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Abstract

Let X be a lazy random walk on a graph G. If G is undirected, then the mixing time is
upper bounded by the maximum hitting time of the graph. This fails for directed chains, as the
biased random walk on the cycle Z,, shows. However, we establish that for Eulerian digraphs,
the mixing time is O(mn), where m is the number of edges and n is the number of vertices. In
the reversible case, the mixing time is robust to the change of the laziness parameter. Surpris-
ingly, in the directed setting the mixing time can be sensitive to such changes. We also study
exploration and cover times for random walks on Eulerian digraphs and prove universal upper
bounds in analogy to the undirected case.

Keywords and phrases. Random walk, mixing time, Eulerian digraph.
MSC 2010 subject classifications. Primary 60J10.

1 Introduction

Random walks on graphs have been thoroughly studied, but many results are only known in the
undirected setting, where spectral methods and the connection with electrical networks is available.
As noted in Aldous and Fill [I], many properties of random walk on undirected graphs extend to
Eulerian digraphs. In this paper we show this holds true for basic bounds on mixing and exploration
times, but fails for robustness of mixing times under modification of laziness parameters.

Definition 1.1. Let G = (V, E) be a directed graph, where V' is the set of vertices and E the
set of directed edges. We write doyt(x) and di, (z) for the outdegree and indegree of the vertex x
respectively. The graph G is connected if for all vertices z and y there is a path from z to y
ignoring directions. It is called d-regular if doyt(z) = din(z) = d for all z € V(G). Finally it is
called Eulerian if doy(z) = din(z) for all z € V(G).

Let X be a Markov chain on the finite state space E with transition matrix P and stationary
distribution 7. We write P!(z,y) = Po(X; =y) for all z,y € E. The chain X is called lazy
if P(x,z) >1/2forall z € E.

Let G = (V, E) be a directed graph. Then a lazy simple random on G is a Markov chain X with
transition probabilities given by
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For convenience, when we consider Eulerian graphs, we drop the subscript “out”. For all € > 0 we
define the e-total variation mixing time of the transition probability matrix P via

tmix(ﬁ) - min{t > 0: mfx HPt(xv ) - 7I-HTV < 8}

and the ¢ — L, mixing via

tunit(€) = min {t >0 : max
x7y

Following the convention, we write tmix = tmix(1/4) and tynit = tunie(1/4).

If X is reversible and lazy, then it is known ([I0, Chapter 10] or [I1]) that

tunif < 4;2%% Em [Ty] + 17

where 7, =inf{t > 0: X; =y} forally € E.

However, if X is not reversible, then this upper bound fails. Indeed, if X is a lazy biased walk
on Zy with P(i,i) = 1/2 and P(i,i+1) =1/3 =1/2— P(i,i— 1), where all the operations are done
modulo n, then ¢y is of order n?, while max, y, E;[7,] is of order n. This chain can be realised as
a random walk on an Eulerian multi-graph.

It is well-known that if X is a lazy simple random walk on an undirected connected graph G, then
there is a positive constant ¢ so that

max E,[1,| < c¢-mn,
w?y

where m is the number of edges and n the number of vertices of G. Therefore, when G is undirected
then

tunif < C, -mn,

for a positive constant ¢’. It turns out that the same upper bound is true in the Eulerian directed
case as the following theorem shows.

Recall that an Eulerian digraph is strongly connected if and only if it is connected. Therefore, a
random walk on a connected Eulerian graph is always irreducible.

Theorem 1.2. There exists a positive constant ci1 so that for all lazy walks on connected Fulerian
digraphs on n vertices and m directed edges the following bound holds

tunit < €1 - mn.

More precisely, there exists a constant cy so that for all a

a

tunit (@) < %2 ((mn) A mz> .

Moreover, if G is regular, then there exists a constant cs so that for all a



Remark 1.3. We note that for a < 1, the bounds can be improved using sub-multiplicativity to
tunit(a) < cymn -log(1/a)

for general Eulerian digraphs, and
tunit(a) < e3n? -log(1/a)

in the regular case.

Montenegro and Tetali in [12, Example 6.4] prove a bound of O(m?) on the total variation
and £2? mixing time for random walk on connected Eulerian graphs under an expansion hypothesis.
Our bound O(mn) of Theorem improves on their bound considerably in the lazy case especially
when the degrees are high.

We prove Theorem [I.2]in Section 2] where we also derive an upper bound on hitting times of moving
targets.

