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Abstract

We consider sparse digraphs generated by the configuration model with given in-
degree and out-degree sequences. We establish that with high probability the cover
time is linear up to a poly-logarithmic correction. For a large class of degree sequences
we determine the exponent y > 1 of the logarithm and show that the cover time grows
as nlog” (n), where n is the number of vertices. The results are obtained by analysing
the extremal values of the stationary distribution of the digraph. In particular, we
show that the stationary distribution 7 is uniform up to a poly-logarithmic factor,
and that for a large class of degree sequences the minimal values of 7 have the form
% logl_y(n), while the maximal values of 7 behave as %logl_" (n) for some other
exponent ¥ € [0, 1]. In passing, we prove tight bounds on the diameter of the digraphs
and show that the latter coincides with the typical distance between two vertices.

Mathematics Subject Classification Primary 05C81 - 60J10 - 60C05; Secondary
60G42

1 Introduction

The problem of determining the cover time of a graph is a central one in combinatorics
and probability [3-5,18,19,21,26]. In recent years, the cover time of random graphs
has been extensively studied [1,14,16,17,20]. All these works consider undirected
graphs, with the notable exception of the paper [17] by Cooper and Frieze, where the
authors compute the cover time of directed Erd6s-Renyi random graphs in the regime
of strong connectivity, that is with a logarithmically diverging average degree. The
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main difficulty in the directed case is that, in contrast with the undirected case, the
graph’s stationary distribution is an unknown random variable.

In this paper we address the problem of determining the cover time of sparse random
digraphs with bounded degrees. More specifically, we consider random digraphs G
with given in- and out-degree sequences, generated via the configuration model. For
the sake of this introductory discussion let us look at the special case where all vertices
have either in-degree 2 and out-degree 3 or in-degree 3 and out-degree 2, with the two
types evenly represented in the vertex set V (G). We refer to this as the (2, 3) (3, 2) case.
With high probability G is strongly connected and we may ask how long the random
walk on G takes to cover all the nodes. The expectation of this quantity, maximized
over the initial point of the walk defines 7o, (G), the cover time of G. We will show
that with high probability as the number of vertices n tends to infinity one has

Teov(G) =< nlog” (n) (1.1

where y = igig ~ 1.58,and a, =< b, stands for C~! < a, /b, < C for some constant

C > 0. The constant y can be understood in connection with the statistics of the
extremal values of the stationary distribution = of G. Indeed, following the theory
developed by Cooper and Frieze, if the graphs satisfy suitable requirements, then the
problem of determining the cover time can be reformulated in terms of the control of
the minimal values of 7. In particular, we will see that the hitting time of a vertex
x € V(G) effectively behaves as an exponential random variable with parameter
m(x), and that to some extent these random variables are weakly dependent. This
supports the heuristic picture that represents the cover time as the expected value of
n independent exponential random variables, each with parameter 7 (x), x € V(G).
Controlling the stationary distribution is however a rather challenging task, especially
if the digraphs have bounded degrees.

Recently, Bordenave, Caputo and Salez [9] analyzed the mixing time of sparse
random digraphs with given degree sequences and their work provides some important
information on the distribution of the values of 7. In particular, in the (2, 3)(3, 2) case,
the empirical distribution of the values {nmw(x), x € V(G)} converges as n — 00 to
the probability law p on [0, co) of the random variable X given by

N
X=3> 7, (1.2)

k=1

where N is the random variable with N = 2 with probability % and N = 3 with
probability %, and the Z are independent and identically distributed mean-one random
variables uniquely determined by the recursive distributional equation

d
Zi= 5 ) Zis (1.3)
k=1

W

@ Springer



Stationary distribution and cover time of sparse directed...

where M is the random variable with M = 2 with probability 2/5 and M = 3 with

probability 3/5, independent of the Z;’s, and £ denotes equality in distribution.

This gives convergence of the distribution of the bulk values of 7, that is of the values
of r on the scale 1/n. What enters in the cover time analysis are however the extremal
values, notably the minimal ones, and thus what is needed is a local convergence result
towards the left tail of w, which cannot be extracted from the analysis in [9]. To obtain
a heuristic guess of the size of the minimal values of & at large but finite n one may
pretend that the values of nyr are n i.i.d. samples from . This would imply that py;p,
the minimal value of 7 is such that nmnin, ~ €(n) where ¢(n) is a sequence for which
nu([0, e(n)]) ~ 1, if w([0, x]) denotes the mass given by u to the interval [0, x].

Recursive distributional equations of the form (1.3) have been extensively studied,
and much is known about the law of random variables satisfying this type of stability
and self-similarity; see, e.g., [6,23-25,27] and references therein. In particular, the left
and right tail asymptotic of the law u defined by (1.2) and (1.3) can be obtained as a
special case of these results. For instance, it is shown in Liu [25, Theorem 2.5] that
the left tail of u must have the form

o

logu([0,x]) < —x~%, x— 0T,

where « = 1/(y — 1), with the coefficient y taking the value y = % in the
(2,3)(3, 2) case. Thus, returning to our heuristic reasoning, one has that the minimal
value of 7 should satisfy

NTmin =< log! ™" (n). (1.4)

Moreover, this argument also suggests that with high probability there should be at
least n? vertices x € V(G), for some constant B > 0, such that nw(x) is as small as
0 (log' 7 (n)).

A similar heuristic argument, this time based on the analysis of the right tail of u,
see [23,24] (in particular, see the first display in [24, p. 271]), predicts that wax, the
maximal value of 7, should satisfy

N max = loglf"(n), (1.5)

where « takes the value k = % ~ 0.63 in the (2, 3)(3, 2) case.

Our main results below will confirm these heuristic predictions. The proof involves
the analysis of the statistics of the in-neighbourhoods of a node. Roughly speaking, it
will be seen that the smallest values of 7 are achieved at vertices x € V(G) whose
in-neighbourhood at distance log, log  is a directed tree composed entirely of vertices
with in-degree 2 and out-degree 3, while the the maximal values of 7 are achieved at
x € V(G) whose in-neighbourhood at distance log; log n is a directed tree composed
entirely of vertices with in-degree 3 and out-degree 2. Once the results (1.4) and
(1.5) are established, the cover time asymptotic (1.1) will follow from an appropriate
implementation of the Cooper-Frieze approach.

We conclude this preliminary discussion by comparing our estimates (1.4) and (1.5)
with related results for different random graph models. The asymptotic of extremal
values of 7 has been determined in [17] for the directed Erdés-Renyi random graphs
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with logarithmically diverging average degree. There, the authors show that nmpi,
and nmmax are essentially of order 1, which can be interpreted as a concentration
property enforced by the divergence of the degrees. On the other hand, for uniformly
random out-regular digraphs, that is with constant out-degrees but random in-degrees,
the recent paper [2] shows that the stationary distribution restricted to the strongly
connected component satisfies nmwpip, = n=1toM)  where n is a computable constant,
and nwma = n°Y. Indeed, in this model in contrast with our setting one can have
in-neighborhoods made by long and thin filaments which determine a power law
deviation from uniformity.
We now turn to a more systematic exposition of our results.

1.1 Model and statement of results

Set [n] = {1, ..., n}, and for each integer n, fix two sequences dt = (dj)xe[n] and
T = (d; )xe[n] of positive integers such that

m_2d+ Zd_ (1.6)

The directed configuration model DCM(d¥) is the distribution of the random digraph
G with vertex set V(G) = [n] obtained by the following procedure: 1) equip each
node x with d; tails and d; heads; 2) pick uniformly at random one of the m! bijective
maps from the set of all tails into the set of all heads, call it w; 3) for all x, y € [n],
add a directed edge (x, y) every time a tail from x is mapped into a head from y
through w. The resulting digraph G may have self-loops and multiple edges, however
it is classical that by conditioning on the event that there are no multiple edges and
no self-loops G has the uniform distribution among simple digraphs with in degree
sequence d~ and out degree sequence d™.

Structural properties of digraphs obtained in this way have been studied in [13].
Here we consider the sparse case corresponding to bounded degree sequences and, in
order to avoid non irreducibility issues, we shall assume that all degrees are at least 2.
Thus, from now on it will always be assumed that

Sy =mindE>2 Ay= me[lxdi = 0(1). (1.7)

x€[n]

Under the first assumption it is known that DCM(d™) is strongly connected with high
probability. Under the second assumption, it is known that DCM(d*) has a uniformly
(in n) positive probability of having no self-loops nor multiple edges. In particular,
any property that holds with high probability for DCM(d*) will also hold with high
probability for a uniformly random simple digraph with degrees given by d~ and d™
respectively. Here and throughout the rest of the paper we say that a property holds
with high probability (w.h.p. for short) if the probability of the corresponding event
converges to 1 asn — oo.

The (directed) distance d(x, y) from x to y is the minimal number of edges that
need to be traversed to reach y from x. The diameter is the maximal distance between
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two distinct vertices, i.e.
diam(G) = maxd(x, y). (1.8)
xF#y

We begin by showing that the diameter diam(G) concentrates around the value
clogn within a O(loglogn) window, where c is given by ¢ = 1/logv and v is the
parameter defined by

1 n
=— ) d7dT. 1.9
v m;} : (1.9)

Theorem 1.1 Set d, = log, n. There exists &, = O (%) such that

P((1 — &) dy < diam(G) < (1 + &) dy) = 1 — o(1). (1.10)

Moreover, for any x, y € [n]
Pl —¢g,)de <d(x,y) <(14+¢,)de) =1—0(1). (1.11)

The proof of Theorem 1.1 is a directed version of a classical argument for undirected
graphs [8]. It requires controlling the size of in- and out-neighborhoods of a node,
which in turn follows ideas from [2] and [9]. The value d, = log,, n can be interpreted
as follows: both the in- and the out-neighborhood of a node are tree-like with average
branching given by v, so that their boundary at depth & has typically size 1", see
Lemma 2.10; if the in-neighborhood of y and the out-neighborhood of x are exposed
up to depth £, one finds that the value h = % log, (n) is critical for the formation of
an arc connecting the two neighborhoods.

In particular, Theorem 1.1 shows that w.h.p. the digraph is strongly connected, so

there exists a unique stationary distribution 7 characterized by the equation

() =Y A(MPy.x)., xelnl, (1.12)

y=I

with the normalization ) _, w(x) = 1. Here P is the transition matrix of the simple
random walk on G, namely

P(y,x) = m(;;rx)’ (1.13)
y

and we write m(y, x) for the multiplicity of the edge (y, x) in the digraph G. If the
sequences d* are such that df = d; forall x € [n], then the stationary distribution

is given by
+

d
T(x) = =, (1.14)
m
The digraph is called Eulerian in this case. In all other cases the stationary distribution

is a nontrivial random variable. To discuss our results on the extremal values of 7 it
is convenient to introduce the following notation.
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Definition 1.2 We say that a vertex x € [n] is of type (i, j), and write x € V; ;, if
(dy,df) =@, j). WecallC = C(d™) the set of all types that are present in the double
sequence d*, thatis C = (G, j) : Vi, j| > 0}. The assumption (1.7) implies that the
number of distinct types is bounded by a fixed constant C independent of n, that is
|C] < C. We say that the type (i, j) has linear size, if

timinf 2! 2 o, (1.15)

n—o0 n
We call £ C C the set of types with linear size, and define the parameters

_logAy ] log ¢ . log#t _ logdy

= ,  Y1:= max , k1= min . ko= .
logé_ (k,0)eL logk (k0 eL logk log A_
(1.16)

Yo !

Theorem 1.3 Set myin = minyep,] 7 (x). There exists a constant C > 0 such that
P (c—l log' ™" (1) < n7tmin < C log! ™" (n)) =1—o(). (1.17)

Moreover, there exists B > 0 such that

IP(EIS C [nl, |S| = n?, nmaxw(y) < Clog' ™" (n)) =1—o(1). (1.18)
ye

Notice that 9 > y; > 1. If the sequences d* are such that (5_, A}) € L, then
y0 = y1 =: y. This immediately implies the following

Corollary 1.4 [f the sequences d* are such that (5_, A4) € L, then
1
Tmin X —log Y (n)  w.h.p. (1.19)
n

Remark 1.5 If (5_, A+) ¢ L, then the estimate (1.17) can be strengthened by replacing
o with y where

, log Al , / :
Vo 1= oas Al i=max{l: (k,€) € Lo}, 6_:=minfk: (k,€) € Lo},
og s
(1.20)
and Lo C C is defined as the set of (k, £) € C such that
lim sup Vel _ Lo vaso. (1.21)
n—00 nl-a

We refer to Remark 3.9 below for additional details on this improvement.

Concerning the maximal values of = we establish the following estimates.

@ Springer



Stationary distribution and cover time of sparse directed...

