then

1/68 — —y/8
Pto nti) 7 (00 v 1) 772,

d
|xo — xl-j‘ > K
@iii) for j = 1,...,k, the vertices Xij4ls ooy Xijy—1 satisfy the four restrictions on
marks and space given by the coloured tree 7; and x;;, X;,,, as described prior to
the proof of Lemma 2.2.
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For T € Zfb, we define N7 (X, y) as the number of step minimizing paths to which
T is associated. Denote again by vy, ..., vg the vertices of the backbone of 7" and set
ij = U_I(Uj), ix+1 := m + 1. Splitting the tree at each blue vertex of the backbone

leads to

Nrxy) < Y Uty > > fiy,)

Xinseees Xiy
d 1/8 - —y/8
[T tlxo—xi,|" >« Aty v,
2<j<k
o wp)=2
l_[ Kr; (Xi;, Xi ),
1<j<k

where T} is the subtree attached to the right child of v;. Proceeding for each K7; and
using the iterative structure of ey as in the proof of Lemma 2.2 yields the result. O

As a path described by the event AY (recall the definition from Sect. 2.2) has a
restriction on the mark but not on the location of its last vertex, we can use the integral

/dy ExyN(x,y,n), (22)
Rd

withy = (y, s) and s smaller than some yet to be determined value to bound PX(A;")).
Thus, we define for given x = (x, f) and n € N the mapping u) : (0, t] — [0, oo) by

Un(s) == /Rd dyeny(x,y,n), forse (0,t],y=(y,s). (23)

Recall that we write k, := k (mod 2) and [, := f dx ,o(/c_l/‘S |x|d). By the definition
of ey (x,y, 1) we have uj(s) < Ips_yty_l, for s € (0, t], and, for n > 2, with a short
calculation using Lemma 2.3 we get the recursive property

) = 1,0 ey T hog sy %)

“ (LA 1=D =y —y/8) t
+> L,C y=vf log(zizy*sfy‘/‘duu;_kOUu‘y/a (25)

k=2 Lk

t

+1bs*VL/ du X (yu? =", fors e (0,1], (26)
Ln—1

where C > 0 is the constant from Lemma 2.3. Here, the first summand (24) corresponds
to the first summand of (19), i.e. the number of paths with conductance n where the
first vertex x and the last vertex with mark s are the two most powerful vertices of the
path. The summands (25) and (26) describe the second summand of (19), where (26)
covers the case that the last vertex of a path is directly connected to the preceding most
powerful vertex.

Using the recursive inequality in (24)-(26) we now establish bounds for u}. To
make the proof more transparent we continue working with a general sequence (£,,),¢en,



886 P. Gracar, A. Grauer, P. Morters

assuming only that it is at least exponentially decaying, i.e. for any b > 0 it holds

that £,4» < b€,. We choose b > 0 small enough such that Z"o plr+r/o= R
converges. This choice is possible because in our regime y + y/§ is larger than one.
We denote the limit of the series by ¢, > 1. As we have already seen for the optimal
path structure in Sect. 2.1, the chosen sequence (£,),cn, decays much faster than any
exponential rate so that this assumption will not have any effect on the result. Without
loss of generality we may additionally assume £g < %

Lemma 2.5. Let X = (x, t) be a given vertex and let the sequence (£,),cn, be at least
exponentially decaying with £y < t A % Then, there exists a constant ¢ such that, for
n € N, we have

Un(s) < Cus™V, for s € (0,1], 27
where
Cusz = 20, "7 Cy + clog (1) G (28)
and

Cr=ct)™" Co=c,"" +clog(b)cy.

Proof. We choose the constant ¢ > 0 such that it is larger than WVI/”(S—C_"]W and larger

than the constant C from Lemma 2.3. Since this also implies that ¢ > I,,, by the definition
of u} we have

wi(s) = ps_yty_l < cﬁgils_y =Cys77V for s e (0,1].
For n = 2, the recursive inequality for u3 yields
1
ui(s) < I,OCS_VI_V/‘S + Ips_y/du u’f(u)uy_l for s € (0,1].
4
Using the already established bound for n = 1 we have
t
ui(s) < ngay/ﬁs—y +1,s77 /duClLf1
£
< czégy/ssﬂ’ + clog(%)Clsﬂ’ =: Cps~ 7 fors e (0,1].

Now let n > 3 and we assume that (27) holds for all 7 < n — 1. Then, using the already
established bounds and the recursive inequality property we have

(15]-DA=y—y/8)

pE(s) < I,C" ey lo g(%)"*sﬁﬂ/‘S

t

1- 8
+Zz 1B D7D 1o (L s / duC,_ju7 =7/

Cn—k
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+1,s77 f du Cy_qu™!

ly—1
< 1,00 1Z(L 1 — )=y —y/8) log( s~V 71
. l 4 D0y=y/0)
|4 k—1 Y=v 1 Nk —y
+Z]/+)//(S—1C E lo g(fn—k) Cnfks
k=2

+1,Cp) log(ﬁ)s_y for s € (0, 1].

Assume for the moment that

k _y
chqcn_kK(L_zJ)(l Y y/a)log(ﬁ)k* o 1K(LJ DA—-y— V/S) y/(slog( )n*

§
< cpcCpn) }77!

(29)
holds. Then, as ¢ > C, the term p}; (s) can be further bounded by

1ych 1— 5o~ _
T eCnal, 5 ST 4 1,Cy Tog()s

which by (28) is smaller than C,s~7 for s € (0, ¢]. Hence, by induction the stated
inequality holds for all n € N.