We now turn to a property of undirected graphs that does not transfer to the directed Eulerian
setting. K. Burdzy asked whether the mixing time of a chain is robust to modifications of laziness
parameters (explained formally below). A positive answer for reversible chains was given in [13]:

Theorem 1.4. [13, Corollary 9.5] For all ¢1,co € (0,1), there exist two positive constants ¢ and ¢
so that the following holds. Let P be an irreducible reversible transition matriz on the state space £
and let P = (P + I)/2 have mizing time tyix. Suppose that (a(x,x))ep satisfy c1 < a(z,z) < co
for all x € E. Let Q be the transition matriz of the Markov chain with transitions: when at x it
stays at x with probability a(x,xz). Otherwise, with probability 1 — a(x,x) it jumps to state y € E
with probability P(x,y). We then have

Clmix < 75mix(Q) < Cltmixa

where tmix(Q) is the mizing time of the transition matriz Q.

Surprisingly, in the directed case the mixing time is sensitive to the change of the laziness parameter
as the following theorem demonstrates.

Theorem 1.5. Let X be a random walk on the graph G of Figure |1, which is obtained by gluing
two cycles Zy, at 0. At sites on the left cycle which are at distance in [n/4,3n/4] from 0, the random
walk stays in place with probability o = 2/(\/5 + 1) and everywhere else with probability 1/2. With
the remaining probability it jumps to a neighbour according to a biased walk, i.e. with probability 2/3
clockwise and 1/3 counter-clockwise, except when at 0 it additionally chooses with equal probability
on which cycle to start walking. Then there exist two positive constants ¢1 and ca so that for all n

Cln3/2 < tmix < tunif < 62n3/2-

This contrasts with the case a = 1/2, where tmix, tunit < n2.

We prove Theorem in Section |3} We now turn to properties of random walks on undirected
graphs that also extend to the directed case. Before stating the results we introduce some notation.

Definition 1.6. Let G be a graph and X a simple random walk on G. For k € N the k-exploration
time, T}, is the first time that X has visited k distinct vertices of G. When k = n, then T}, = Tcoy
is called the cover time of the graph.
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Figure 1: Biased random walk on the cycles with different laziness parameters

When the graph is undirected, Barnes and Feige [3] showed that E,[T},] < Ck® for a universal
constant C' and all starting vertices v. In the case of regular graphs, the bound E,[Ty] < Ck?
follows from standard results (see for instance [I, Chapter 6]). The following results extend these
bounds to the directed Eulerian setting. We prove them in Section

Theorem 1.7. There exists a positive constant c1 so that if G is a reqular connected Fulerian
digraph on n vertices, then for all starting vertices v and all k < n we have

B, [Ti] < c1k%

Theorem 1.8. There exists a positive constant co so that if G = (V, E) is a connected Eulerian
digraph on n vertices, then for all starting vertices v and all k < n we have

B [T}] < cok?.

Notation. For functions f,g we will write f(n) < g(n) if there exists a constant ¢ > 0 such that
f(n) < cg(n) for all n. We write f(n) 2 g(n) if g(n) < f(n). Finally, we write f(n) < g(n) if both
f(n) < g(n) and f(n) 2 g(n).

2 Bounds on mixing times

In this section we prove Theorem which gives an upper bound for the £, mixing time. There
are several well developed tools for analysing mixing times, most of which are not effective in the
directed case. Our bounds rely on the spectral profile technique introduced in [6]. We stress that
no other technique we are aware of yields results of this precision.

We start by recalling the spectral profile technique of [6].

Let X be a Markov chain on V with transition matrix P and stationary distribution m. The
Dirichlet energy of a function f :.S — R is defined via

Erf.f) =5 3 () = f@)* a0 P(e,w)

v,weV



For f: S - Rand g: 5 — R we define their inner product with respect to 7 via
(fr9)n =D f(@)g(a)m ().
x

Note that for a reversible chain we have

Ep(f, f) = (f,(I = P)f). (2.1)
For a subset @ # S C V we define A\(S) via

B : Ep(f. f)
AlS) = 20, sg(f)gs Varg(f)’

where supp(f) = {z : f(z) # 0} and Varz(f) = Ex[(f — Ex[f])*].
The spectral profile A : [7,,00) — R is defined by

A(r)=inf  A(9),

T <m(S)<r
where 7, = min, 7(x).
We can now state the main result of [6] that we will use.

Theorem 2.1 ([6]). Let P be an irreducible transition matriz with stationary distribution 7 satis-
fying P(x,z) > § > 0 for all xz. Then for all a > 0 we have

4/a P
tunif(a) <2 {A (57“/d\(7“)—‘ .