Theorem 1.6 Set mmax = maxyc[,] 7 (x). There exists a constant C > 0 such that

P (C—l 10g! ¥ (1) < ntmax < log! ™ (n)> —1-o0(1). (1.22)

Moreover, there exists B > 0 such that

IF’(EIS c [nl, |S] = n®, nmin(y) > C og! (n)) =1-o0(). (1.23)
ye

Notice that kg < x1 < 1. If the sequences d* are such that (A_,84) € L, then
ko = k1 =: k, and we obtain the following

Corollary 1.7 If (A_,84) € L
- l 1—k
Tmax < — log " (n) w.h.p. (1.24)
n

Remark 1.8 In analogy with Remark (1.5), if (A_,584) ¢ L, then (1.22) can be
improved by replacing «o with x, where

;. log 8y r. iy r. .
kg i= logT’ 8, :=min{l : (k,£) € Lo}, A :=max{k: (k,£) € Lo},

(1.25)

We turn to a description of our results concerning the cover time. A central role here
will be played by both statements in Theorem 1.3. On the other hand the information
on max derived in Theorem 1.6 will not be essential, and the statement (1.23) will
never be used in our proof.

Let X;,t = 0,1,2,..., denote the simple random walk on the digraph G, that
is the Markov chain with transition matrix P defined in (1.13). Consider the hitting
times

Hy=inf{t >0: X; =y}, tcov = yné?;(] H,y. (1.26)

The cover time Tcoy = Teov(G) is defined by

Teoy = Eéax E [tcov], (1.27)

[n]
where E, denotes the expectation with respect to the law of the random walk (X;)
with initial point X( = x in a fixed realization of the digraph G. Let yy, y; be as in
Definition 1.2

Theorem 1.9 There exists a constant C > 0 such that

P (C_lnlogyl () < Teoy < cnlogVO(n)) —1—o(l). (1.28)
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Corollary 1.10 For sequences d* such that (5_, A) € L one has yo = yy = y and
Teov < nlog”(n), w.h.p. (1.29)

Remark 1.11 As in Remark 1.5, if (6_, Ay) ¢ L, then Theorem 1.9 can be strength-
ened by replacing yo with the constant y;j defined in (1.20).

Finally, we observe that when the sequences d* are Eulerian, that is d; = d_ for
all x € [n], then the estimates in Theorem 1.9 can be refined considerably, and one
obtains results that are at the same level of precision of those already established in
the case of random undirected graphs [1].

Theorem 1.12 Suppose d,” = dr = dy for every x € [n]. Call V4 the set of vertices
of degree d, and write d = m/n for the average degree. Assume

Val = note® (1.30)
for some constants ag € [0, 1], for each type d. Then,
Teov = (B +o(l))nlogn, w.h.p. (1.31)
where B := d maxy R

In particular, if all present types have linear size then oy € {0, 1} for all 4 and
(1.31) holds with 8 = d /8, where § = 8 is the minimum degree. In any case it is not
difficult to see that 8 > 1, since d is determined only by types with linear size. For
some general bounds on cover times of Eulerian graphs we refer to [7].

The rest of the paper is divided into three sections. The first is a collection of
preliminary structural facts about the directed configuration model. It also includes
the proof of Theorem 1.1. The second section is the core of the paper. There we
establish Theorem 1.3 and Theorem 1.6. The last section contains the proof of the
cover time results Theorem 1.9 and Theorem 1.12.

2 Neighborhoods and diameter

We start by recalling some simple facts about the directed configuration model.

2.1 Sequential generation

Each vertex x has d labeled heads and d;f labeled tails, and we call E and E;
the sets of heads and tails at x respectively. The uniform bijection w between heads
E~ = Uxem E; and tails ET = Uyc E, viewed as a matching, can be sampled
by iterating the following steps until there are no unmatched heads left:

1) pick an unmatched head f € E~ according to some priority rule;
2) pick an unmatched tail e € E™ uniformly at random;
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3) match f with e, i.e. set w(f) = e, and call ef the resulting edge.

This gives the desired uniform distribution over matchings w : E~ +— E™ regardless
of the priority rule chosen at step 1. The digraph G is obtained by adding a directed
edge (x, y) whenever f € E" and e € E in step 3 above.

2.2 In-neighborhoods and out-neighborhoods
We will use the notation
§ =min{d_, 5}, A =max{A_, AL} 2.1

For any i € N, the h-in-neighborhood of a vertex y, denoted B, (y), is the digraph
defined as the union of all directed paths of length £ < & in G which terminate at
vertex y. In the sequel a path is always understood as a sequence of directed edges
(e1 f1, ..., exfr)suchthatvy, = v, foralli =1, ..., k—1,and we use the notation
v, (resp. v ) for the vertex x such that e € E} (resp. f € E).

To generate the random variable B, (y), we use the following breadth-first proce-
dure. Start at vertex y and run the sequence of steps described above, by giving priority
to those unmatched heads which have minimal distance to vertex y, until this minimal
distance exceeds %, at which point the process stops. Similarly, for any & € N, the
h-out-neighborhood of a vertex x, denoted B;f (x) is defined as the subgraph induced
by the set of directed paths of length £ < h which start at vertex x. To generate the ran-
dom variable B;{ (x), we use the same breadth-first procedure described above except
that we invert the role of heads and tails. With slight abuse of notation we sometimes
write B,jf (x) for the vertex set of Bff (x). We also warn the reader that to simplify the
notation we often avoid taking explicitly the integer part of the various parameters
entering our proofs. In particular, whenever we write B;,—L (x) it is always understood
that h € N.

During the generation process of the in-neighborhood, say that a collision occurs
whenever a tail gets chosen, whose end-point x was already exposed, in the sense that
some tail in E or head in E had already been matched. Since less than 2k vertices
are exposed when the k™ tail gets matched, less than 2Ak of the m — k + 1 possible
choices can result in a collision. Thus, the conditional chance that the k™ step causes
a collision, given the past, is less than p; = mz_iﬁ 7- It follows that the number Z
of collisions caused by the first k arcs is stochastically dominated by the binomial
random variable Bin(k, py). In particular,

képﬁ
P(zkzz)gT", ¢eN. (2.2)

Notice that as long as no collision occurs, the resulting digraph is a directed tree. The
same applies to out-neighborhoods simply by inverting the role of heads and tails.
For any digraph G, define the tree excess of G as
T™X(G) =1+ [E| —|V], (2.3)
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where E is the set of directed edges and V is the set of vertices of G. In particular,
TX(B;,E (x)) = 0iff B;f (x) is a directed tree, and TX(BZE (x)) < 1 iff there is at most
one collision during the generation of the neighborhood B;T (x). Define the events

Ge(h) = {TX(B; (x)) < Land TX(B} (x)) < 1}, G(h) = NeeimiG(h).  (2.4)

Set also |
h= 3 log (n). 2.5)

Proposition 2.1 There exists x > 0 such that P (Gy(h)) = 1 — O(n~'7X) for any
x € [n]. In particular,

P@GMm) =1-0m""). (2.6)

Proof During the generation of B, (x) one creates at most A" edges. It follows from
(2.2) with £ = 2 that the probability of the complement of Gy (k) is O (n~'7%) for all
x € [n] for some absolute constant y > 0:

PG (W) =1—0@n""7%). 2.7

The conclusion follows from the union bound. O

We will need to control the size of the boundary of our neighborhoods. To this end,
we introduce the notation a3, (y) for the set of vertices x € [n] such thatd(x, y) = t.
Similarly, 8B,+ (x) is the set of vertices y € [n] such that d(x,y) = t. Clearly,
|0BE(y)| < A" forany y € [n]and h € N.

Lemma 2.2 There exists x > 0 such that for all y € [n],
P(10BF ) = 3oL, Yh e [1,1]) =1- 0™, 2.38)

where 84 is defined as in (1.7).

Proof By symmetry we may restrict to the case of in-neighborhoods. By (2.7) it is
sufficient to show that |862E(y)| > %31, forall h € [1, A], if Gy (h) holds. If the tree
excess of the h-in-neighborhood B, (y) is at most 1 then there is at most one collision
in the generation of 3, (y). This collision can be of two types:

(1) there exists some 1 < ¢t < h and av € 3B, (y) s.t. v has two out-neighbors
w,w € dIB,_;(y);
(2) there exists some 0 <t < hand av € 9B, (y) s.t. v has an in-neighbor w in
B (y).
The first case can be further divided into two cases: a) w = w’, and b) w # w’; see
Fig. 1.
In case 1a) we note that the (h — 7)-in-neighborhood of v must be a directed tree
with at least 8"~ elements on its boundary and with no intersection with the (h —t)-in-
neighborhoods of other v' € 38, (y). Moreover, B;_,(y) must be a directed tree with
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£ AngS A

Fig.1 The light-coloured arrow represents a collision of type (1a) (left) and a collision of type (1b) (right)

K5 TnaS Th

Fig.2 Two examples of collision of type (2a)

(5 An A

Fig.3 Two examples of collision of type (2b)

[0B,_ (M| = 8'=1, and all elements of 0B,_,(y) except one have disjoint (h — +1)-
h—t+1

in-neighborhoods with § elements on their boundary. Therefore

108, ()] = (87" — D" 4 6_ — D& = 5"

=

In case 1b) one has thatt > 2, B, | (y) is a directed tree with [dB,_ ()| > 8! and
for all z € aB; (y), the (h — 1)-in-neighborhoods of z are disjoint directed trees with
at least 8"~ elements on their boundary. Since [3B; (y)| > 8~ — 1 it follows that

1
198, ()| > (6 — 1)s" " > 55’1.

Collisions of type 2 can be further divided into two types: a) w € 9B, (y) withs < ¢
and there is no path from v to w of length t — s, or w € 9B, (y) and w # v, and b)
w € 0B (y) withs < ¢ and there is a path from v to w of length # — s, or w = v. Note
that in contrast with collisions of type 2a), a collision of type 2b) creates a directed
cycle within B; (y); see Figs. 2 and 3.
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We remark that in either case 2a) or case 2b), 35; (y) has at least 8" elements,
and the vertex v € B, (y) has at least _— — 1 in-neighbors whose (h — ¢t — 1)-in-
neighborhoods are disjoint directed trees. All other v' € 35, (y) have (h — t)-in-
neighborhoods that are disjoint directed trees. Therefore, in case 2):

1
198, (»)| > (6" — D" + (5 — 1)sh~ > 55'1 .

m}

We shall need a more precise control of the size of 88;’—L (v), and for values of & that
are larger than . Recall the definition (1.9) of the parameter v. We use the following
notation in the sequel:

to=4log;log(n),  hy = (1— 1) log,(n). 2.9)

Lemma 2.3 Foreveryn € (0, 1), there exist constants c1, co > 0, x > 0 such that for
all y € [n],

B (v 10g™ (n) < 9B ()] < " log(n) . Vi € [t0.hy]) = 1 — Ot~ 1),
(2.10)

Proof We run the proof for the in-neighborhood only since the case of the out-
neighborhood is obtained in the same way. We generate B;(y), h € [ﬂo, h,,]
sequentially in a breadth first fashion. After the depth j neighborhood B; (y) has

been sampled, we call F; the set of all heads attached to vertices in 8Bj_ (y). Set
u= 10g77/8(n).
For any h > £ define
kp = — w0 log’?(n), T = [v( +u)" oAk, (2.11)
We are going to prove
P (kn < |Fnl < &n, Yh € [lo, hy]) =1 — O™ '7%). (2.12)

Notice that, choosing suitable constants c1, ¢z > 0, (2.10) is a consequence of (2.12).
Consider the events

Aj ={|Fil € ki, ki1, Vi € [€o, j1}. (2.13)

Thus, we need to prove P(A,) =1 — O(n='%), forh = hy. From Lemma 2.2 and
the choice of £, it follows that

P(Ag) =1~ o177, (2.14)
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For h > £y we write

h
P(An) = P(Ag) ] B(Aj1A;-D. (2.15)
j=lo+1

To estimate P(A;|A;_1), note that A;_; depends only on the in-neighborhood
B;_l (), so if o;_1 denotes a realization of 67—1 (y) with a slight abuse of notation
we write 01 € Aj_1 if A;_1 occurs for this given oj—1. Then

26, POj-DP(Ajloj—1)1o;_ e,
P(Aj-1)

P(Aj|A; 1) = (2.16)

Therefore, to prove a lower bound on P(A;|A;_1) it is sufficient to prove a lower
bound on P(A|oj_1) thatis uniform overall o;_1 € A;_;.

Suppose we have generated the neighborhood o1 up to depth j —1,forao; 1 €
A ;1. In some arbitrary order we now generate the matchings of all heads f € F;_i.