It remains to show that (29) holds. If k is even, a repeated application of (28) and
layo < be, yields

k=2
1- 8 —y— _ 2
oA L il log(p ) < cCy oty PpIATDE D ),

If k is odd a similar calculation leads to

3
1- 8
*=le, . Z(L 2D—y— V/) g(ﬁ)k* <cCp El y VI8 vy /6= 1)(2] 0 D)

Distinguishing whether n is even or odd, the second term of (29) can be bounded in a
similar way and so the whole expression can be bounded by

n n
cCpptl 27/ Z pr+y/s—DEEE Zb(yw/a—ni("—%k—” ’

k=2 k=3
k even k odd
where the two sums can be bounded by c¢; which implies that (29) holds. O

Notice that, as stated in Sect. 2.1, the inequality (29) shows us that the major con-
tribution to the expected value of N (X, y, n) comes from the paths where the two most
powerful vertices are connected via a single connector. To see why, notice that the right-
hand side of (29) is, up to a constant, the same as the k = 2 term of the left-hand side.
In fact, Lemma 2.5 shows that the dominant class of possible paths is the one described
in Sect. 2.1.
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We are now ready to bound the probability of the event Aflx), i.e. the event that there
exists a path of conductance n where the final vertex is the first and only one which
has a mark smaller than the corresponding ¢,,. In particular the final vertex is the most
powerful vertex of the path. By Mecke’s equation, we have

Py (A% < / dyEx yN(x,y, n).
R4 x(0,¢,]

Hence, Fubini’s theorem and Lemma 2.5 yield

Ly
- 1 _
Py(AN) < f dspiy(s) < 7=t "G
0

Asin Sect. 2.1, with g < t A é we choose the sequence (£,,),cnN, for ¢ > 0, such that

ﬁcnzi_y =, (30)
and we have
- 0 - N iy - 3L Iy g _E €
nZZ;PX(An ) < ;PX(A,, ) < ; TGt < ; it

Since C,, is defined recursively, we can obtain a recursive representation of the sequence
(Ln)nen,- Letn, = E;l for n € Ny. Then, we have

=y min+2)? 1 c
M2 = Tm n+2
7i(n+2)?% 1
- 3¢ 1—y
_ (n+2)?
2

n

[CZZ},_V_V/BCn +clog (

! )Cn+1] G31)
£n+1

s (m+1)?
!+

1—
c? 5 c10glln1) -

Hence, there exists a different constant ¢ > 0 such that 77,1!:2}/ <en!+e log(1,+ 1)17,1:1” )
By induction, we conclude that there exist » > 0 and B > 0 such that

% n/2
N, < bexp (B (m) ) s (32)

and thus the rate of decay of ({,),cN, is faster than exponential.

Probability bounds for good paths. We now proceed to establish a bound on the last
summand Zﬁil ]P’x,y(B,(zx’y)) of (TMB). To do so we consider the original graph ¥.
Recall that B is the event that there exists a good path of length n between x and y.
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This can be bounded by the union of all possible good paths given by the vertices of the
Poisson point process, i.e.

Pyy(By*Y) = Pyy U o~xi~~x~x ],

D. S PN xn_le%
(X0,..-,Xn) good

where X = Xq,y = X, U"é denotes the union across all possible sets of pairwise distinct
vertices Xo, . . . , X, of the Poisson process. By Mecke’s equation the right-hand side can
be bounded from above by

/dX] /dx\_”J /dxnfl Px,xh‘..,xn_],y{x ~X| e~ Xl YY)

RYx(¢1,1] RY x(zm, R % (¢1,1]

The following lemma reduces this bound to a non-spatial problem for paths of “reason-
able” length which only depends on the marks of X1, . .., X,,—1 but not on their location.
This allows us to use a similar strategy as the one used by Dereich et al. [11], where
lower bounds for the typical distance of non-spatial preferential attachment models are
established.

Lemma 2.6. For given vertices X = (x, 1) andy = (y, s), let A < ¢, |x — y| for some
1 > & > 0andc, > 0. Then, there exist constants a > 0 and k > 0 such that, for
n < A, we have

e
®dxipx,xh‘..,xn,1,y{x ~X| e~ Xy Y
Rdy—1 =1
n
<lx—y™ H&(tkfl At) Y (g V1) L,
k=1

where ty = t resp. t, = s are the marks of X resp.y andx; = (xi, tj)fori =1,...,n—1.

Remark 2.1. The constants a and ¥ of Lemma 2.6 depend on the choice of ¢ and c,. But
for A = O(log |x — y|), for any € > 0 there exists a ¢ > 0, such that, for |x — y| large
enough, we have A < ¢, |[x — y|€. Thus, if |x — y]| is large enough, the choice of a and
k does not depend on |x — y|.

Proof. Let {x,X1,...,X,—1,y} be a set of given vertices. By Assumption 1.1 we have

n—1

® dxipx,xl,...,xnfl,y{x ~X]~ e~ X1 Y}
Rdy—1 =1

n—1

) dx; H U A G v ) T ki — xil?).

(Rd)n—l i=1 i=l
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As n < c¢¢|x — y|¢, no matter the choice of vertices, there must exist at least one

edge between two vertices Xx—1 = (xx—1, fx—1) and Xy = (xi, tx) with |xg_1 — xx| >
N Ulx — y|'=¢. Hence, the expression above can be further bounded by

n—1 n—1
> Q) dxip(c; e Pty A1) (tmy v 1) [x = 07

kZI(Rd)n—l i=l

n
~1/s - d
< [Toe™"P i At i v i)' ™ Ixics — xil?)
i=1

i#k
.
<Y (e P AR (1 v i)' T [ — y407)
n

X Hlp(li—l AT G V)T
i=1
i#k
where the last inequality is achieved by integration over the location of the vertices. We
choose Kk > 2c§/<1/‘S Vv 21,. Since § > 1, the term