The following lemma is standard. We will use it in the proof of Theorem so we include the
proof here for completeness.

Lemma 2.2. For all v < 1/2 the spectral profile satisfies

EP(fvf) ng(fvf)

in < A(r) < inf 2.2
20, m(supp(f)<r Er[f?] — ) < 120, n(supp(f)<r  Er[f?] 22)
Proof. For a function f and a set A the Cauchy-Schwartz inequality gives
(E[fL(A)])* < E[f*L(A)] x(A).
Taking A = supp(f) we get
Vary (f) > (1 = n(A))Ex[f?],
and this proves the lemma. O

We are now ready to give the proof of Theorem

Proof of Theorem [1.2l We will use Theorem and hence we need to find a lower bound on
the spectral profile A. Consider a set S with w(5) < r.

Let P the matrix of the reversed chain, i.e. the matrix defined by

W(v)ﬁ(v,u) =7(u)P(u,v) for all u,v.



Since the graph is Eulerian, taking the reversal amounts to reversing the orientation of the edges.

Let also

P+ P
Q= 5

Then the chain with matrix @) is a reversible chain and can be seen as a walk on a weighted graph.
An edge appearing in the original graph in both directions has weight 2, other edges have weight 1.

Using Lemma shows that we can replace the variance in the definition of A by an Lo norm.

It is immediate to check by rearranging the terms in the definition of the Dirichlet energy that

Because of this, we can work with the reversible chain Q = (P + P)/2. Therefore, using (2.1) the
ratio we are interested in lower bounding becomes

B . FLT=Qf)x
AlS) = fzo,siglgmgs E.[f2] 1=s

A function f minimising the above expression is a left eigenfunction of the restriction @ of Q to
S, for some eigenvalue p. The matrix @ is an |S| x |S| strictly sub-stochastic matrix which implies

that p < 1 and f is strictly positive by the Perron Frobenius theorem. We now set f(z) = 7(z) f ()
for all . Then the reversibility of @) yields that f is a right eigenvector of Q).
Define v = i ].f:i the Li-renormalisation of fv By definition

1

vQ=vQ+&=pv+¢,

for some vector £ supported on S€. This shows that starting with initial distribution v on S, the
exit time from S is a geometric variable with mean (1 — p)~!. Therefore, we get

1 S 1
E,[7(S¢)] — maxE,[r(S°)]’

vES

where E, is w.r.t the chain @), which as explained above is a reversible chain. Hence taking the
infimum over all § with 7(S) < r gives

1

max max E,[7(S9)]
S (S)<r veS

A(r) =

It now remains to upper bound E,[7(S5¢)], where v € S, for the reversible chain with matrix ).
The distance from v to S¢ is at most |S|. Therefore using the commute time identity for reversible
chains [10, Proposition 10.6] we obtain

E,[7(S9)] < |S|-rm < (7“m)2 A (rmn).

This now gives a lower bound on the spectral profile

A(r) > ((rm)2 A (rmn))

Plugging this in the integral of Theorem [2.1] gives for a positive constant c¢; that

mﬂ@sj@mmmﬁ

a
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and this concludes the proof when G is an Eulerian digraph.

When G is a regular digraph, then the chain ) corresponds to a simple random walk on a regular
undirected graph. If S is a set with |S| < rn, then we can apply [I, Proposition 6.16] to obtain

E,[r(S%)] < 49)2 < 4(rn)2.

Similarly as above, Theorem [2.1] now gives

[\

n

tunif(a) S, ?

and this now finishes the proof. d

2.1 Short-time bounds and moving target.
In this section we give an application of Theorem to short time estimates for transition proba-
bilities and hitting times for moving targets.

Let u = (us)s>0 be a deterministic trajectory in the graph, i.e. u : N — V(G). We define the first
collision time 7., via
Tcol — inf{t Z 0: Xt = ut},

where X is a simple random walk on G.

Corollary 2.3. There exists a positive constant ¢ so that the following holds. Let G be an Eulerian
digraph on n vertices and m edges and X a lazy simple random walk on it. Let (u)i>0 with
ug € V(G) for all t be a moving target on G. Then

Elreat] < ¢+ (mn) - (1 + log(m/n)).

Moreover, if G is regular, then
E[reol] < ¢-n?.

The following lemma will be crucial in the proof of the corollary above.