We define the random variable X ;j), f € Fj_1, which, for every f evaluates to the

in-degree d_ of the vertex z that is matched to f if the vertex z was not yet exposed,
and evaluates to zero otherwise. In this way

Fil= Y X}”. (2.17)
feFia

Therefore,

P(Aj|0’j,]) = P(\)(l — M)Kj,1 < |.7:]| <v(l+ u)’K\j,1 |Uj,1)
=1—IP>< 3 x9 <v(1—u)/Cj_1|aj_1)

feFj-
—IP’( 3 xy>>u(1+u)ﬁ,-_1|aj_1). (2.18)
feFi

To sample the variables X }]), at each step we pick a tail uniformly at random among
all unmatched tails and evaluate the in-degree of its end point if it is not yet exposed.
Since 01 € Aj_1, at any such step the number of exposed vertices is at most
K=0m""2).In particular, forany f € F;_jandanyd € [§, Al,0j_1 € Aj_q:

(e 41y —) - AK]

m

(XY =dloj-1) 2

7 = =i p(a),

where [-]+ denotes the positive part. This shows that X (fj) stochastically dominates
the random variable ¥ /) and is stochastically dominated by the random variable Y,
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where Y ) and Y/) are defined by
vd e [8,A], P(YY) =d) =P =d) = p(d)

A
SU) _ (v —o) = ,
IP(YJ A—H) IP’(Y/ 0) 1 ;p(d)

Notice that

. = A2K
E(r0) =Y dpd) = v— = =v— 0w, (2.19)
m
d=3§
Similarly,
. A’K
E (Ym) <v+ = vt om . (2.20)
m

Moreover, letting Yi(j ) and ')71_(/‘ ) denote i.i.d. copies of the random variables Y (/)
and YU respectively, since oj_1 € A;_q, the sum in (2.17) stochasticall

P Yy J J y
dominates ;1 _11 Yi(j ), and is stochastically dominated by Zil _11 Yl.(j ). Therefore,

Zfe]—‘j,l X}j) < v(1 —u)kj_y implies that

Kj-1

3 [Yim & (Yo‘))] < _% o 221)

i=1

if n is large enough. Similarly, Zfe}'j,l X}j) > v(1 4+ u)kj_1 implies that

Kj—1 1

3 [?}f') _E (?@)] > S Uk, (2.22)

i=1

~

An application of Hoeffding’s inequality shows that the probability of the events (2.21)
and (2.22) is bounded by e=w’kj-1 and =W Rj-1 respectively, for some absolute
constant ¢ > 0. Hence, from (2.18) we conclude that for some constant ¢ > 0:

2. —enle.
P(Ajloj_1) = 1 — e U Hint — g=W i1,

2 2

Therefore, using uzfc\j_l > utKj_1 > uko > log®?(n),

P(Ajloj1)=1—-0@m"), (2.23)

uniformly in j € [€o, hy] and 0j—1 € Aj_1. By (2.16) the same bound applies to
P(Aj]A;_1) and going back to (2.15), for i = h, we have obtained

P(Ap) =1—0m~'7%).

@ Springer



Stationary distribution and cover time of sparse directed...

We shall also need the following refinement of Lemma 2.3. Define the events

Ff = FE,en ) = [ 10g™ (n) < 9B ()] < v log(n) , Vi € [to, hy ]}
(2.24)
Lemma 2.3 states that

P ((Fjﬂ)C) — 017N,
Let G(h) be the event from Proposition 2.1.

Lemma 2.4 Foreveryn € (0, 1), there exist constants c1, c2 > 0, x > 0 such that for
all y € [n],

P((FH560) = 0(=*77). (2.25)

Proof By symmetry we may prove the inequality for the event F~ only. Consider the
set Dy of all possible 2-in-neighborhoods of y compatible with the event G(h), that
is the set of labeled digraphs D such that

P(B;y (y) = D: G(h)) > 0. (2.26)
Then
P ((F;)“; Q(h)) < sup P ((F;E)C 1B; (y) = D). 2.27)
DeDy

Thus it is sufficient to prove that
P((F)°1B; (9 = D) = 0™, (2.28)

uniformly in D € Dy’. To this end, we may repeat exactly the same argument as in
the proof of Lemma 2.3 with the difference that now we condition from the start on
the event B, (y) = D for a fixed D € Dy. The key observation is that (2.14) can be
strenghtened to O (n~27%) if we condition on B; (y) = D. That is, for some x > 0,
uniformly in D € Dy,

P(Ag | By () =D) =1 - 0(n~>7%), (2.29)

To prove (2.29) notice that if the 2-in-neighborhood of y is given by B, (y) = D € D,
then the set F, (y) has at least 4 elements. Therefore, taking a sufficiently large
constant C, for the event |.7-'[0 (y)| = 8%/C to fail it is necessary to have at least 3
collisions in the generation of B; (y), t € {3, ..., £o}. From the estimate (2.2) the
probability of this event is bounded by pik® with k = A, which implies (2.29)
if x € (0, 1). Once (2.29) is established, the rest of the proof is a repetition of the
argument in (2.15)-(2.23). m|
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2.3 Upper bound on the diameter

The upper bound in Theorem 1.1 is reformulated as follows.

Cloglog(n)

Lemma 2.5 There exist constants C, x > 0 such that if &, = Tog(n)

P (diam(G) > (1 +¢&,)d,) = O(n™%). (2.30)
Proof From Proposition 2.1 we may restrict to the event G(#). From the union bound

P (diam(G) > (1 + &,) dy; G(h)) < Z Pd(x,y) > (1 +¢e)de; G(R) . (2.31)

x,y€[n]

From Lemma 2.4, for all x, y € [n]

P((x, y) > (14 e)da; G0) = P (d(x, ) > (1 + &)dui F 0 Fy ) 4007270,
(2.32)
Fix
_ 14+¢,

k= > log, n.

Let us use sequential generation to sample first B,j (x) and then B;_(y). Call o a
realization of these two neighborhoods. Consider the event

Uey = {108 ()] = v log™ ()5 108, ()] = v~ log ™ (m)}.

Clearly, F’ j NF y C Uy,y.Moreover Uy, depends only on o . Note also that {d (x, y) >
(1 + &,)ds} C Ey,y, where we define the event

E, y = {There is no path of length < 2k — 1 from x to y}. (2.33)

The event Ey , depends only on 0. We say that o € Uy, N E, y if o is such that both
E, y and U, y occur. Thus, we write

P (d(x, y) > (I +ende; FF 0 Fy_) <P(d(x.y) > (1 +e2)ds: Uy, N Ey )
< sp PGy > (1+e)ds o).

o€Uy yNEyx y

(2.34)
Fix arealizationo € Uy yNE, y. Theevent E, , implies that all vertices on 98, _, ()
have all their heads unmatched and the same holds for all the tails of vertices in 8[5’2' (x).

Call F;_1 the heads attached to vertices in 3B, _ (v) and & the tails attached to vertices
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in E)l’)’,:r (x). Theeventd(x, y) > (1+¢&,)d, implies that there are no matchings between
Fi—1 and &. The probability of this event is dominated by

| Fitl NS -
(1 — Ig_k') < (1 — n7%+%>n < exp (—n®/?),

m

if n is large enough and ¢, = Cloglogn/logn with C large enough. Therefore,
uniformly ino € Uy y N Ex y,

P(d(x,y) > (1 + &)ds | 0) < exp (—n/?) = O(n > %).
Inserting this in (2.31)—(2.32) completes the proof. O
2.4 Lower bound on the diameter

We prove the following lower bound on the diameter. Note that Lemma 2.5 and Lemma
2.6 imply Theorem 1.1.

Lemma 2.6 There exists C > 0 such that taking &, = %,for any x,y € [n],
P(d(x,y) = (1 —&,)dy) = o(D). (2.35)

Proof Define

0= I —¢,

log, n.
We start by sampling the out-neighborhood of x up to distance £. Consider the event
Lo ={IBf @)l = n 7" logm) |

From Lemma 2.3, P(J;) = 1 — O(n~'7%) for suitable constants ¢», x > 0, and
therefore
P(y € Bf (1)) =P(y € Bf (x); 1) + O(n™'7%), (2.36)

If J; holds, in the generation of B;f (x) there are at most K := nl_% log®2(n) attempts
toinclude y in BZ (x), each with probability at most dy_ /(m—K) <2A /m of success,
so that

P(y € B} (x): J) < %A K=0@n?). (2.37)

Once the out-neighborhood BZ (x) has been generated, if y ¢ BZ (x), we generate the
in-neighborhood B, (y). If d(x, y) < (1 — &,)d, then there must be a collision with
B, (x), and

P(x,y) < (1 —e)de; vy & B (x) =P(y ¢ Bf (x); B, (y) N B (x) # 0).
(2.38)
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Consider the event -
Jy={1B; 0l <n 7" log(m) |

From Lemma 2.3 it follows that P(J,) = 1— O (n~17%) for suitable constants ¢, X >

0.1f J, and Jy hold, in the generation of B, (y) there are at most K = nl_% log®2(n)
attempts to collide with BBZ(x), each of which with success probability at most
AK /m, and therefore

2
P(y ¢ B (0): By (y) N8B} (x) # 9) < % 0 =o(l),  (239)

where we take the constant C in the definition of ¢, sufficiently large. In conclusion,
P(d(x,y) < (I —e)d) <P(y e B (1) +P(d(x.y) = (I —en)dus y & B/ (1)),

and the inequalities (2.36)—(2.39) end the proof. m]

3 Stationary distribution

We start by recalling some key facts established in [9].

3.1 Convergence to stationarity

Let P'(x, -) denote the distribution after 7 steps of the random walk started at x. The
total variation distance between two probabilities w, v on [n] is defined as

1
It = vllry = 5 37 1000 = vl

x€[n]
Let the entropy H and the associated entropic time TgnT be defined by

logn

d-
H = Z Wx logd;, TenT = 3.1

xeV

Note that under our assumptions on d*, the deterministic quantities H, Tgnt satisfy
H = ©O(1) and Tgnt = ©O(logn). Theorem 1 of [9] states that for all s > 0 with

s # 1,

max ||| PTENT (x ) — 7 ||py — 9(s)| —> 0., (3.2)
x€[n]

where ¥ denotes the step function ¥(s) = 1 if s < 1 and 9 (s) = 0if s > 1, and we

. P . .
use the notation — for convergence in probability as n — oo. In words, convergence
to stationarity for the random walk on the directed configuration model displays with
high probability a cutoff phenomenon, uniformly in the starting point, with mixing
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time given by the entropic time TgnT. By concavity of x — log(x) the mixing time

TenT = 10% is always larger than the diameter d, = %ggﬁ in Theorem 1.1,

n n
d; d,;
H=7) - logd} <log (E id;) = logv, 3.3)

x=1 x=1

with equality if and only if the sequence is out-regular, that is d” = d. Thus, the
analysis of convergence to stationarity requires investigating the graph on a length
scale that may well exceed the diameter. Considering all possible paths on this length
scale is not practical, and we shall rely on a powerful construction of [9] that allows
one to restrict to a subset of paths with a tree structure, see Sect. 3.3.1 below for the
details.

3.2 The local approximation

A consequence of the arguments of [9] is that the unknown stationary distribution at a
node y admits an approximation in terms of the in-neighborhood of y at a distance that
is much smaller than the mixing time. More precisely, it follows from [9, Theorem 3]
that for any sequence t, — oo

P
77 — in P |7y —> O, G4

where we use the notation pi, for the in-degree distribution

d
Win(xX) = ==, (3.5)
m
and for any probability u on [1], P! is the distribution

pP'(y) =Y p)P'(x,y), yelnl.

x€[n]

We refer to [11, Lemma 1] for a stronger statement than (3.4) where uj, is replaced
by any sufficiently widespread probability on [r]. While these facts are very useful to
study the typical values of 7, they give very poor information on its extremal values
Trmin and Tmax, and to prove Theorem 1.3 and Theorem 1.6 we need a stronger control
of the local approximation of the stationary distribution.

A key role in our analysis is played by the quantity I',(y) defined as follows.
Consider the set 93, (y) of all vertices z € [n] such that d(z, y) = h, and define

Th(y) = Y d P'G.y). (3.6)

z€dBB; (v)
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The definitions (3.6) and (1.13) are such that for any y € [n] and h € N

Th(y) < muinP"(y), (3.7)

where (i, is defined in (3.5). If B, (y) is a tree, then (3.7) is an equality. In any case,
I';,(y) satisfies the following rough inequalities.

Lemma 3.1 With high probability, for all y € [n], forall h € [1, h]:

s_\" A\
(A_+) <T@y <2A_ <8+ ) . 3.8)

Proof From Proposition 2.1 we may assume that the event G (%) holds. From Lemma
2.2 we know that %85’ < 9B, (I =< A" . Thus it suffices to show that for any
z€ 9B, (y),hell, Al

ATM < Pz y) <267 3.9)

The bounds in (3.9) follow from the observation that any path of length 4 from z to
y has weight at least Ajrh and at most 8;}’, and that there is at least one and at most
two such paths if z € 9B, (y) and G(#) holds. The latter fact can be seen with the
same argument used in the proof of Lemma 2.2. With reference to that proof: in case
1) there are at most two paths from z to y, see Fig. 1; in case 2) there is only one path
from z to y; see Figs. 2 and 3. O

Roughly speaking, in what follows the extremal values of = will be controlled by
approximating 7 (y) in terms of I'j, (y) for values of 4 of order log log i, for every node
y. The next two results allow us to control I',(y) in terms of I'j,, (y) forall i € [ho, 7]
where hy is of order loglogn.

Lemma 3.2 There exist constants ¢ > 0 and C > 0 such that:

P (Vy e [nl, Vi € [ho, i, Th(y) = clogl_yo(n)) —1—o(l), (3.10)
where yy is the constant from Theorem 1.3 and hg := logg log(n) 4 C.
Proof From Lemma 2.2 we may assume that |BB,:0(y)| > %8@ =: R for all

y € [n], where hg is as in the statement above with C to be fixed later. Once we
have the in-neighborhood B}:O (y) we proceed with the generation of the (h — hg)-in-

neghborhoods of all z € 88;0 (y). Consider the first R elements of 88,1_0 (y), and order

them as (z1, ..., zg) in some arbitrary way. We sample sequentially 3, _ ho (z1), then
h ho (z2), and so on. We want to couple the random variables Z; := B; ho (zi),
i = 1 , R with a sequence of independent rooted directed random trees W;,

i = l, el R, defined as follows. The tree W; is defined as the first & — hg gen-
erations of the marked random tree 7; produced by the following instructions:

e the root is given the mark z;;
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e every vertex with mark j has dj_ children, each of which is given independently
the mark k € [n] with probability d,j' /m.