—d,—1/8 1- d(1—
ples k™o (toy A )Y (it v 1) x =y
can be bounded by chl/‘s(tk_l ATV (tr—1 Vi)Y 7V |x — y| 7907 and therefore there
exists a constant @ > 0 such that we have

n—1

®dxiPX,x1,...,x,,_|,y{X ~X| e~ Xy YY)

(Rd)n—1 i=l1
n

—aTT = - -1
<l =y [[Rta A ) (e v i)™

k=1
O
By Remark 2.1, with Lemma 2.6 and Fubini’s theorem we obtain
Pyy(BYY) < |x — /dtl / dryy) - /drn | ]_[K(tk PAG) T (e Vi)Y
ey, k=1
where X = (x, tp) and y = (y, t,). We define,
Vy(s) = /dn f Aty 1&(tn—1 AS) TV (tgy V )77

£ ln—1

n—1

[T A e v )7 (33)

k=1
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and set vy (s) = o(t — 5). Then, the inequality above can be rewritten as

1

PX,Y(B,(,X’Y)) <|lx—yl™ / dsv’L‘%J(s)vZ_L%J(s).
by

Note that as defined, v} (s) can be written recursively as

1

V¥ (s) = / du v¥_ R A )7 (u v s)’ 7L (34)
Ln—1

This allows us to establish an upper bound for v} (s) analogous to the non-spatial case
in [11]. The following lemma is a corollary of [11, Lemma 1].

Lemma 2.7. Let (£,),en be a given non-increasing sequence and v} (s) be as defined
in (33), where x = (x,t) and s € (0, 1). Then, there exists a constant ¢ > 0 such that,
foralln € N,

VX(8) < ps ™7 + Bus? T, (35)
where

Upy] = c(an log (é) + /3,,)

36
Brer = clant' ™" + flog (1)) e

and oy = k17", By =kt
Proof. Forn = 1, we have by (33) that

Vi (s)

=REAs)V(@vs) = H{SS,}Es_yty_l + 1{S>,}Et_ysy_l <apsV +Bis? L
Assume (35) holds for n € N. Then, by (34), we have that

V1}1(+1 (s)
1 1

= /duv,’f(u)i?(u AS) Vvl < /duv;‘l(u)i? (s_VuV_l +u_ys7’_l)
Ly Ly
1 1

<iks™7 / du (a,,Lfl + ﬂnuzyﬂ) +is? ! /du (otnufz” + ,Bnufl)

Zn En

1 1 _
<iks™7 (oen log (é) + By 5 = 1) +Rs? ! (an v 1£,1, 2y + B log (%))

- -1
< o1+ Burrs? T

Hence, by induction (35) holds for all n € N. |
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Although Lemma 2.7 holds for an arbitrary sequence (£,,),cN, recall that we have chosen
(€n)nen such that (30) holds. This implies by (31) that there exists a constant ¢; > 0
such that

v/8(1=y)

N2 = C1Np for all n € Ny, 37

where 71, = Z;l as before. Additionally, notice that («;),en and (B;)nen are non-
decreasing sequences. By Lemma 2.7, we have that

2A N

(x,y) —a X y
3 Pey(BEY) < [x -y Z/dva%J(S)vn_L%J(S)
n=1 n=1KL”

2
<2x—yI” “Z/ds s + us? )

n= 1(3,,

4 A
— 2,1-2
<5kl “;anzn 7+

It follows from the definition of (c;),en and (B;)nen that B, < ¢ L,y and

Bn < C(aneliizy +ay log (g_ln)),

where the second summand on the right-hand side is bounded by a multiple of the first.

Therefore, there exists a constant ¢ > 0 such that /33 < 6‘2()(2 E 2 . This and the

n+l1"n+1
monotonicity of the sequences (o;,),eN and (€,),eN gives that

28 o) 5
1
D Pry(BY) < 51 |“Zan+1€n+ﬂ- (38)

n=1 n=1

Recall that the sequence (Cy,),en from Lemma 2.5 is defined as

Cpanr = 27770, 4 clog (ﬁ) Coit

withC| = cﬁg_l and C, = szay/é +c log(%)Cl . We compare this sequence to (et ) neN
in order to bound (38) further. By writing «,,4+> in terms of «,, and §,, we have that

sz = ¢ (a3 +log(5 o) log()) + B (log(7) +log())

As all summands on the right-hand side are bounded by a multiple of an@,ll_zy log(1/€,+1)
and log(1/4,+1) is smaller than a multiple of log(1/¢,,), there exists a constant c3 such
that a0 < C3ozn£,lfzy log(1/¢,). To compare (ot;)nen and (Cy)yen, notice that, up to
a constant, o1 and oy are equal to Cy and C. Moreover

1-2y 1
Unsa _ c3l, 7 log (@,,)Oén _ C_3EZ/8_V log (L) I
Chi2 — ngrlz—y—y/ﬁcn c2 Ly C,
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Applying this inequality recursively and expressing «,+» we obtain that for some c4 > 0

r1-1
oy < Cy [ st log (ﬁ) forall n € N.
i=1

n—2i
Hence, we have

ro-1

2

2
2 =2y 2 =2y 2,2(y/5=y) 1
an+lzn+1 SCn+lgn+l l_[ C4£n+l—2i 10g Cpr1—2i

i=1

n+l ntl 1

2 [FH1-1 i 2 1T _ i 2
3e(1—y) 1 20y A=n)/y) Yo =) /¥) 5 1
= (7.[2(n+1)2) £n+lzn+1 € ! C4 lo [ ’

i=1
where the second inequality follows by (30) and (37). Observe that, as MV;”) <1,
the series Y ., (§(1 — )/ ¥) converges. Hence, there exists a constant which is larger
than ¢ to the power le:l (8(1 — y)/y)! forany i € Nand a constant cs > 0 such that

retly—1 i
/=) i GA=n/v)
n+l

—cs
n+l-

£

<{

Furthermore since we have established that n,, is of the order displayed in (32) it follows
directly that the left-hand side multiplied with the product above can also be bounded
by ¢, for any sufficiently large constant cs > 0. Hence, there exists a further constant

n+l
4(+cp) 2,12y cg p—(l+cs)
¢6 > O such that 5= e, 16, " < (n+1)46n+1

. Therefore, we have by using (32)
once more that

2A
(x,y) €6 —a p—(l+cs)
Z]Px,y(Bn ) < m [x — [ sy

n=I
< b exp (B res) (- )AZI
= (A+ 1)3 X y exp C5 6(1 —7/) .