Lemma 2.4. There exists a positive constant C' so that the following holds. Let G be an Fulerian
digraph on n vertices and m edges. If P is the transition matriz of a lazy simple random walk on G,
then we have

‘P%“m—q‘g{cz% yr=n’, (2.4)

m(v) Cmnift > n?.
Moreover, if G is regular, then for all t

n

‘Pt(uvv)
(v)

Proof. For all a > 0, if ¢ > typnie(a), then it follows that

—1’30

§'

‘Pt(u@
(v)

—1‘§a.



Using Theorem we have that in the general Eulerian case
2
()] m
tuni <= N——1.
(@) < 2 ((mn) A7)
Hence in order for this bound to be smaller than ¢, we need to take
ca(mn) ca-m
A .
t Vi

When G is regular, then tuif(a) < csn®/a?, and hence we need to take a = \/c3 - n/v/t. O

Proof of Corollary Let X be arandom walk on G and u = (us)s>0 a deterministic trajectory
in G. We set for all ¢

Zy(u) =Y W
s=1 §

From Theorem we know that t,,i:(1/4) < Cmn for some constant C' and t,,i1(1/4) < Cn? in
the regular case. Take ¢t = 2C'mn and t = 2Cn? in the regular case. Then

E[Zi(u)] > t — tunie(1/4) > Cmn.

For the second moment of Z;(u) we have using the Markov property

P(X; = us, Xy = uy
E[Z}(u)] = Z ( 7 (us) () )

<E[Zi(u)] + ) W sup E[Z:(f)]

s<t

< E[Z;(u)] (1 + Sl}pE[Zt(f)O :

Applying Lemma [2.4] we obtain for all trajectories u

ZP(XWT)“) < g <1+Zg> +C:Zm (1+ ™) 5 (mn) - (1 +log(m/n)).

In the regular case, Lemma [2.4] gives
2Cn?
P(XS = U/S) < n ) 2
s ) < 1+—) <n?
SES; m(us) Z Vs
Therefore, from this and the second moment method we deduce

EZ@) . 1
E[Z}(u)] ~ 14 log(m/n)

P(Zi(u) > 0) >
and in the regular case
P(Zi(u) > 0) > c;.

This shows that the first collision time 7. is stochastically dominated by ¢ x Geom(P(Z; > 0)), so
using the above and taking expectations we obtain

El7eol] S (mm) - (14 log(m/n))

and E[7.o1] < n? in the regular case and this completes the proof. ]

Question Can the logarithmic term in Corollary be removed, i.e., is E[req] < mn for all
Eulerian digraphs?



3 Sensitivity of mixing

In this section we prove Theorem We start by recalling a classical result from diophantine
approximation that motivates the choice of the laziness parameter a.

For a finite sequence (aj)x<, the gap is defined as

/ /
Gap = sup |af, — al, |,
k<n

where (a},) is the sequence (a) sorted in increasing order.

Lemma 3.1. Let & be an irrational with continued fraction coefficients a; < B and for all k
let xy, = (k&) mod 1. Then there exists a constant ¢ such that for all n the gap of the finite sequence
{z : k <n} is at most ¢/n. Moreover, for any interval J C [0,1] of length |J| = 1/n, the number
among i, ..., Ty that fall in J is at most B + 2.

The key to the proof of Theorem [I.5] is the variability of the number of times that the walk goes
around the left cycle versus the right cycle. This variability has little or no effect if the durations
of these two types of excursions are the same or rationally related. However, if the ratio is an
irrational such as the golden mean, then Lemma together with this variability imply that the
distribution of return times to the origin is much less concentrated than in the rational case. This
in turn yields the mixing bounds.

A similar connection of mixing to diophantine approximation was found by Angel, Peres and Wilson
in [2], but the chains considered there are not related by a change of the laziness parameter.

Proof of Lemma [B.1l As in [8, page 88|, let D,, be the discrepancy of the sequence 1, ...z,
ie.,
k<n:z€la,
D,= sup k<n: [aﬁ)’—(ﬁ—a)-
0<a<p<1 n

In particular D, is at least the largest gap in the sequence. Let ¢; denote the denominators in the
expansion of &, see for instance [8, page 122, line 7]. So if a; < B for all i, then ¢;+1 < Bg; for all i.

Given any n find the largest i so that ¢ < n < ¢+1 < Bg;. Now [§, inequality (3.17)] gives

D,, < 2/q; < 2B/n, and hence the largest gap in x1,z9,..., 24, is at most 28 /n. This then also
applies to the largest gap in x1,...,T,.