Consider the generation of the i-th variable Z;. This is achieved by the breadth-first
sequential procedure, where at each step a head is matched with a tail chosen uniformly
at random from all unmatched tails; see Sect. 2. If instead we pick the tail uniformly
at random from all possible tails, then we need to reject the outcome if the chosen tail
belongs to the set of tails that have been already matched. Since the total number of
tails matched at any step of this generation is at most K := A" = 0(n'/%), it follows
that the probability of a rejection is bounded by p := K /m = O(n~*/3). Let us now
consider the event of a collision, that is when the chosen tail belongs to a vertex that
has already been exposed during the previous steps, including the generation of B,;O )
and of the Z;, j < i. Notice that the total number of exposed vertices is at most K and
therefore the probability of a collision is bounded by p’ = AK /m = O (n~*/3). Since
the generation of Z; requires at most K matchings, we see that conditionally on the
past, a Z; with no rejections and no collisions is created with probability uniformly
bounded from below by 1 — ¢, where ¢ = O(n—>/°). We say that Z; is bad if its
generation produced a rejection or a collision. Once the Z;’s have been sampled we
define aset 7 such thati € 7 if and only if either Z; is bad or there is a bad Z; such that
the generation of Z; produced a collision with a vertex from Z;. With this notation,
W; = Z; foralli ¢ 7 and

Th(y) = A7 Thong (i) (3.11)
i¢T

The above construction shows that the cardinality of the set 7 is stochastically domi-
nated by twice the binomial Bin(R, ¢). Therefore,

P(|Z| > 10) < P(Bin(R, q) > 5) < (Rg)’ = o(n"?). (3.12)
On the other hand, notice that for all i ¢ Z:
Thnozi) = Mj_, . (3.13)

where M,i, t € N, is defined as follows. Let 7; ; denote the set of vertices forming
generation ¢ of the tree 7; rooted at z;, and for x € 7; ;, write

t

1
wa) =wa e T =[] -+ (3.14)
5 dx
u=1 u
fop the weight of the path (x; = x, x;—1, ..., x1, Xxo = z;) from x to z; along 7;. Then
M is defined by
M=) diwx), Mj=d. (3.15)

xeT;;
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It is not hard to check (see e.g. [11, Proposition 4]) that for fixed n, (Mf),zo is a
martingale with

E[M/1= M) =d_.

In particular, by truncating at a sufficiently large constant C; > 0 one has M ;l _ny = Xis
where

X; = min{M;_, .C\}

are independent random variables with 0 < X; < C; and E[X;] > 1 for all i.
Therefore, Hoeffding’s inequality gives, for any k € N:

k
P (Z M, < k/2) < ek (3.16)

i=1

where ¢; > 0 is a suitable constant.

Divide the integers {1, .. ., R} into 10 disjoint intervals Iy, . . ., I19, each containing
R/10 elements. If |Z] < 10 then there must be one of the intervals, say /;,, such that
I;, NI = @. It follows that if [Z| < 10, then

Zrh ho(Zi) = Z M “hp = szm OZM,’;_hO. (3.17)

i¢T el T

Using (3.12), and (3.16), (3.17) we conclude that, for a suitable constant ¢c; > 0:

P(Zrh_ho(a)gcm) <P |, min > M, <R | +P(Z) > 10)

¢z / \ 7 IEI[
< 10exp (—c1 R/10) + o(n ™). (3.18)

Since R = %8}_’0 = %SE log n, the probability in (3.18) is o(n~)if Cis large enough.
From (3.11), on the event Ziﬁ TCh—ny(zi) > c2R one has

Th(y) = 1ea8™ AT = ¢ 1og! 0 (n), (3.19)

where ¢ = %cz (8_/AL)C. Thus the event (3.19) has probability 1 — o(n~?), and the
desired conclusion follows by taking a union bound over y € [n] and h € [ho, h]. O

Lemma 3.3 There exists a constant K > 0 such that for all ¢ > 0, with high proba-
bility:

() 1’ <s, (3.20)

ma |
ye[n]he U, 51 gy (3)
where h1 := K loglog(n).
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Proof For any h > hy, let o), denote a realization of the in-neighborhood B, (y),
obtained with the usual breadth-first sequential generation. From Proposition 2.1 we
may assume that the tree excess of B, (y) is at most 1, as long as & < h. Call
Erot.hs Fror.n the set of unmatched tails and unmatched heads, respectively, after the
generation of oy,. Let also &, C &, denote the set of unmatched tails belonging to
vertices not yet exposed, and let 7, be the subset of heads attached to dB; (y). By
construction, all heads attached to 93, (y) must be unmatched at this stage so that
Fn C Fior.n- Moreover,

Ta(y)= Y Py, y), (3.21)

feF

where v denotes the vertex to which the head f belongs. To compute I';, 11 given oy,
we let w : Eor.n > Fior.n denote a uniform random matching of & 4 and Fior 1,
and notice that a vertex z is in 95, ; (y) if and only if z is revealed by matching one
of the heads f € JFj, with one of the tails e € &,. Therefore,

-
Cie1) =D =5 D P s Moo=y
ec&, ¢ feFn

Z c(e, w(e)), (3.22)

e€&or.h

where we use the notation djt for the degrees of the vertex to which the tail e belongs,
and the function c is defined by

.
cle, f) = d&Ph(v Fo Mot feF- (3.23)
e

Since oy, is such that TX(B, (y)) < 1, we may estimate Ph(vf, y) asin (3.9), so that

lclloe = max cle, f) <2A 8771 (3.24)

We now use a version of Bernstein’s inequality proved by Chatterjee ([12, Proposition
1.1]) which applies to any function of a uniform random matching of the form (3.22).
It follows that for any fixed oy, for any s > 0:

P(ITh1(y) = E[Ch1(y) [on] | = s | on)

32
<2 — . 3.25
= exp( 2||c||oo<2E[rh+1<y>|ah]+s>> (329
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Taking s = aE [Th41(») | ox]. a € (0, 1), one has

2E[T
P01 () —E[Chp1 () lon] | = 5104) < 2exp <_“ [6h||+cl||<y> | 0h]> .

(3.26)

Since the probability of the event w(e) = f conditioned on oy, is m = %(l +
O(A" /m)), we have

1 d;
E[Ch1) low] = 77— > ity

ec&y,

L (1 - O(Ah/m)> m—>" Z& Cr(y)
m e¢&n e

- (1 4 O(Ah/m)) Th(y) = (1 + O(n*‘/z)) Tu(y), (327)

for all & € [hy, h], where we use the fact that the sum over all tails e (matched or
unmatched) of d; /d." equals m. In particular, from Lemma 3.2 it follows that for
some constant ¢ > 0:

E[Ths1(0) [ on] = clog 7+ (), (3.28)
and therefore, using (3.24), one finds

lell o E [TChs1 () [on] = logb(n), (3.29)

for all 4 > hj, if the constant K in the definition of /4 is large enough. From (3.26),
(3.27) and (3.29) it follows that, letting

A= {ITh1(y) =ThWI = al'n(y), Vh € [h1, A},

with a := log’z(n), then
P(A) =1-o(1). (3.30)

Moreover, on the event A, for all 4 € [hy, h]:
h—1

ITh() =T M < Y [Tj41() = T3] < 6T, ).
Jj=h
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3.3 Lower bound on T in

If for some t € Nand a > 0 one has P'(x, y) > a forall x, y € [n], then
n
m(z) = Zn(x)Pl(x, ) >a, (3.31)
x=1

and therefore i, > a. We will prove the lower bound on P!(x, y) by choosing ¢ of
the form ¢ = (1 4 &) TgnT, for some small enough ¢ > 0; see (3.1) for the definition
of Tent. More precisely, fix a constant n > 0, set n’ = 37)%, and define

te=hy+hy+1, he=0—nTent, hy =1 Tent. (3.32)
Note that " > 37 and thus #, = £,(n) > (1 + 2n) TeNT-

Lemma 3.4 There exists ng > 0 such that for all n € (0, ng):
P(va,yelnl, PGy 2 STH,()) = 1= o(D), (333)

for some constant ¢ = c(n, A) > 0.

From (3.31) and Lemma 3.4 it follows that w.h.p. for all y
() = & Ty (). (3.34)

Lemma 3.2 thus implies, for some new constant ¢ > 0
P (rrmin > 5log1—V0(n)) —1-0(1), (3.35)

which settles the lower bound in Theorem 1.3.

To prove Lemma 3.4 we will restrict to a subset of nice paths from x to y. This
will allow us to obtain a concentration result for the probability to reach y from x in
1, steps.

3.3.1 A concentration result for nice paths

The definition of the nice paths follows a construction introduced in [9], which we
now recall. In contrast with [9] however, here we need a lower bound on P™(x, y)
and thus the argument is somewhat different.

Fix hy as in (3.32). Following [9, Section 6.2] and [10, Section 4.1], we introduce
the rooted directed tree 7 (x), namely the subgraph of the /4 ,-out-neighborhood of x
obtained by the following process: initially all tails and heads are unmatched and 7 (x)
is identified with its root, x; throughout the process, we let 9.7 (x) (resp. 9—7 (x))
denote the set of unmatched tails (resp. heads) whose endpoint belongs to 7 (x); the
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height h(e) of atail e € 947 (x) is defined as 1 plus the number of edges in the unique
path in 7 (x) from x to the endpoint of e; the weight of e € 917 (x) is defined as

h(e)—1 |

wher= ] i (3.36)
=0 Xi
where (x = xg, X1, ..., Xn(e)—1) denotes the path in 7 (x) from x to the endpoint of

e. Hence, at the beginning 0,7 (x) is the set of tails at x, which all have height 1 and
weight 1/d;F. We then iterate the following steps:

e Atail e € 347 (x) is selected with maximal weight among all e € 947 (x) with
hie) < hy, — 1 and Wt (e) > Wy := n— 17 (using an arbitrary ordering of the
tails to break ties);

e ¢ is matched to a uniformly chosen unmatched head f, forming the edge ef’;

e If f was not in 9_7 (x), then its endpoint and the edge ef are added to 7 (x).

The process stops when there are no tails e € 9,7 (x) with height h(e) < h, — 1 and
weight w(e) > Win. The third item above guarantees that 7 (x) remains a directed
tree at each step. The final value of 7 (x) represents the desired directed tree. Notice
that this construction applies only to the out-neighborhood of a vertex; a different
procedure will be used for the in-neighborhood of a vertex (see the text preceding
(3.38) below).

After the generation of the tree 7 (x) a total number « of edges has been revealed,
some of which may not belong to 7 (x). As in [10, Lemma 7], it is not difficult to see
that when exploring the out-neighborhood of x in this way the random variable « is
deterministically bounded as

(3.37)
At this stage, let us call £*(x) the set of unmatched tails ¢ € 9,7 (x) such that
h(e) = hy.

Definition 3.5 A path p = (xo = x, x1,...,x;, = y) of length 7, starting at x and
ending at y is called nice if it satisfies:

(1) The first &, steps of p are contained in 7 (x), and satisfy

@) xn,+1 € 3B, ().