Let D > Osuchthat B(1+¢s5)(y/(8(1—y)))' 2" < aandchoose A < gl _p.

Then the above expression is of order O(loglog |x — y|~2). Hence, for our choice of A,
we have

Pyyld(x,y) =24} < e+ 0 (logloglx — ¥ 7).

which implies the stated lower bound of Theorem 1.1(b).
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2.3. The non-ultrasmall regime. In this section we consider the case y < 8% and show
that the graph is not ultrasmall, i.e. the chemical distance in the graph is not of double
logarithmic order of the Euclidean distance. In particular, we show the following.

Proposition 2.1. Let 4 be a geometric random graph which satisfies Assumption 1.1
forsome§ > 1and(0 <y < 8%. Then, for any p > 1, there exists ¢ > 0 such that, for

X,y € RY x (0, 1), we have

log [x — y|

dx,y) > c—— "
(loglog |x — y])?

under Py y with high probability as |x — y| — oo.

The proof is structurally analogous to the ultrasmall case, but significantly easier due
to the simpler nature of the dominating strategy. As in Sect. 2.2, we bound the probabili-
ties in (TMB) using a suitable truncation sequence (£,),¢nN, such that the probability that
bad paths starting in a vertex x exist can be made arbitrarily small. In this case, however,
the truncation sequence decreases only exponentially. Similarly to the ultrasmall case,
we construct a graph & which contains a copy of ¢ and additionally an edge is added
between two vertices x = (x,¢) andy = (y, s) of < whenever

Ix —yl4 <&@t As) V(@ vs) L

Unlike done previously in Sect. 2.2, we assign no conductance to any edge in G and
therefore only consider the lengths of paths. We declare a self-avoiding path P =

(X0, ..., X,) in 7 step minimizing if there exists no edge between x; and x; for all 7, j
with |i — j| > 2 and denote by AX the event that there exists a step minimizing path

starting in X of length n in &, where the final vertex is the first vertex which has a mark
smaller than the corresponding ¢,,. Then the first two summands of the right-hand side

of (TMB) can be bounded from above by Z,?: 1 Px( ~,(1X)) and ZnAzl }P’y(AE,Y)), since for

any path implying the event Ai,x) there exists a step minimizing path in & of smaller or
equal length which also fails to be good on its last vertex.

To bound these probabilities, we define the random variable N (x,y, n) as the num-
ber of distinct step minimizing paths between x and y of length n, whose vertices
x1,8), ... (xp—1, ty—y) fulfill t > €g,t; > £1,...,t,—1 > £,_1 and which all have a
larger mark than y. By Mecke’s equation we have that

Py(/{f,”) 5/ dyExyN(x,y,n), for neN.
R % (0,£,]

As before, the paths counted in N (X, y, n) can be decomposed such that (19) holds, where
K (x,y, k) is the number of step minimizing paths between x and y of length k such that
the vertices X1, ..., Xx—1 between them have marks larger than x and y. We again refer
to such vertices as connectors. Note that if |x — y|d < k8@ A )TV (v s)Y L there
exists no step minimizing paths of length larger or equal two between x and y. Hence,
we have N(x,y,n) = K(x,y,n) = 0 for n > 2 under this assumption.

We now bound the expectation of K (X, y, k). As in Sect. 2.2, we define a mapping

ex : (RY x (0,1)% x N = [0, 00),
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where eg (X, y, 1) = p(k V3t As)Y (1 v s)' 7 |x — y|), forx,y € R? x (0, 1] and

ex(X,y,k) =
k—1
> / dzeg (x,z,i)ex(z,y. k —i), for k>2,x,yeR?x (0,1],

i=l R x (tVs,1]
if [x — y|d > k3t As)7Y(t v 5)? ! and otherwise ex (X, y, k) = 0. As before we use

a binary tree to classify the connection strategies and use this together with Assump-
tion 1.1 to obtain Ex yK (X, y, k) < ex(X,y, k), fork € N.

Lemma 2.8. Let x = (x,1),y = (y,s) be vertices with |x — yld > k3@t A s)TY
(t v 5)Y L. Then there exists C > 1 such that, for k > 2, we have

ex (X, 5, k) < CK et As) 70 v )T | x — 90

Proof. By [19, Lemma 2.2] there exists a constant C > 1 such that if |x — y¢ >
k3t A s) V(¢ v s)? ! we have

ex(x,y,2) < f dzp (V37 u = x — 21 ) p 70T Ul Y |y — 219)
R x(tvs,1] (39)

<Cik(t As) V(v )V D8 |x =y
We now show by induction that
ek (X,y, k) < Cattk — DC* et As) V(1 v s) VD8 |x — 90 (40)

holds forall ¥ > 2. This s sufficient, since Cat(k) < 4k Fork = 2 this follows from (39).
Let k > 3 and assume (40) holds forall j = 2,...,k—1.For |x — y|? > k3t As)Y
(t v 5)Y ! this, together with the definition of ex (X, y, k), yields

k—1
ex(x.y. k) <Y Cat(i — 1) Cat(k —i — 1)C*?
i=1

X / dz p(c V2 u 7 |x — 21D p (Vo5 U Y 1y — 219).
R x(tvs,1]