To prove the second assertion of the lemma, using [8, inequality (3.17)] again we get Dy, , < 2/¢i41.
This means that the number of z; for j < g1 that fall in J is at most 2 + ¢;41|J| < 2+ B. This
concludes the proof. O

In this section we consider the graph G described in the Introduction and depicted in Figure
below. We call C the cycle on the left and C5 the cycle on the right.

Let X be a random walk on GG with transition probabilities as explained in the statement of
Theorem The key to proving Theorem [I.5]is the following.

n3/2
50

Lemma 3.2. For allt € [ 10n3/2] we have



laziness = «

iness = 1
laziness = L 0 laziness = 5

2

Figure 2: Biased random walk on the cycles with different laziness parameters

In order to prove this lemma we will construct a coupling between the walk X and another walk Y
which is constructed by taking independent excursions in every cycle and every time it visits 0 it
chooses one of the two cycles equally likely. Then we will show that the coupling succeeds with
high probability.

Definition 3.3. Let (&);>1 be i.i.d. random variables taking values in {0,1} equally likely. Let

(T!);>1 be i.i.d. random variables distributed as the commute time between 0 and a for a random

walk on the cycle Cy. Similarly, let (Tf)izl be i.i.d. random variables distributed as the commute
time between 0 and b for a random walk on the cycle Cs.

For all k£ > 1 we let
k

Sk =Y (&T + (1 - &)T7).

=1

The main ingredient in the proof of Lemma is the following estimate.

n3/2

Lemma 3.4. For all times t € [Wv

10n3/2] we have

1
;P(sk_t)An.

Before proving Lemma [3.4] we collect some standard estimates for sums of independent random
variables.

The first one is a direct application of the Local CLT for the Bernoulli random variables (&;).
Claim 3.5. There exists a positive constant ¢ so that for all x € {—k/2,...,k/2} we have

P(iz; & — g - g;) < <\}Eexp (-“lj)) Vexp (—evk) (3.1)

and for all z with |z| < vk we have

P k L o 3.2
;fz—z—ﬂU f\ﬁ- (32)
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Proof. The claim follows using [9, Theorem 2.3.11] for |z| < k** and the Azuma-Hoeffding in-
equality for |z| > k3/4. O

Lemma 3.6. For all i we set Di1 = TZ-1 — E[Tll] and D? = TZ-2 — E[TZQ] There exists a positive
constant c1 so that for all k,¢ <n and all y € R we have

2

k ¢
1 y
P D!+ D? = S| ——m—=ex (—c > Vexp (—ein'/?).
(; ; y) < (kE+0)n P 1(k+€)n p( ! )
Moreover, for all |y| < \/(k +€)n (in the right support) we have
ZDl + ZD2 =y !
(k: +0n

Proof. We first note that it suffices to prove that for all y we have

k 2

1 Y
P D! = < —c1 - vV — e (kn)Y/3 d
<Z§:1 i y>N<mexp( c1p >> exp( c1(kn) > an

k
1
P D=y | == — iflyl <Vkn
<Z:; y) = lyl < v

for any value of the laziness parameter o on the left half of the cycle. Then the same bound will
also hold for (D?) by taking o = 1/2. From these two bounds and using that the convolution of
Gaussian densities is another Gaussian proves the lemma. So we now focus on proving (3.3)).

(3.3)

We split the time T into the time S; to go from 0 to a and the time S/ to go from a to 0. Note
that S; and S are independent.

We start by analysing S;. Consider a biased (2/3,1/3) random walk Z on Z with laziness equal
to ain [n/4,n/2]U[—n/2,—n/4] and equal to 1/2 everywhere else. Then the time S; has the same
distribution as the first hitting time of {—n/2,n/2} by Z. Let Y be another biased random walk
on Z with the same transitions as Z. We are going to couple Y and Z so that they are equal up
to the first hitting time of {—n/4,n/2}. If they hit —n/4 before n/2, then we declare that the
coupling has failed. We then get that for a positive constant ¢ we have

—Ccn

P(coupling has failed) < e

On the event that the coupling has succeeded, we get that T { n/2 )2} = 73//2. Therefore, up to

exponentially small in n probability, we can replace the sum lel S; by Zle 7;, where (7;) are
ii.d. distributed as the first hitting time 7 of n/2 for the walk Y on Z, i.e.

k k
P(Z(Si —E[S)]) = y) Se "+ P(Z(Ti —E[n]) =y - O(em)> , (3.4)
i=1 =1

where the last step follows from the fact that E[ (njo, n/2}] [ n/21| + O(e™ ™).