We recall that &y is defined as in (3.32), and refer to Sect. 2.2 for the definitions
of 8;‘_ (y) and th_y (y). To obtain a useful expression for the probability of going

from x to y along a nice path, we need to generate B;V (). To this end, assume that
« edges in the h,-out-neighborhood of x have been already sampled according to
the procedure described above, and then sample Bh_‘_ (y) according to the sequential
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generation described in Sect. 2. Some of the matchings producing Bh_)_ (y) may have
already been revealed during the previous stage. In any case, this second stage creates
an additional random number t of edges, satisfying the crude bound r < A/»*1
We call Fo the set of unmatched heads, and & the set of unmatched tails after the
sampling of these « + 7 edges. Consider the set FO .= Fn, N Frot, Where Fj, y denotes
the set of all heads (matched or unmatched) attached to vertices in E)B;v (y). Moreover,

call £0 := £*(x) N & the subset of unmatched tails which are attached to vertices
at height A, in 7 (x). Finally, complete the generation of the digraph by matching
the m — k — 7 unmatched tails &y to the m — k — v unmatched heads Fiy using
a uniformly random bijection w : & +— Fior. For any f € Fj, we introduce the
notation )

wo(f) = PPy (ug, y), (3.38)

where vy denotes the vertex v € 9B, (y) such that f € E;". With the notation
introduced above, the probability to go from x to y in t, steps following a nice path
can now be written as

Pos (e y) =Y > wHOW (Hluwer=f Lyt o) <pmi-i- (3.39)
eck0 feFo

Note that, conditionally on the construction of the first ¥ + t edges described above,
each Bernoulli random variable 1, ()= r appearing in the above sum has probability of
success at least 1/m. In particular, if o denotes a fixed realization of the « + t edges,
then

Ay y(0)By y(0), (3.40)

1
E[Pos(x,y) 0] = —
m

where

Ary(0) =) Lyriamiwi(e), Bry(0) = Y w (f). (3.41)
ecE0 feFo

Moreover, the probability of w(e) = f for any fixed e € £°, f € FV is at most
1/(m — k — 1), so that

_ (L+o()

1 1
B[Ry l0] = S0 A 0)Bey o) < % r

ny(), (3.42)

where we use Ay y < 1 and B, , < Ly (). Recall the definition of the tree excess,
TX, in (2.3) and consider the event

Yoy ={0 Auy(@ 2 3, Buy(@) zlog ™), B o0 =1}, 343)

where the exponent —yy is chosen for convenience only and any exponent —c¢ with
¢ > yo — | would be as good.
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Lemma 3.6 There exists no > 0 such that for all n € (0, no), for any o € Y y, any
ae0,1):

P (10, (. 3) —E[Pos. (6, 1) 0] | = aE[ o, (x, 9) [ 0] |0) = 2exp (—a?n"?)
(3.44)

Proof Conditioned on o, Py, (x, y) is a function of the uniform random permutation
o : Eor = Frots

Pos(x,y) = Y cle.w(e)), cle. f)=w (W (/)ly(zn-ilecgo pepo-
e€&ot

(3.45)
Since we are assuming TX(B,:)_ (v)) < 1, we can use (3.9) to estimate w™ (f) <

26~ = n=3 for any f e FO. Therefore

lclloo = rga}xc(e, f) <2n 7, (3.46)

As in Lemma 3.3, and as in [9], we use Chatterjee’s concentration inequality for
uniform random matchings [12, Proposition 1.1] to obtain for any s > 0:

P(IPo,(x,y) —E[Pos(x,y)|0]| = 5|0)

S2
2 — . 3.47
: exp( 2||c||oo(2E[Po,,,<x,y)|a]+s>> 34D

Taking s = aE [Py, (x,y) |o],a € (0, 1), one has

2E [Py, (x,
P (1Po, (x.y) — E[Pos,(x. ) 0] | = 5| 0) < 2exp (—“ [Po.. x y)'a]).

6 llclloo
(3.48)
Using (3.40), (3.43), and (3.46) one concludes that (3.44) holds for all 0 € ) y and
for all n large enough. O

3.3.2 Proof of Lemma 3.4

Let V, denote the set of all z € [r] such that B;L" (z) is a directed tree. It is an immediate
consequence of Proposition 2.1 that with high probability, for all x € [n]:

P(x,Vi)=Y P(x.2)>3. (3.49)

zeVy

In fact, as observed in [9, Proposition 6], one can show that with high probability
PY(x, Vy) = 1 —27¢ for any fixed £ € N. Therefore,

P**(x,y) > § min P*(x, y). (3.50)
xeVy
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Since P (x, y) > Py, (x, y) it is sufficient to prove
P (Vx € Vi,Vy € [n], Pos,(x,y) = ST, (») =1—o(1), (3.51)

for some constant ¢ = ¢(n, A) > 0. The proof of (3.51) is based on Lemma 3.6 and
the following two lemmas, which allow us to make sure the events ), in Lemma 3.6
have large probability.

Lemma3.7 The event Ay = {Vx € V,,Vy € [n] : Acy > %} has probability
P(A) =1-0().

Proof Let us first note that the event A = {Vx € V, : Yecer i WOyt (o <yt =
0.9} satisfies

P(A) =1-o(1).

Indeed, this fact is a consequence of [9,10], which established that for any ¢ > 0, with
high probability
min > whH Oyt = 1— &, (3.52)
eeE*(x)
see e.g. [10, Theorem 4 and Lemma 11]. Thus, it remains to show that replacing
£*(x) with £2 does not alter much the sum. Suppose the « edges generating 7 (x)
have been revealed and then sample the T edges generating the neighborhood B}:v ).

Let K denote the number of collisions between 7 (x) and Bh_y (y). There are at most

N = Al = p3nloga/1ogd artempts each with success probability at most p :=
k/(m—«). Thus K is stochastically dominated by a binomial Bin(N, p), and therefore
by Hoeffding’s inequality

P(K > Np + N) <exp(—2N) < exp (—n3”).

Thus by a union bound we may assume that all x, y are such that the corresponding
collision count K satisfies K < Np + N < 2N. Therefore, on the event A

1
Z W+(€)1w+(2)§n2n71 >09—2Nn?"! > 3
ec&l
if n is small enough. 0

Lemma 3.8 Fix a constant ¢ > 0 and consider the event Ay = {Vx,y € [n]: By y >
¢, (W)} If ¢ > 0 is small enough

P(Ay) =1—o(l).
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Proof By definition, Zfefhv w=(f) = Iy, (y). Thus, we need to show that if we

replace FO by Fh, the sum defining By ) is still comparable to I'y (y). For any
constant 7 > 0, for each z € BB;WT(y), let V, denote the set of w € (88,;_ (y) such
that d(w, z) = T. Notice that if the event G(%) from Proposition 2.1 holds then for
eachz € BB,;_T(y) one has |V;| > %ST. Consider the generation of the k + t edges

as above, and call a vertex z € 867‘,—T (v) bad if all heads attached to V; are matched,

or equivalently if none of these heads is in Fio;. Given a z € BBh_rT(y), we want to
estimate the probability that it is bad. To this end, we use the same construction given
in Sect. 3.3.1 but this time we first generate the in-neighborhood Bh_y (y) and then the

tree 7 (x). Let K denote the number of collisions between 7 (x) and the set V,. Notice
that |V,| < AT and that |7 (x)| < nl=m/ 2 so that K is stochastically dominated by
the binomial Bin(N, p) where N = n'="/2 and p = AT*1/n. Therefore,

LsT
]P’(K > %8T> < (Np)%‘ST < (ATHn_”z/z)z .

Since |V;| > %8T, if z is bad then K > %ST and thus the probability of the event that
zis bad is at most O (n_aT”2/4). The probability that there exists abad z € BB;V_T ()

is then bounded by O(Ah>'n_‘sr”2/4). In conclusion, if T = T'(n) is a large enough
constant, we can ensure that for any y € [r] the probability that there exists a bad
zZ € 88,:‘__T (y) is o(n?), and therefore, by a union bound, with high probability there

are nobad z € thfy_T(y), for all x, y € [n]. On this event, for all z we may select

one vertex w € V, with at least one head f € F? attached to it. Notice that w™ (f) >
A~T=1phy=T (7 y). Therefore, assuming that there are no bad z € B, ()

Biy(o)= Y w (f)
feFo
=ATT N P Ty = AT ().

2633;),_T(y)

From Lemma 3.3 we may finish with the estimate th,r(y) > %th ). O

We can now conclude the proof of (3.51). Consider the event
A=A NANGH)NR, (3.53)

where R denotes the event from Lemma 3.2 and G (%) is given by (2.4) and (2.5). For
any s > 0,

P (Vx,y €nl, Pos(x,y) = £T%,(y)
>PA) = Y P(Pos(x.y) < STh () A), (3.54)

x,y€ln]
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where the semicolon represents intersection of events. From Lemma 3.2, Lemma 3.7,
Lemma 3.8, and Proposition 2.1 it follows that P(A4) = 1 —o(1). Let W, , denote the
event

E[Pos,(x.y) 0] = 55 Tu, (1), (3.55)

where c is the constant from Lemma 3.8. By definition of the events involved
ACWey Ny,
for all x, y, and for all n large enough. Therefore,

P(Pon(6,y) < SThONA) < sup P (Po(xy) < 2w o).
o €Wx yNVr.y

(3.56)

Taking s = c¢/(4A) and using (3.55), we see that for every o € W, y, Po,, (x,y) <
% T, () implies:

1
[Po,,(x,y) —E [Po,t,(xy 1 U] | > E]E [Po,t*(xy 1 U] ,
and therefore from Lemma 3.6

sup P (Pos(x,y) < £, (0 |0) = o(n™?). (3.57)
o €Wy yN Yy

The bounds (3.54) and (3.57) end the proof of (3.51). This ends the proof of Lemma
34.

Remark 3.9 Let us show that if the type (6—, Ay ) is not in the set of linear types £ one
can improve the lower bound on 7, as mentioned in Remark 1.5. The proof given
above shows that it is sufficient to replace yp by y in Lemma 3.2, where y;; is defined
by (1.20). To this end, for any ¢ > 0, let £, denote the set of types (k, £) € C such

that

. Vi e
lim sup ——

n—oo N

= 400, (3.58)
where Vy ¢ denotes the set of vertices of type (k, £), and define

log A;:,—i—

= g5 _ , AL c=max{l: (k,0) € L}, 6,

&,

_=minfk: (k,0) € Le).

(3.59)
The main observation is that if (k, £) ¢ L., then w.h.p. there are at most a finite
number of vertices of type (k, £) in all in-neighborhoods Bh_o (y), ¥y € [n], for any
ho = O(loglogn). Indeed, for a fixed y € [n] the number of v € Vi, N B;O (y) is
stochastically dominated by the binomial Bin (Ahﬂ, n=e/ 2), and thereforeif K = K (¢)
is a sufficiently large constant then the probability of having more than K such vertices
is bounded by (Ahop=e/YK — (1. Taking a union bound over y € [n] shows

Ve :
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that w.h.p. all B;O (¥), y € [n] have at most K vertices with type (k, £). Then we may
repeat the argument of Lemma 3.2 with this constraint, to obtain that for all ¢ > 0,
w.hp. Iy, (y) > c(e) logl_yel (n). Since the number of types is finite one concludes
that if ¢ is small enough then ¥y = v, and the desired conclusion follows.

3.4 Upper bound on T y;in

In this section we prove the upper bound for i, in Theorem 1.3 by establishing
the estimate in (1.18). We first show that we can replace 7 (y) in (1.18) by a more
convenient quantity. Define the distances

d(s) =max [ P*(x,") = wlpy, d(s)= max ||P*(x,") = P*(y,)rv. (3.60)
xeln] x,y€ln]

It is standard that, for all k, s € N,
dks) < d(ks) < d(s)* < 2kd(s)¥, (3.61)

see e.g. [22]. In particular, defining

1
M) == Py, (3.62)

x€[n]
for any k € N, setting = 2kTgNT, one has

yné?,),(] I (y) — T ()| < d(2kTent) < 28d (2Tenm)*. (3.63)

From (3.2) we know that d(27gnt) — O in probability, or equivalently that for all
fixed ¢ € (0, 1) we have d(2TgnT) < € w.h.p. In particular we can choose ¢ = % SO

that w.h.p. the right hand side above is at most e . If k = © (log?(n)) we can safely
replace (y) with A;(y) in (1.18). Thus, it suffices to prove the following statement.

Lemma 3.10 For some constants B > 0, C > 0, and for any t = t, = @(10g3 (n)):
]P’(EIS C ). 181 = 0", nmaxi, () = C log' ™ (n)) —1—o(l). (3.64)
ye

Proof Let (84, Ax) € L denote a type realizing the maximum in the definition of y;
see (1.16). Let Vi, = Vs, a, denote the set of vertices of this type, and let o, € (0, 1)
be a constant such that |V,| > o,n, for all n large enough. Let us fix a constant
B1 € (0, %). This will be related to the constant 8, but we shall not look for the
optimal exponent A in the statement (3.64). Consider the first N1 := n®! vertices in
the set V,,and call them yy, ..., yn, . Next, generate sequentially the in-neighborhoods
B;O(yi), i=1,..., Ny, where

ho = logs logn — Co, (3.65)
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for some constant Cy to be fixed later. As in the proof of Lemma 3.2 we couple the
B;O (y;) withindependent random trees Y; rooted at y;. For each B;O (i) the probability
of failing to equal Y;, conditionally on the previous generations, is uniformly bounded
above by p := N1 A?"0 /m. Let A denote the event that all B;O (y;) are successfully
coupled to the Y;’s and that they have no intersections. Therefore,

P(A) >1—O0Nip)>1—0@P~1=1-0(1). (3.66)

Consider now a single random tree Y;. We say that Y is unlucky if all labels of the
vertices in the tree are of type (8., A,). The probability that Y; is unlucky is at least

5o
AL \F _
0=(5) =
m

where n = §, Co log(A /2ay) if Co is the constant in (3.65). We choose Cy so large
that 0 < n < B1/4.Call Sy the setof y € {y1, ..., yn,} such that ¥; is unlucky. Since
the ¥; are i.i.d. the probability that |S;| < nf1/2 is bounded by the probability that
Bin(Ny, g) < n#1/2, which by Hoeffding’s inequality is at most

exp (—nﬂ1/3) (3.67)

Fix a realization o of the in-neighborhoods Bh_o (yi), i = 1,..., Ni. Say that y; is
unlucky if all vertices in B;O (yi) are of type (8., A). Thanks to (3.66) we may assume
thato € A, i.e. B;O (yi) = Y; for all i so that the set of unlucky y; coincides with Sy,

and thanks to (3.67) we may also assume that o is such that |S;| > N = nf1/2. We
call A’ ¢ Athesetofallo e A satisfying the latter requirement. Let S denote the first
N elements in S;. We are going to show that uniformly in o € A’, for a sufficiently
large constant C > 0, any t = ®(1og3 (n)),