With (39) the right-hand side can be further bounded by

k—1
Y Cati — 1) Cat(k —i — DC* et As) 72 v )T x -y 70

i=1

As Y ¥Z! Cat(i — 1) Cat(k — i — 1) = Cat(k — 1) we get that (40) holds for k. O
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Probability bounds for bad paths Using Lemma 2.8 and (19) we find a suitable upper
bound for fRd ExyN(x,y,n)dy, withy = (y, s), which leads to a bound for Py (AY).
Recall that by (19) we have, forn € N,

n—1
N(X7Y7n)§K(X7Y5n)+Z Z N(szan_k)K(Zv}I’k)’
k=1 z=(z,u)

t>u>4L, Vs

As in Sect. 2.2, to establish an upper bound on Eyx y N (X, y, n), we define a mapping
en: R x (0,11)* x N — [0, 00),

by setting ey (X,y, 1) = ok~ A (V)Y |x — yld), forx,y € R? x (0, 1],
andforn > 2if |x — y|¢ > k0@t As)"V(t v s)Y ! we set ey (X, y, n) to be

n—1
eg(X,y,n) + Z / dzey (x,2z,n — k)ex (z,y,k), for x,y € R x (0, 1],
=R s (0, gvs, 1]
(41)

and otherwise ey (X,y,n) = 0. As in Sect. 2.2 we have Ex yN(X,y,n) < en(X,y, n),
for n € N. Thus, for a given vertex X = (x,7) and n € N, an upper bound of
fRd dyEx yN(x,y, n) is given by the mapping w1}, : (0, t] — [0, oo) defined by

U (8) :=f dyen(x,y,n), for se(0,1], (42)
R4

where y = (y, 5). We interpret s as the mark of the last vertex of a path counted by the
random variable N (x,y, n). With I, = f dxp (k~V/8 |x|d) we can see by the definition
of ey(x,y, 1) that uf(s) < Ips_VtV_1 for s € (0, ¢t] and for n > 2 it follows by a short
calculation and Lemma 2.8 that

n—1 !

pX(s) < I, lsTrer Ty Z 1,515y / dup®_ u?~" for s € (0,1],
k=1 Ln—k

where C > 1 is the constant from Lemma 2.8. To establish a bound for u} no further
assumptions on the truncation sequence (£, ),cN, are necessary. As discussed in Sect. 2.1
we will see that the major contribution to the mass of 1 (s) comes from the paths where
the two most powerful vertices are connected directly and not via one or more connectors.
This is indicated by the definition of the sequence (C,),en, and the inequality (44) in
the proof of the following lemma.

Lemma 2.9. Let x = (x, t) be a given vertex and let the sequence (£,)necN, be mono-
tonically decreasing with £y <t A % Then, there exists ¢ > 0 such that, forn € N,

Un(s) < Cus™7 for s € (0,1], (43)

where C1 = c(ig_l and Cpy1 = clog(é)Cn.



Chemical Distance in Geometric Random Graphs 897

Proof. We choose the constant ¢ > 2(C V I,,), where C is as in Lemma 2.8. Then by
definition of u} we have uj(s) = ps_Vt”_1 < cs‘yégfl = Cys~ YV fors € (0, t]. Let
n > 2 and assume that (43) holds for all 7 < n — 1. Then, by (43),

t

n—1
Un(s) = IpC”*lsﬂ’tV*1 + ZIka71s7V / duuflfk(u)uyfl

k=1 lt
n—1
= s (C T Y Cui €M log (717))
k=1
‘We now want to show that
n—1
e Y ok og (ﬁ) <2log (ﬁ) Co1. (44)

k=1

since assuming this leads to pX(s) < 21, log(g )Ch—157V < clog( )Cn 1877
= Cps~7, which completes the proof. By deﬁmtlon of the constants C,, We have that

n—1
1
C"lg T+ ) CukC og(g) < log()Cut + 5 ch 2Coiet.
k=1 k 2

As log(é) > 1, for all n € Ny, we have Cp,41 > ¢C, by definition of (Cy),en,, and
using that ¢ > 2C, the right-hand side can be further bounded by

n
log (75)Cuct + > (1) 2Cumin < 2l0g (1) Cac,
k=2

which shows (44). O

Now we bound the probability of the event Aff), i.e. the event that there exists a path
of length n, where the last vertex is the only vertex which has a mark smaller than its
truncation bound ¢,,. As in Sect. 2.2, Mecke’s equation yields

Z}l
A (xX) X 1
P(A,Y) < dyEx yN(x,y,n) < | dsp,(s) < 1

677 C,

R4 x(0,£,] 0

where we have used Fubini’s theorem in the second inequality and Lemma 2.9 in the
third one. With £y <t A % we choose the sequence (¢,,),en for € > 0, such that

1 C 1 -y
T “n i
1-— T n2p?

and get P(A,SX)) < %. From the recursive definition of the sequence (C,) we obtain a
recursive representation of (£,),en,. Let n, := E;l for n € Ny, then

2 1 2 2 1 2 1
Ml = TS C Ly = TR (Clog(n,)C) = EE clog (e, -
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Hence, there exists a new constant ¢ > 0 such that n;ly < clog(nnﬂ)ni;ly and by
induction we get that for any p > 1 there exists B > 1 large enough such that

nn S Bnlogp(n+1)' (45)

Probability bounds for good paths We now consider the existence of good paths between
two given vertices x and y. We focus on the case y € (2 3 +1) as the cases y = and

y < é follow with analogous or simpler arguments. As before we restrict the event
By to the existence of a step minimizing good path of length n connecting x and y
in G. Deviating a bit from the method of Sect. 2.2 we relax the definition of B} by
defining B,y as the event that there exists a step minimizing path between x and y in g
where the most powerful vertex of the path has a mark larger than ZL% |- Then the term
S22 Py y(BYY) in (TMB) can be replaced by Y22, Py y(By'Y).

We characterize the paths used in By by their powerful vertices, as done for regular

paths in [19]. A vertex x; of a path (Xo, ..., X;,) is powerful if t; > t; for all i =
0,....,k—1lorift; >t foralli = k+1,...,n. Note that by definition the vertices
x = Xg and y = x,, are always powerful. The indices of the powerful vertices are a subset
of {0, ..., n} which we denote by {ig, i1, ..., im—1,im}, where m + 1 is the number of
powerful vertices in a path and igp = 0, i,, = n. As the most powerful vertex of a good
path fulfils the assumption above, there exists a k € {0, ..., m} such that x;, is the most

powerful vertex of the path. We decompose the good paths at the powerful vertices first
and then proceed to decompose the path between powerful vertices x;; and x;; , in the
same way as done for the random variable K (x; i Xijsd ij —ij_1) in Sect. 2. 2 Using
Mecke’s equation, we get

n m m—1
Py (BO) < ) / Rax, Y ]‘[eK(x,,l,x,j,'; i)

m=1 k:O(R"x(O 11 j=l1 {ll aim-1} Jj=

n—1}
to>-->1>L
0> >l > L%J

<<ty

n n—1 m m—1
D (Y ) SR B <
m=1 = (Rdx(o 1] )m 1 j= 1
to>-- >tk>KLnJ

T <<y

m

—1/s
l_[,o( Pt A (-1 V1)) V|x,—x,,1|)
j=1

Then, following the same arguments as in the proof of Lemma 2.6, there exists a > 0
and k¥ > 0 such that IP’X,y(E,(,X’y)) is bounded by

n m m—1 m
_ n—1 e — _ _
[x — | “ E (m_1>C" mem ! E / ®dtj l_[(tjfl/\tj) V(tjfl\/tj)y l.
m=1 k=0

to>-->tx>L n
0 k=515

© ”m—l j=1 j=1

I <<ty
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By a simple calculation! the sum over k on the right-hand side can be bounded by a
constant multiple of

—1 1-2y m—=2 (p—1 _ _ _
mZ m—2\¢1) log (e\_%]) +2€Ollogm Hegh
k—1 m—2)! m—1)!

k=1

Since ZZ;I (’Z__lz) < 2"=2 and the second summand can be bounded by a multiple of

the first, there exists a constant ¢; > 0 such that ]P’X’y(é,(,x’w) is bounded by

1-2y m—2¢p—1 \om—2
n £ 1ogm 27 )2
1 n g n
crlx—y™ E (n )Cn_m/?m_l 3] 3]

- — |
U (m —2)!
$ - _1\ n+2 m721 p(m—=2) n+2
<clx—y™) n =1\ cnemgm—1 g @y 14 logr(252) """ log (5 )’
m—1 (m —2)!

m=1

where we have used (45) for the second inequality and denoted (—1)! = 1 and ¥ might
have changed between the steps. Since

nm=2 logp(m—Z)(%) nn—2 logp(n—Z)(%)
<
(m —2)! = n—2)!

forallm=1,...,nand ) _, ("r’l__ll) < 2" there exists a constant ¢c; > 2(C V k) such

that the right-hand side above can be further bounded by

Qy—-D% logl’<%) n"2 log/’(”—z)(%)
(n —2)!

cilx =y 3B

.. n—2 .
By Stirling’s formula we have that h < ¢". Hence, there exists ¢3 > 0 such that

S 5(5.Y) e g p-Dloglog(%2) p@y—14 log? (2)

pr,y(Bn’ ) <cilx—y| 2636 */B : :

n=1 n=1
< |x _ y|—a ZAC%AEP(ZA_Z) log 10g(A+1)B(2y—1)AlogP(A+l)‘

We can see that B(2Y —DAlog”(A+D) qominates the right-hand side in the sense that there

exist constants ¢4, ¢s > 0 such that

2A
pr,y(ér(zx’y)) <cglx—yl™¢ BCsAlogl (A+])
n=1
= cqexp (cs log(B)Alog? (A + 1) — log(lx — y[)).
We now set

log(lx — y|*) 3
~ cslog(B)(loglog(|x — y[*)?

1 For details see the proof of [19, Lemma 2.5], which differs from this calculation only in the fact that the
mark of the first and last vertex of a path is fixed in our setting.



900 P. Gracar, A. Grauer, P. Morters

Then, we have that
cslog(B)Alog” (A + 1) — log(lx — y|*)

log log log(Jx—yl*
< log(lx — y|*)(1 — ZREREREEEAEN P —tog(lx — y1%).
A second order Taylor expansion shows that the right-hand side converges to —oo as
|x — y| — oo. Hence, for such a choice of A, we have Px y{d(x,y) < 2A} < e+o0(1)
which implies the statement of Proposition 2.1.

3. Proof of the Upper Bound for the Chemical Distance

To prove the upper bound for the chemical distance, we show the following proposition.

Proposition 3.1. Suppose Assumption 1.2 holds for y > BL

= Then for any vertex x
there exists a path with no more than
loglog |x|
(o), =5
0g (3(17;/))

vertices connecting 0 and X, with high probability under Po x( - | 0 <> X) as |x| — oc.