(D 20) > iog' () o) = o). (3.68)
yes

Notice that (3.68) says that, conditionally on a fixed o € A’, with high probability

> k) < S log! M (),
yes

which implies that there are at most N /2 vertices y € S with the property that A,(y) >
%loglﬂ" (n). Summarizing, the above arguments and (3.68) allow one to conclude

the unconditional statement that with high probability there are at least %nﬁ 1/2 vertices
y € [n] such that
M (y) < 5 log! ™" (),
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which implies the desired claim (3.64), taking e.g. 8 = B1/3.
To prove (3.68), consider the sum

X =1 (3.69)
yes

We first establish that, uniformly in o € A’, for any ¢ = @(log3 (n)),
Osx —
E(X|0o) = (14 o0(1)=NA0sm, (3.70)
m

If y is unlucky then P (z, y) = A*_ho for any 7 € 33},_0 (y). Hence, for any y € S:

7[10

MW= Y Phw =AY .

xelnlzea s, (v) z€dB; (v)

Since |83;0(y)| = 8:50, and since all z € BB;O () have the same in-degree d; = &,
using symmetry the proof of (3.70) is reduced to showing that for any z € 8[3;0 ),
t = O(log3 n),

d
EM(z) o) = (1+0(1))EZ- (3.71)

To compute the expected value in (3.71) we use the so called annealed process. Namely,
observe that

1 1
E(u@ o) =~ S E(P'x.2)o) = - 3P (X, =2), (3.72)

xeln] x€ln]

where X, is the annealed walk with initial environment o, and initial position x,
and P{° denotes its law. This process can be described as follows. At time 0 the
environment consists of the edges from ¢ alone, and Xo = x; at every step, given the
current environment and position, the walker picks a uniformly random tail e from its
current position, if it is still unmatched then it picks a uniformly random unmatched
head f, the edge ef is added to the environment and the position is moved to the
vertex of f, while if e is already matched then the position is moved to the vertex of
the head to which e was matched. Let us show that uniformly in x # z € aB;O(y),
uniformly ino € A’

d
PY7 (X, =2)=( +o(1))j. (3.73)

Say that a collision occurs if the walk lands on a vertex that was already visited by
using a freshly matched edge. Recall that we fixed r = O (log®(n)). At each time step
the probability of a collision is at most O (¢/m), and therefore the probability of more
than one collision in the first ¢ steps is at most O(t4/m2) = o(m~1). Thus we may
assume that there is at most one cycle in the path of the walk up to time 7. There are
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two cases to consider: 1) there is no cycle in the path up to time # or there is one cycle
that does not pass through the vertex z; 2) there is a cycle and it passes through z. In
case 1) since X; = z the walker must necessarily pick one of the heads of z at the
very last step. Since all heads of z are unmatched by construction, and since the total
number of unmatched heads at that time is at least m — nf1 A" — ¢ = (1 —o())m,
this event has probability (1 + o(1))d; /m. In case 2) since x # z we argue that
in order to have a cycle that passes through z, the walk has to visit z at some time
before ¢, which is an event of probability O (¢/m), and then must hit back the previous
part of the path, which is an event of probability O (z%>/m). This shows that we can
upper bound the probability of scenario 2) by O (t>/m?*) = o(m™"). This concludes
the proof of (3.73). Next, observe that if x = z, then the previous argument gives
P2 (X, = z) = O(t/m) which is a bound on the probability that the walk again hits
z at some point within time #. In conclusion, (3.72) and (3.73) imply (3.71) which
establishes (3.70).
Let us now show that

E<X2|o) — (14 0(1)E(X|0)2. (3.74)

Once we have (3.74) we can conclude (3.68) by using Chebyshev’s inequality together
with (3.70) and the fact that SfOA;hO < C3log! =71 (n) for some constant C; > 0. We
write

E(X?|o)= ZA‘”"’nzZ YooY P Xien =2 X =2,

v,y €S x,x'€[n] 2By, 7 S o)

(3.75)
where }P’a ”, is the law of two trajectories (X, X}),s =0, ..., , that can be sampled as
follows. Let X be sampled up to time ¢ accordmg to the prev10usly described annealed
measure P§'?, call o’ the environment obtained by adding to o all the edges discovered
during the sampling of X and then sample X’ up to time ¢ independently, according
to P4,

Let also P° be defined by

1
o _ a,o
Pye = n2 Z L
x,x'€[n]

Thus, under P"° the two trajectories have independent uniformly distributed starting
points x, x’. With this notation we write

B(xo)= X ar Y Y BT =X, =)
y,y'eS 2€0B;, () Z/€dBy (')
(3.76)
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Let us show that if z # 7/, t = @ (log>(n)):

a,0 / / dz dz’
Py (X =z, X, =Z)=(1+0(1))7. (3.77)

Indeed, let A be the event that the first trajectory hits z at time ¢ and visits z’ at some
time before that. Then reasoning as in (3.73) the event A has probability O (t/m?).
Given any realization X of the first trajectory satisfying this event, the probability of
X, = 7' is at most the probability of colliding with the trajectory X within time ¢,
which is O(z/m). On the other hand, if the first trajectory hits z at time ¢ and does
visit z’ at any time before that, then the conditional probability of X; = z, as in (3.73)
is given by (1 + o(l))dzf/m. This proves (3.77) when z # 7.
If 7 =z, t = ©(log?(n)), let us show that

PLo (X, =z, X, =z) = O(1/m?). (3.78)

Consider the event A that the first trajectory X has at most one collision. The comple-
mentary event A€ has probability at most O (t* /m?). If A occurs, then the conditional
probability of X; = z is at most the probability that X’ collides with the first trajectory
at some time s < ¢, thatis O (z/m). Hence,

PLO (X, =z, X| = z; AY) = 0> /m?) = O(1/m?). (3.79)

To prove (3.78), notice that to realize X; = z there must be atime s =0, ..., ¢ such
that X’ collides with the first trajectory X at time s, then X’ stays in the digraph D,
defined by the first trajectory for the remaining ¢ — s units of time, and X" hits z at time
t. On the event A the probability of spending A units of time in D is at most 28",
and for any & € [0, ¢] there are at most 2 4 1 points x which have a path of length &
from x to z in D;. Therefore

d, t
PL7(X, =2, X =2A) < (1 +0(1)= )
n h=0

201D 550 _ oa1ym?). (3.80)

Hence, (3.78) follows from (3.79) and (3.80).
In conclusion, using (3.77) and (3.78) in (3.76), and recalling (3.70), we have
obtained (3.74). O

3.5 Upper bound on Tmax

As in Sect. 3.4 we start by replacing 7 (y) with A,(y) = % > Pl(x, y).In (3.63) we
have seen that if t = 2kTgNT, then w.h.p.

max |4 (y) — w(y)] < e *. (3.81)
ye[n]
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Thus, using a union bound over y € [n], the upper bound in Theorem 1.6 follows from
the next statement.

Lemma 3.11 There exists C > O such that for any t = t, = @ (log> (n)), uniformly in
y € [n]
P (%) = $log' () = otn™"). (3.82)

Proof Fix
ho =log, logn,

and call o a realization of the in-neighborhood B;O (y). Clearly,

Mg = Y M@P"(, ).

2€B, ()

From (3.9), under the event G (h) from Proposition 2.1, we have Pho (z,y) < 28J_rh° =
2log™*0(n) for every z € By, (y). Define

Xi= Y (@)= kB, ().

ZEB,:O (y)

Note X = XY where the vertex y is fixed. Then it is sufficient to prove that for some
constant C, uniformly in o and y € [n]:

P(X > €logn; Gy(h) | o) =o(n™h), (3.83)

where G, (h) is defined in (2.4), (2.5). By Markov’s inequality, for any K € N and any
constant C > 0:

E[XK; G, (h) | o]
(% logn)K

P(X > € log(n); Gy(h) | o) <

(3.84)

We fix K = logn, and claim that there exists an absolute constant C1 > 0 such that

E [XK; Gy (h) |o~] < (%bgn)K. (3.85)

The desired estimate (3.83) follows from (3.85) and (3.84) by taking C large enough.
We compute the K -th moment E [ XX ; G, (%) | o] by using a version of the annealed
process that we used in (3.75) that we now explain. This time we have K trajectories

@ Springer



P. Caputo, M. Quattropani

instead of 2:

1 _ —
E[XK; Gy(h) |o] = "_KXIZ E [Pf(xl, By (1) -+ P'(xk, By () ; gy(h)m]

,,,,, XK

- — o7 (X € B XV e BL0): (). (386)

where X)) := {Xs(j), s € [0,¢]}, j = 1,..., K denote K annealed walks each
with initial point x;, and P . denotes the joint law of the trajectories X /), j =
1,..., K, and the environment, defined as follows. Start with the environment o,
and then run the first random walk X" up to time ¢ as described after (3.72). After
that, run the walk X® up to time ¢ with initial environment given by the union of
edges from o and the first trajectory, as described in (3.75). Proceed recursively until
all trajectories up to time ¢ have been sampled. This produces a new environment,
namely the digraph given by the union of ¢ and all the K trajectories. At this stage
there are still many unmatched heads and tails, and we complete the environment by
using a uniformly random matching of the unmatched heads and tails. This defines
the coupling Pﬁ;f’_.,x « between the environment (the digraph G) and K independent
walks in that environment. To ensure the validity of the expression (3.86) it suffices

to note that conditionally on the realization of the full digraph G, under Pf'qg xx the

variables X t(l), o X ,(K) are independent random walks on G with length 7.
It is convenient to introduce the notation

Xlaeo XK

for the annealed law of the K trajectories such that independently each trajectory starts
at a uniformly random point Xé]) = xj.Let Dy = o and let Dy, for¢ =1,..., K,
denote the digraph defined by the union of o = Bh_o (y) with the first £ paths

(xP o0<s<t), j=1,....¢

Call D, (h) the subgraph of D, consisting of all directed paths in D, ending at y with
length at most /. We define Qé (h) as the event TX(D¢(R)) < 1. Notice that if the final
environment has to satisfy G, (), then necessarily for every ¢ the digraph D, must
satisfy Qﬁ (h). Therefore,

E[x%: gm0 ] <Peo (X7 e B ... XM e B gEm). (387)

Define
We= > [d;(Dy)— 1]y, (3.88)
xeV(Dy)

where V (Dy) denotes the vertex set of Dy and d (D) is the in-degree of x in the
digraph Dy. Define also the (¢, s) cluster C; as the digraph given by the union of Dy
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and the truncated path {X L(,Z), 0 < u < s} withs < r. We say that the ¢-th trajectory

X® has a collision at time s > 1 if the edge (X", X") ¢ €' and XV € ¢57".
We say that a collision occurs at time zero if X(()Z) € Dy_1. Notice that at least

> ldy (D) — 114
x¢By o ()

collisions must have occurred after the generation of the first £ trajectories.
Let Qg denote the total number of collisions after the generation of the first £
trajectories. Since |l’>’h_0 (y)| < Alogn one must have

We < Alogn + Q. (3.89)
Notice that the probability of a collision at any given time by any given trajectory

is bounded above by p := 2A(Kt + A}io)/m = 0(log4(n)/n) and therefore Qy is
stochastically dominated by the binomial Bin(Kt, p). In particular, for any k € N:

1 8k
P(Qk 2 ) = (Kip)h = ck2E ) (3.90)
n
for some constant C» > 0. If A > 0 is a large enough constant, then
~ A 1og2(n)
P(Qkx > Alogn) < e 2 98", (3.91)

If A > 2 then (3.91) is smaller than the right hand side of (3.85) withe.g. C; = 1,
and therefore from now on we may restrict to proving the upper bound

K
P (X" € By, XM € By ()1 Qk = Alogns GE () = (SLlogn)
(3.92)

for some constant C; = C1(A) > 0. To prove (3.92), define the events
Be={X\" € By ... X" € By (y): Qv < Alogn: GX(l)),  (3.93)

for{ =1,..., K. Since Byt C By, the left hand side in (3.92) is equal to

K
PL7 (B1) [ [ P47 (Be | Be-) (3.94)
=2
Thus, it is sufficient to show that for some constant C;:

P& (By| Be—1) < Sllogn, (3.95)
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forall ¢ =1, ..., K, where it is understood that P'° (B; | Bg) = P2'° (By) .