To prove this result, we rely on a strategy introduced in [24]. Since the vertices of ¢
are given by the points of a Poisson process, the most powerful vertex inside a box
with volume of order |x|¢ around the midpoint between 0 and x typically has a mark
smaller than |x|~¢ log |x|. Hence, it is sufficient to construct a short enough path from
0 resp. x to this most powerful vertex inside the box. Here, as in Sect. 2.1, the typical
connection type between two powerful vertices is crucial. For y > % we expect two
powerful vertices to be connected via a vertex with larger mark, which we again call a
connector. In fact, the following lemma shows that for a powerful vertex with mark ¢
and a suitable vertex with a sufficiently smaller mark, the probability that there exist no
connector which neighbours each of the two vertices is decaying exponentially fast as
the mark ¢ gets small. This is a corollary of [24] and follows with the same calculations
as in [19, Lemma 3.1]. We now fix for the rest of the section

_r Y
o] € (1, 8(1—;/)) and ap € (0[1, 3 (1 +a15)) ,
noting that our assumptions ensure that the intervals are nonempty.
Lemma 3.1. There exists ¢ > 0 such that for two given vertices X = (x,t),y = (y,§) €
X witht,s < JT, s <t“Yand |x — y|d < t7% we have

Py y{x 3 y}=1—exp(— Ct(azfmy)éfy)_

Proof. We only consider connectors z = (z, u) with u > % and |x — z| < 174, Then,
by the thinning theorem [27, Theorem 5.2] and Assumption 1.2 the number of such
connectors is Poisson distributed with its mean bounded from below by

1
/ / 2oV P57 |y — 21 dzdu
% B,—y/d (x)

2 . —1/8
@ p K )t,

> > Vol VosY (177 4 x — y?),
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where p(x) := 1 A x~? as in the previous section. As |x — yld <t™™ and s < ¥
this can be bounded from below by ¢t (@2 ~®17)=Y where ¢ = (a2 p (k18— @o+1)y o
(@?p(c1%)/2). O

We now look into a box H(x) = % +[=21x|,2|x[]¢ and introduce a hierarchy of
layers L1 C Ly C --- C X N H(x) x (0, 1) of vertices inside the box containing 0
and x. While the layer L; only contains vertices with very small mark, vertices with
larger and larger marks are included in layers with larger index. More precisely, as in
[24] we set

Le =X 0 H(x) x (0, (4]x)~4 "]
and
K =min{k = 1: @[x)™" = (og@|x)H) ™"} -1,

where n = (y — (g — @1¥)6) A (@2 — 1) > 0. As the vertex set X' is a Poisson
process, by Lemma 3.1 for a given vertex in layer Ly there exists with high probability
a suitable vertex in layer Lj such that both vertices are connected via a connector with
high probability. As in [24,26] we can use an estimate as in Lemma 3.1 to see that
a vertex in L is either the most powerful vertex in the box or connected to it via a
connector, with high probability as |x| — oco. Hence we get that diam(Lg) < 4K.

Since K is of order (1 + o(l))lﬂgolg%ll”, to finish the proof it suffices to show that
the vertices 0 and x are connected to the layer Lk in fewer than o(loglog |x|) steps.
To do so, we first show that 0 (resp. x) is connected to a vertex with sufficiently small
mark and within distance smaller than |x| in finitely many steps. Then, we show that
this vertex is connected to a vertex of Lk in o(loglog |x|) steps. To keep the existence
of these two paths sufficiently independent we rely on a sprinkling argument. For b < 1
we assign independently to each vertex in X the color black with probability b and red
with probability » = 1 — b. Then, we denote by ¢¥? the graph induced by restricting ¢
to the black vertices and the edges between them. In the same way we define ¢” for the
black vertices. Note that ¢” U %" is a subgraph of &.

We use the black vertices to ensure the existence of the first part of the path in %°.
Thus, we define for 0 (and similarly for x) the event E b (D, s, v) that there exists a black
vertex z with mark smaller than s and within distance shorter than v such that there exists
apathin ¥ b of length smaller D between 0 and z. Then, given z, we use the red vertices
to show that z is connected to the layer L g in sufficiently few steps. We denote by L; the
restriction of Ly to its red vertices. Observe that we still have diam(L}() <4Kin¥9", as
Lemma 3.1 restricted to 4" also holds if the constant ¢ is multiplied by r. We define F
to be the event that z is connected by a path of length smaller than o(loglog |x|) to L
in 4”. Note that the event 0 <> x implies that with high probability 0 and x are part of
the unique infinite component K, of ¢, since P x({0 <> x}\{0, x € K}) converges
to zero as |x| — oo. This is a consequence of the uniqueness of the infinite component
Koo as {0 < x}\{0, x € K} implies that 0 and x are part of the same finite component
whose asymptotic proportion of vertices is zero. Thus, to prove Proposition 3.1 it is
sufficient to show that for any s > 0 there exists a almost surely finite random variable
D(s) such that

lim lim inf lim inf Py ({0 e KL} N EY(D(s), s, x]) N F) >0
b/1 sN\O [|x|]>o0
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where 6 is the asymptotic proportion of vertices in the infinite component of 4 and K é’o
is the infinite component of ¥”. Note that, as y > 5% , the critical percolation parameter
of the graph ¢ is 0 by [19], and therefore K f)’o exists and is unique. Now the probability

above can be bounded from below by
Py ({0 e KL} NEY(D(s), s, |x]) N F)
> Pol0 € KL} —Po ({0 € KLNE (DGs). 5. 1x)) = Po (E(D(s). 5. [¥D\F)
= Po{0 € KL} — Py ({0 € KLNE"(D(s). 5. Ix]))

—Ey [(1 - PZ(F|gb))1Eb(D(A'),A\|X|)] :

We show in the following two lemmas that the last two terms converge to 0 as s — 0
and |x| — oo as in [24], which yields

lim inf lim inf P ({0 € KLY N EY(D(s), s, x]) N F) > 6,

SN0 [x]—>o00

where 0, is the asymptotic proportion of vertices in the infinite component of 4”. As in
[26, Proposition 7] it can be shown that the percolation probability 6 is continuous in
b such that 8, converges to 6 as b 7 1, which completes the proof.

Lemma 3.2. Let b, s > 0. Then, there exists an almost surely finite random variable
D(s) such that

lim Py ({0 e KL \EP(D(s), s, |x|)) —0.

[x]—00
Proof. LetE b (D, 5) be the event that there exists a black vertex z with mark smaller than
s which is connected to 0 in less than D steps. If 0 € K go there exists a path connecting
to at least one black vertex with mark smaller than s. This follows from the results in [19]
where it is shown that vertices with arbitrarily small mark are contained in the infinite
component K go. In fact, the random variable Dy, = min{D : the event E b (D, s) occurs}
is finite. Hence, if |x| is large enough, EY(Ds, s, |x |) occurs if 0 € Kgo and thus
lim|y |00 Po ({0 € KENEP(D(s), s, |x])) = 0. O

Lemma 3.3. Let b > 0 and, on E(D(s), s, |x|), denote by z the black vertex (x, ty)
with ty < s within graph distance D(s) from 0 in @b which minimizes |xo|. Then,

Jim lim sup Ey [(1 - ]P>Z(F|%b))1Eb(D(S),S,m)] —0.
[x]—00

Proof. Starting in z = (xg, fo) we want to find a red vertex x; = (x1,7;) € X N
H(x) x (0, 1) with |xo — x1|¢ < 1, and #; < £ which is connected to z via one
connector. Since |xg| < |x|, we have that xo € H(x). Note that the volume of the
intersection of H (x) and the ball Bt—az 44 (X0) 1S a positive proportion of the ball volume.

Hence, there exists ¢ > 0 such that the number of red vertices inside the box H (x)
with |xg — x1 Id <t “andf < tg ! is Poisson-distributed with parameter larger than

criy'~** and thus the probability that such a vertex does not exist is bounded by

p1 = exp(—criy' ") +exp (— crtéaz_aly)’s_y),
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where the second summand is a consequence of Lemma 3.1 restricted to ¢". Repeating
this strategy, the same arguments yield that for a vertex x; 1 = (x;—1, ;1) the prob-
ability that there does not exist a connection to a red vertex X; = (x;, ¢;) inside H (x)

. ) 4 —ay . a) -
with |x.,_1 — x.,| =t and t; < 12 1s bounded by

(az—aly)5—y)

ol—«o
pj = exp(—cri; ) +exp(— crt;

Asn=(y — (a2 —a1y)d) Aoz —ay)andt; < t?il, the right-hand side can be further
7raj71
bounded such that p; < 2 exp(—ct, Y Applying a union bound, the probability of
failing to reach L, from z is bounded by

o0
j—1
ZZexp ( — s )
j=1

which converges to 0 as s ~\ 0, as shown in [24, Lemma A4]. As t; < t(‘)’ j, it takes at
most O (logloglog |x|) iterations of this strategy to arrive to a red vertex inside H (x)

with mark smaller than (log |x I)_’fl . This completes the proof. |
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A. Further Calculations for the Ultrasmall Regime

Lemma A.1. Let x, y € R t,5s€(0,11and £ > Owith€ <t Vs. Fory > %,

1
/ du/dzp(,(—l/styuy/a i — 2l ) e 57y — 2f4)
tvs  Rd

< VTV AT v )T |x — y| 7D,

2d8+11
L-v1

where ¢ = m .
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Proof. Assume t < s, then we have

1
/du /dzp(,(—l/atyuy/s i — 2l ) (e 57y — 2J4)
s R4
1

< /du ,0(2_d1<_1/8t7’u7’/‘S |x — yld)/dz ,O(K_l/‘ssyuy/‘g ly — Zld)
4 R4

1
+/du /0(2_”1/<_1/5s)’14”/‘S lx — yld) / dz /O(K_l/‘styuy/‘S |x — Zld)
14 Rd
1 1
< Ipzdax[t_y‘ss_y |x — yl_d‘S / du u_y_y/5+/ dut™Vs7 7 |x — yl_d’s u_y_y/‘s]
4 14
1,248 1—y—y/8[ ,—ys — —ds | —y8,— —ds
_Wkﬂ V”/[Zysypc—yl +s577°%77 |x — y| ]
Ip2d5+l

= YT

)YV YTy | TEE

where we used for the first inequality that, for z € RY, either |x — z| or |y — z| is larger
than @ and for the third inequality that y > 58? implies y +y /8 — 1 > 0. O
Lemma A.2. Let x, y € RY t,s € 0, 1] andz{ >{>0witht <tVvs. Fory > %,

1
/ du / dz p(k o7 u? ¥ |x — 21 p (e~ VosV Ul Y |y — 219
tVvs R4

< Elog(l™ Mkt As) v s)TY Ix — y| 7D,

1p2d5+1

where ¢ = Do A=DAT

Proof. Since, for z € RY, either |x — z| or |y — z| is larger than ‘x?‘ , we have

1
/ du / dz p(c V37 u? P |x — 21D p e~V ul Y |y — 2|9)
Vs Rd
1
< fdu pQ U Py |x — y|?) / dzp P57 u! =7 1y — 2|7
14 R4
1
+ / du pQ~ 77 |1x — y|9) / dz p( V3 ur /% x — 7))
4 R4
1 1
< Ipzd%[r—yﬁs—y Ix — y|—d5/ duw "+ |x — y|—d5f du u—y/‘”(V—m].
L J2
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Asy > % and 6 > 1, we have —y /6 + (y — 1) > —1. Hence, the last expression can
be further bounded by

1,2% k[ log(e™ 77377 |x — y|7 4+ —(5_1)(yl+y/5_1)s—”t—y lx — y[7]
1 2d5+1 - - _ o
=< mlog(ﬂ Dt As) 70tV s) T |x — )l @
since log(£~1) > 1. |
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