Let us partition the event {X t(e) € B;O (y)} by specifying the last time in which the
walk X© enters the neighborhood B;O (y). Unless the walk starts in B;O (y), at that
time it must enter from BB;O (y). Since the tree excess of B;O (y) is at most 1, once the
walker is in B;O (y), we can bound the chance that it remains in B;O (y) for k steps by
28;]‘ . Therefore,

PL7 (Be | Be1) < Py (X( € By () | Bey)

<2677 (X € By (1) | Bey)

t
+3 28,0 pee (X§‘> € 3B, ()| Bg_1>
j=I

t
<us; 4 Y 2smC-Dpae (Xﬁ.‘) c aB,,O(y)|Be,1)
j=t/2+1

Since t = @(log3 (n)), it is enough to show
peo (le.‘) € 3B, ()| BH) < Cliogn, (3.96)

uniformly in j € (#/2,¢t)and 1 < ¢ < K.
Let Hé denote the event that the £-th walk makes its first visit to the digraph Dy
at the very last time j, when it enters 86;0 (v). Uniformly in the trajectories of the

ho+1

first £ — 1 walks, at any time there are at most A,IBB,:O <A = A_logn

unmatched heads attached to 83;0 (y), and therefore
Pe (X1 € 085, (1)s HE | Beet ) = 08B, (0)1/m) < Stlogn.  (3.97)

Let 'Hg denote the event that the ¢-th walk makes a first visit to Dy at some time
s1 < Jj, then at some time s, > s it exits Dy_1, and then at a later time s3 < j enters
again the digraph D,_;. Since each time the walk is outside D;_; the probability of
entering Dy_1 at the next step is O (Kt /m), it follows that

4 —
pe- <X§ Ve 0B, ()1 M| Bg_l) = 0(K2*/m?) < S logn. (3.98)
It remains to consider the case where the £-th walk enters only once the digraph Dy_
at some time s < j — 1, and then stays in Dy_ for the remaining j — s units of time.

Calling Hf ; this event, and summing over all possible values of s, we need to show
that

Jj—1
3 P (Xj.‘” € 3B, (»): i, | Bg_l) < Sliogn. (3.99)
s=0
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We divide the sum in two parts: s € [0, j — A+ hol and s € (j — h + ho, j). For
the first part, note that the walk must spend at least A — hg > f/2 units of time in
Dy_1(h), which has probability at most 28_7_h/ 2= O (n~*%) for some constant € > 0,
because of the condition Qf,_l (h) included in the event B,_1. Since the probability of
hitting Dy_ at time s is O (Kt/m) we obtain

Jj—h+ho
> B (x o8, (0 HY I Bet) = O(KiPn™ fm) < Slogn.

s=0
(3.100)

To estimate the sum over s € (j —h+hg, j), notice that the walk has to enter D;_| by
hitting a point z € D,_ at time s such that there exists a path of length 4 = j —s from
zto 86;0 (y) within the digraph Dy_1. Call Lj, the set of such points in D,_;. Hitting
this set at any given time s coming from outside the digraph D;_; has probability
at most 2A|Lj|/m, and the path followed once it has entered D;_; is necessarily in
Dy_1(h) and therefore has weight at most 28J_rh. Then,

i P QAL
Z Pa-o (Xﬁ.e) € B, (»; Hli],s | Befl) < Z L 263", (3.101)
s=j—htho+1 ="

Let Aj, C Lj, denote the set of points exactly at distance i from 8Bh_0 (y)in Dy—1. We
have

Anl < Y di (D)

X€Ap—1

<|Anil+ Y [dy (De-1) — 114

X€AR_1

[Anal+ Y Iy (D) — 114
XEAL_1UAp_>

<A+ D ldy(Den) — 1y
x€AQU....UA;_|

1085, ()] + W1

IA

IA

IA

Since h < h = O(logn) and |Bl’§'h_0 (y)| < logn, using (3.89) we have obtained
[Apl < Calogn + Q1. (3.102)

On the event By_| we know that Qy;_| < Alogn, and therefore |A;| < C3logn for
some absolute constant C3 > 0. In conclusion, for all 2 € (0, i — hg)

h
1Lyl <) |A¢l < Cshlogn. (3.103)
=0
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Inserting this estimate in (3.101),

j—1
> P (X e B0 Y1 Bet) = Stlogn, (3.104)
s=j—h+1

Combining (3.100) and (3.104) we have proved (3.99) for a suitable constant C;. O

3.6 Lower bound on 77,5

Lemma 3.12 There exist constants &, ¢ > 0 such that

]P(ES C lnl. S| = n® ., nminm(y) = clog! " (n)) =1—o(l).  (3.105)
ye

Proof We argue as in the first part of the proof of Lemma 3.10. Namely, let (A, 8x) €
L denote the type realizing the minimum in the definition of «1; see (1.16). Let V,, =
Va,.s, denote the set of vertices of this type, and let s € (0, 1) be a constant such that
|Vi| = axn, for all n large enough. Fix a constant g1 € (0, }1) and call yi, ..., yn,
the first N; := nP! vertices in the set V,. Then sample the in-neighborhoods Bh_o i)
where

ho =logy logn —C, (3.106)
and call o a realization of all these neighborhoods. As in the proof of Lemma 3.10, we
may assume that all Bh_o (y;) are successfully coupled with i.i.d. random trees Y;. Next
define a y; lucky if B;O (yi) has all its vertices of type (A, 8x). Then, if C in (3.106)

is large enough we may assume that at least n”1/2 vertices y; are lucky; see (3.67). As
before, we call A’ the set of o realizing these constraints. Given a realization o € A/,
and some ¢ € (0, B1/2) we fix the first n® lucky vertices y.;, i = 1,...,n°. Since
P(A) =1 —o(1), letting S = {y.;,i = 1,...,n%}, it is sufficient to prove that for
some constant ¢ > 0

max ]P’( min 7w (ys;) < clog' =1 (n) |o) =o(1). (3.107)
oce A i=1,...,n¢

To prove (3.107) we first observe that by (3.34) and Lemma 3.3 it is sufficient to prove
the same estimate with nz(y, ;) replaced by I'y, (ys,i), where h1 = K loglogn for
some large but fixed constant K. Therefore, by using symmetry and a union bound it
suffices to show

max P (Fhl(y*) < clog! ™1 (n) |0> <n2, (3.108)
oe A

where y, = .1 is the first lucky vertex. By definition of lucky vertex, BBh_O (¥4)
has exactly Afﬁ" elements. For each z € 88;0 (y+) we sample the in-neighborhood
B;} —ho (z). The same argument of the proof of Lemma 3.2 shows that the probability
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that all these neighborhoods are successfully coupled to i.i.d. random directed trees is
at least 1 — O(A%"1 /n). On this event we have

alo
Thy () = 8,70 ) " X5, (3.109)

i=1

where X; = Miiu—ho is defined by (3.15). Then (3.16) shows that
P (I‘hl (ys) < %AZO(S;hO) < exp (—clAQO), (3.110)

for some constantc; > 0. Since Ai’o =A;“lognand Ai’oé*_ho =(8+/A)C log! 1 (n),
this shows that

max P (1“,1l (y2) < c2log! ™1 (n) | a) <n2, (3.111)
oeA

for some new constant ¢, > 0 and for ¢ = ¢ A;C/4. This ends the proof of (3.108).
O

4 Bounds on the cover time
In this section we show how the control of the extremal values of the stationary
distribution obtained in previous sections can be turned into the bounds on the cover

time presented in Theorem 1.9. To this end we exploit the full strength of the strategy
developed by Cooper and Frieze [14-17].

4.1 The key lemma

Given a digraph G, write X, for the position of the random walk at time ¢ and write
P, for the law of {X;, t > 0} with initial value Xo = x. In particular, P, (X; = y) =
P'(x, y) denotes the transition probability. Fix a time 7 > 0 and define the event that
the walk does not visit y in the time interval [T, t], fort > T':

Al =1{X; #y. Vs € [T.1]}. (4.1)

Moreover, define the generating function
T
RI() =) 2 PyX, =y), zeC. 4.2)
t=0

Thus, RyT (1) > 11is the expected number of returns to y within time 7, if started at y.
The following statement is proved in [15], see also [17, Lemma 3].
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Lemma 4.1 Assume that G = G, is a sequence of digraphs with vertex set [n] and
stationary distribution 1 = m,, and let T = T, be a sequence of times such that

(i) maxy yepy |[PT(x,y) — ()] <n 3.
(i) T27mmax = 0(1) and Ttmin > n2.

Suppose that y € [n] satisfies:

(iii) There exist K, ¢ > 0 independent of n such that

min |RyT(z)| > .
lzl<1+ 27

Then there exist &1, &2 = O (T wmax) Such that for allt > T

1+& ot
)Icl’ée[l;(] P, (Ag(t)) — W < e 2KT, (4.3)
where o)
py =« +$2)RyT(1)' 4.4)

We want to apply the above lemma to digraphs from our configuration model. Thus,
our first task is to make sure that the assumptions of Lemma 4.1 are satisfied. From
now on we fix the sequence T = T, as

T = log’(n). 4.5)

From (3.2) and the argument in (3.61) it follows that item (i) of Lemma 4.1 is satisfied
with high probability. Moreover, Theorem 1.3 and Theorem 1.6 imply that item (ii)
of Lemma 4.1 is also satisfied with high probability. Next, following [16], we define a
class of vertices y € [n] which satisfy item (iii) of Lemma 4.1. We use the convenient
notation

¥ = logloglog(n). (4.6)

Definition 4.2 We call small cycle a collection of £ < 37 edges such that their undi-
rected projection forms a simple undirected cycle of length £. We say that v € [n] is
locally tree-like (LTL) if its in- and out-neighborhoods up to depth ¢ are both directed
trees and they intersect only at x. We denote by V| the set of LTL vertices, and write
Vo = [n] \ Vi for the complementary set.

The next proposition can be proved as in [16, Section 3]. Recall the definition of A
in (2.1).

Proposition 4.3 The following holds with high probability:

(1) The number of small cycles is at most A%’

(2) The number of vertices which are not LTL satisfies |V»| < AV,

(3) There are no two small cycles which are less than 99 undirected steps away from
each other
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Proposition 4.4 With high probability, uniformly in'y € V;:
RI()=1+027"). 4.7)

Moreover, there exist constants K, > 0 such that with high probability, every y € Vi
satisfies item (iii) of Lemma 4.1. In particular, (4.3) holds uniformly in y € V1.

Proof We first prove (4.7). Fix y € V; and consider the neighborhoods Bg(y) and
B;, (). By Proposition 2.1 we may assume that B (y) and B;f(y) are both directed
trees except for at most one extra edge. By the assumption y € Vi we know that
By (v), B; (y) are both directed trees with no intersection except y, so that the extra
edgein B, (y) U B; (y) cannot be in By (y) U B; (y). Thus, the following cases only
need to be considered:

(1) There is no extra edge in By, (y) U B;; s

(2) The extra edge connects B (y) \ By (v) to itself
(3) The extra edge connects B, (y) to B, (y) \ By (»);
(4) The extra edge connects B;(y) to B (v) \ By ().

In all cases but the last, if a walk started at y returns at y at time ¢ > 0 then it must exit
BB;; (y) and enter By, (y), and from any vertex of 35, (y) the probability to reach y
before exiting B, (y) is at most 2§ —"_ Therefore, in these cases the number of visits
to y up to T is stochastically dominated by 1 4+ Bin(7T, 26~") and

I<RI(H) =<1+ 2T " =14+0mn™,

for some a > 0. In the last case instead it is possible for the walk to jump from Bg‘ )
to B, (y) \ By (). Let Ei denote the event that the walk visits y exactly k times in the
interval [1, T']. Let B denote the event that the walk visits y exactly ¢ units of time
after its first visit to 0B (y). Then Py(B) < 5%, On the complementary event B¢
the walk must enter a8, (y) before visiting y, and each time it visits 98, (y) it has
probability at most 28" to visit y before the next visit to 0B, (y). Since the number

of attempts is at most 7 one finds
Py (E1) <Py(B)+Py(E1, B) <677 42787 <2577,
By the strong Markov property,

P, (Ex) < Py(EpF.

Therefore

RI()=14) kPy(E) =1+00"").
k=1
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To see that y € V| satisfies item (iii) of Lemma 4.1, take z € C with |z] < 1+ 1/KT
and write

T
IRI @)= 1= Py(X; =p)zl' = 1 =S RI () -1 =1-0@"").
=1

4.2 Upper bound on the cover time

We prove the following estimate relating the cover time to 7yi,. From Theorem 1.3
this implies the upper bound on the cover time in Theorem 1.9.

Lemma 4.5 For any constant € > 0, with high probability

logn
max Ey(teoy) < (1 + )22

x€[n] Tlmin

(4.8)

Proof Let U, denote the set of vertices that are not visited in the time interval [0, s].
By Markov’s inequality, for all #,, > T":

Elteov] = ) Pr(teoy > 8) = ) _Py(Us # 0)

s>0 s>0

<t+ ) EUN=t+) Y P(yeU)

S>1y $>tyx ye[n]
Sttty Y PAl ). (4.9)
s>ty ye[n]
Choose
_ (I+e)logn
Tlmin '
for ¢ > 0 fixed. It is sufficient to prove that the last term in (4.9) is o(z,) uniformly in

x € [n].
From Proposition 4.4 we can estimate

(148"

P (A} (5)) = Arpyi

(4.10)

where py := (1 + &) (y) with &, &' = O(Tmax) + 0(8~7) = o(1) uniformly in
x € [n], y € Vj. Therefore,

T
Y PAl) = +o) Y ———— X py)t* (4.11)

S>ty erl er
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Using 7w (y) > fTmin, (4.11) is bounded by

(I+o())n 2n
— — =< exp (—Tmintx (1 +0(1))) <
py(l +py)* TTmin TTmin

= o(ty),

for all fixed &€ > 0 in the definition of .

It remains to control the contribution of y € V5 to the sumin (4.9). From Proposition
4.3 we may assume that |V,| = O(AY?). In particular, it is sufficient to show that
with high probability uniformly in x € [n] and y € V5:

D PL(AL(s) = o(t. A7), (4.12)

§>1y

To prove (4.12), fix y € V> and notice that by Proposition 4.3 (3), we may assume
that there exists u € V s.t. d(u, y) < 109. If t; = 1o + 109, ty := 4/7min, then

P (AL (1)) = Po(y € (X7, X741, -+, Xy )
> Po(u € (X7, X141, -, XpDPu(y € (X1, ..., X109))

> (1= Po(Af (1)) A7,
Since u € V1, as in (4.10), for n large enough,

P, (AT (4.13)

1
1 < —_ < —,
() =4 + py)otlh =2

Setting y = %A‘lo’?, we have shown that Px(.A)T,(tl)c) > y. Since this bound is
uniform over x, the Markov property implies, for all k € N,

Po(AT() = (=) s> k(T +1). (4.14)
Therefore,
ZPX(A)T;(S)) < Z(l — V)LS/(T‘HI)J < Z(l _ y)s/Zt]
= S 5>t

_SXp(—v/20) o A1
S T o iy = 0/ = 0a™),

4.3 Lower bound on the cover time

We prove the following stronger statement.
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Lemma 4.6 For some constant ¢ > 0, with high probability

min Px(rcov > cnlog” n) =1-o0(). (4.15)

x€[n]

Clearly, this implies the lower bound on T¢oy = maxXye[n] Ex(tcov) in Theorem 1.9.
The proof of Lemma 4.6 is based on the second moment method as in [17]. If W C [n]
is a set of vertices, let W; be the set

W; ={y € W: yisnot visited in [0, ]} (4.16)
Then

E,[|W;]1?
Px(fcov > t) > Px(|Wt| > O) > E
X

_ 4.17
[, @17

Therefore, Lemma 4.6 is a consequence of the following estimate.

Lemma 4.7 For some constant ¢ > 0, with high probability there exists a nonempty
set W C [n] such that

E([|W,[?
max x[l—t|2] =1+4o0(l), t=cnlog"n. (4.18)
xeln] Ex[|Wi]

We start the proof of Lemma 4.7 by exhibiting a candidate for the set W.

Proposition 4.8 For any constant K > 0, with high probability there exists a set W
such that

(1) W C Vi, where V| is the LTL set from Definition 4.2, and |W| > n“ for some
constant o > 0.
(2) For some constant C > 0, forall y € W,

m(y) < € log' " (n). (4.19)

(3) Forallx,y € W:
177 (x) — 7(V)| < TTmin log X (n). (4.20)

(4) Forallx,y € W: min{d(x, y),d(y, x)} > 29.

Proof From Theorem 1.3 we know that w.h.p. there exists a set S C [n] with | S| > nf
such that (4.19) holds. Moreover, a minor modification of the proof of Lemma 3.10
shows that we may also assume that S C V; and that min{d(x, y), d(y, x)} > 2¢ for
every x, y € W.Indeed, it suffices to generate the out-neighborhoods B;;' (y;) forevery
i = 1,..., Ni and the argument for (3.66) shows that these are disjoint trees with
high probability. To conclude, we observe that there isa W C § such that |W| > nf/?
and such that (4.20) holds. Indeed, using myin > n~! log_K I'(n) for some constant

K1, for any constant K > 0 we may partition the interval
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(" log K1 (n), Cn M og' "1 ()]

in log?X (n) intervals of equal length and there must be at least one of them containing
nflog=2K (n) = nP/? elements which, if K is sufficiently large, satisfy (4.20). O

Proof of Lemma 4.7 Consider the first moment E,[|W;|], where W is the set from

Proposition 4.8 and ¢ is fixed as t = c¢nlog” (n). For y € W C V| we use Lemma
4.1 and Proposition 4.4. As in (4.10) we have

P (AT (1)) = (14 0(1)(1 + py)~“+Y, (4.21)

where py, = (1 + o()7(y) < pw = 2C n~! logl”’1 (n), where C is as in (4.19).
Therefore,

E, [|W,]] = Z P, (y not visited in [0, 7])
yew

> =T+ ) PAT(1) = =T + (L + o)W1+ pw) ™"
yeW

Taking the constant c in the definition of 7 sufficiently small, one has pwt < «/2logn
and therefore

E  [IW1> —T + (1 +o(1)|W[n~*/? > 1 n®/2, (4.22)

where we use T = log3 (n) and |W| > n“. In particular, since T = log3 (n), (4.22)
shows that

3P (0)) = (1 + o(1)E, [IWi1]. (4.23)

yeWw

Concerning the second moment E[|W;|?], we have

E, [|W,|2] — " P, (yand y’ not visited in [0, 1])
v,y eW

< Y P (A}T,(t)mA}T,,(t))

y.y'ew

From this and (4.23), the proof of Lemma 4.7 is completed by showing, uniformly in
x €nl,y,y eW:

P (AT (1) N AL®) = (1 + 0Py (AT (0)) P (AL0)). (4.24)
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We follow the idea of [17]. Let G* denote the digraph obtained from our digraph G
by merging the two vertices y, y’ into the single vertex y, = {y, y'}. Notice that y*
is LTL in the graph G* in the sense of Definition 4.2. Moreover, G* has the law of a
directed configuration model with the same degree sequence of G except that at y, it
has dyi* = dyi + dyjf. It follows that we may apply Lemma 4.1 and Proposition 4.4.

Therefore, if P} denotes the law of the random walk on G* started at x, as in (4.21)
we have

PE(AL (1) = (1 + o))+ jy) " (4.25)

uniformly in x € [n], y,y" € W, where p,, = (1 4+ o(1))7*(ys), and 7* is the
stationary distribution of G*. In Lemma 4.9 below we prove that

ma lm() —7* )| <a, |7(y)+7(Q) -1l <a, (4.26)
ven|:
v#£y,y'

where a := 7Tmin log_1 (n). Assuming (4.26), we can conclude the proof of (4.24).
Indeed, letting P, denote the transition matrix of the graph G*,

PrAT (1) = Y Pl vP(X, #y.. Vs €[1.1 =T
v#Ey,y

-y (n*(v) + O(n_3)) PE(X, # yo, Vs € [L,1 — T])

v#Ey,y

On the other hand,

PATONAL@®) = Y PT(, 0P (X ¢ {y, Y}, ¥s € [1, 1= T))

v#EY,Y

> (7 + 06 ™) PuXs ¢ v,y Vs €11 = T))

v#EY,Y

Forallv # y, y/,

Pi(Xy # yi, Vs € [1,t = T1) =Py (X, ¢ {y, Y}, Vs e [1,1 = T])

= (1 +0(1))PT

TTmin

(.X, v)Pv(XS ¢ {y’ y/}’ Vs € [Lt_ T])v
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uniformly in x € [n], where we used condition (i) in Lemma 4.1 to estimate 1 <
(o) pT (x, v). Therefore, using (4.26)

T'min

P (AT ()N ALW) - Pr (AT )]

< Y T = @) + 0 )| Py(X ¢ {y. ¥}, Vs € [1.1 =T
vEY,Y

< @+ oyt ed)

T'min

Y PTx P (X ¢ {y, )}, Vs e[l,1 = T))
vEY, Y

P (A, (1) N Ay (1)).

2a
=<

TTmin
By definition of a we have a/myj, — 0 so that
P (AL ()N AL @) = (1 +0()PEA] (1)), 4.27)
Using (4.21), (4.25) and (4.26) we conclude that

P, (AT 0N AT M) = (1 + o) exp (—(1 + (1) (T () +7())1)
= (1 + 0P, (AT () P (AL ().

Lemma 4.9 The stationary distributions 7, w* satisfy (4.26).

Proof We follow the proof of Eq. (107) in [17]. The stochastic matrix of the simple
random walk on G* is given by

P(U,IU) lfv,w;/:y*
Pi(w,w) ={ 3 (P, w)+ PO, w) ifv=y,
P(v,y)+ P(v,y") if w = y,.

Let V* denote the vertices of G*. Define the vector ¢ (v), v € V* via

() = 7w (v) UV FE Yy
‘() = ,
Tx(ys) — (@) +7(y)) v =y

We are going to show that
max |¢(v)| = o(rmin log ™' (1), (4.28)
veV*
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which implies (4.26). A computation shows that

{Pe(w) = Y L) Pu(v, w)

veV*

¢ (w) ifw ¢ B (y) UBJ ()
= 10w+ ZOFTE P w) it w e B ()
t(w) + T poy oy ifw e B (y).

Therefore, the vector ¢ := ¢ (I — P,) satisfies

if we B (y»)UB ()
|7 (y) —(y")|  otherwise .

l¢(w)| =
Hence ¢ (v) = 0 for all but at most 2A vertices v, and recalling (4.20) we have
|6 (w)] < 7min log ™" (n). (4.29)
Next, consider the matrix

T-1
M=) P
s=0

and notice that
¢ = P)) =M.

Since P, and 7* satisfy condition (i) in Lemma 4.1,
Pl =M, +E, with |E@u,v)|<n>, Yu,veV* (4.30)
where IT, denotes the matrix with all rows equal to 7,.. We rewrite the vector ¢ as
¢ =am +p,

where o € R and p is orthogonal to 7, that is

(p.m) = ) p(W)m(v) =0.

veV*
Therefore,
(@M, p) = (p, (I — E)p).
Moreover,
T—1 -
(M. p)| < Y [, PIp)l < T2 g2l (4.31)
$s=0 Tmin
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where we use

(Piy, Piyr) < Zn W)(PY)* (v)

min g

D T )P (v, )y (u)

min 4y

IA

TT,

n;;ax 2
< nTllllfllz,

min min

for any vector ¥ : V* — R. On the other hand,

2
(o, (I = E)p)| = |lpll; —n ™ (Z|p<v)|) > pl5(1—n"%). (432

Using (4.29), from (4.31) and (4.32) we conclude that

Ipll2 = 2T Tinan ol =2T == T O (min log ™ (n)).

min mm

From Theorem 1.3 applied to G* we can assume that '"“X 0(logK Bmn)if K isa

m

large enough constant. Since T = log> (), with K sufficiently large one has
lpll2 < min log™ ().
Next, notice that
0=(¢,1) =(ams+p, 1) =a+(p, 1).

Hence
lal = [{p, )] < v/ llpll2 < /1 Tomin log= /2 ().

In conclusion,

¢()? < 20%m,.(v)* +2p(v)? < 2n7k, lo —K<n>(n:;ax>2 +2lpl3

< 2nmlk log K (n) (k07 + 272 log ™K (n) < 4n2, log ™K (n),
which implies (4.28). |
4.4 The Eulerian case

We prove Theorem 1.12. The strategy is the same as for the proof of Theorem 1.9,
with some significant simplifications due to the explicit knowledge of the invariant
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measure 7 (x) = dy/m. For the upper bound, it is then sufficient to prove that, setting
t. = (1 +¢)Bnlogn,

DO PATE) + Y Y P(Al(s) = o(nlogn). (4.33)

yeV) s>t yeVy =1y

Letting V; denote the set of vertices with degree d, reasoning as in (4.11) we have

, m
dYod el < +0(1))Z |V‘1|d(1 + (1 +o(1)d/m)"

yevy s=1s

Since |V;| = n%°W m = dn, for any fixed ¢ > 0 we obtain

SN Pl () < o Zexp( (% - ad) logn) —0m), (434

VEV] S>1x

since by definition % — ag > 0. Concerning the vertices y € V5 one may repeat the

argument in (4.14) without modifications, to obtain

D> (Al (s) = o(nlogn). (4.35)

yeVa s>t

Thus, (4.33) follows from (4.34) and (4.35).
It remains to prove the lower bound. We shall prove that for any fixed d such that
Vil = n%toM o, e (0, 1], for any & > 0,

min P, (‘L’COV > (- 8)7nlog7’1 ) =1-o0(). (4.36)

x€ln]

We proceed as in the proof of Lemma 4.7. Here we choose W as the subset of V,;
consisting of LTL vertices in the sense of Definition 4.2 and such that forall x, y € W
one has min{d(x, y), d(y, x)} > 2¢. Let us check that this set satisfies

|W| > noato) (4.37)

Indeed, the vertices that are not LTL are at most A°” by Proposition 4.3. Therefore
there are at least |V;| — A% = n® o) L TL vertices in V;. Moreover, since there are
at most A2? vertices at undirected distance 21 from any vertex, we can take a subset
W of LTL vertices of V; satisfying the requirement that min{d(x, y), d(y, x)} > 20
for all x, y € W and such that |W| > (|V,;| — A%)A—2? = p2+o() From here on
all arguments can be repeated without modifications, with the simplification that we
no longer need a proof of Lemma 4.9 since a can be taken to be zero in (4.26) in the
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Eulerian case. The only thing to control is the validity of the bound (4.23) with the
choice

d
t=(1- 8)ﬁ nlogn.
d
As in (4.23), it suffices to check that with high probability

Z P(AL (1) = T — oo, (4.38)

yeW

From (4.21) we obtain

Z]P’(AyT(t)) — (1 +0(1)|W]exp (—Wr). (4.39)

yew

Using (4.37) and dt/m = (1 — &)aglogn, (4.39) is at least nt%/2 for all n large
enough. Since 7' = log3 (n) this proves (4.38).
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