Exactly in the same way as above, we get

k e
(Z(S/ E[S]) = y) Se "+ P(Z(T{ —-E[7]]) =y - O(e_cn)> ,

=1 =1
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where 7/ is now the first hitting time of n/2 for a biased walk as above with the only difference
being that the laziness is equal to « in [—n/4,n/4] and equal to 1/2 everywhere else.

We now turn to bound the probability appearing on the right hand side of . First we decom-
pose T as T = Z?fl_l T;_1,j, where T;_1 ; is the time to hit j starting from j — 1. Note that these
times are independent, but not identically distributed for all j. However, for j < n/8, up to an
exponentially small in n probability, we can couple as before T;_; ; with i.i.d. random variables
each with the distribution of the first hitting time of 1 starting from 0 for a biased (2/3,1/3) ran-
dom walk on Z with laziness equal to 1/2 everywhere. Then the coupling fails only if the walk
starting from j — 1 hits —n/4 before j, which has exponentially small in n probability. Similarly
for j € [3n/8,n/2] we can couple them to i.i.d. random variables each with the same distribution
as the first hitting time of 1 starting from 0 by a biased random walk on Z with laziness equal to
«a everywhere.

Finally, for j € [n/8+1,3n/8] the random variables T};_; ; are independent and all have exponential
tails with the same uniform constant, i.e. there exist positive constants ¢; and ¢y so that for all j
in this range

P(’IY]',L]' 2 l‘) S Cle_czx.

Therefore, taking the sum over all i« < k we get by [14, Theorem 15] and Chernoff’s bound for a
positive constant ¢; and = > 0

k 3n/8 2
P Z Z (TJ(_)IJ — ]E[TJ(_)IJ]) >z | Sexp <_cllm> if x <crkn (3.5)
i=1 j=n/8+1
k 3n/8 ' '
P Z Z (Tj(z_)hj - E[Tj(l_)l,j]) >z | Sexp(—caiz) if x> cikn. (3.6)
=1 j=n/8+1

Using the local CLT [9, Theorem 2.3.11] for |y| < (kn)*? and [14, Theorem 15| for |y| > (kn)%/?
we obtain for a positive constant ¢

k n/8

P Z Z (TJ(Z_)IJ — E[TJ(Z_)IJD =y—0(e ™| < L exp (—Ckyj) V exp (—c(k;n)l/3) )

i=1 j=1

2]

For |y| < Vkn using again [9, Theorem 2.3.11] yields

k n/8

P33 (19, ~E[1,)]) =u -0 | = ¢%

i=1 j=1

The same bound (with different constants) holds for the sum over j € [3n/8 + 1,n/2]. Using again
that the convolution of two Gaussian densities is Gaussian we get that

n/8 n/2
P i > (0, -E[mh]) + i > (1, -E[,]) =y -0
i=1 j=1 i=1 j=3n/8+1

1 cy2 1
< _ _ /3
< exp ( kn> V exp ( c(kn) )
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and for |y| < Vkn

k n/8 n/2

>3 (1, —Elr D+Z > (12 BT ,]) =y - o ==

=1 j=1 i=1 j=3n/8+1

We now set

n/8 n/2
iZ( [T(l D+Z 3 <TJ‘(?1J_E[TJ@1JD and
i=1j=1 i=1 j=3n/8+1
3n/8 '
By 3 (10, 5[r)).
=1 j=n/8+1

Putting all these estimates together we get

k
P(Zpg = y> = > PBr=x)P(A4=y —x)+ P(Ay =y — 2)P(By, = 2)
i=1

@@ >yl /2 m:|:p\§w

Fl
2
S \ﬁ exp (—cl yﬂ) V exp (—cl(kn)1/3) ,

where we set y' =y — O(e~"). For |y| < Vkn we get

k

1
P Dl — -
(Zor=0) =i

and this completes the proof of (3.3]). O

To prove Lemma 3.4 we also need to know the ratio of Eg [Tll] to Eg [Tf] . This is the content of the
following lemma which is a standard result, but we include the proof for the reader’s convenience.

Lemma 3.7. For all n we have

Eo[T}] = <2+ 1i> - f(n) and Var (T}) <n
Eo[T7] = 4f(n) and Var (T7) <n
where
f(n) = 37” _3p.o2. w

Proof. It suffices to prove the statement for T, since taking o = 1/2 proves the second assertion.
Recall that T} is the time it takes starting from 0 to hit a and come back to 0 afterwards. We
split the time 77 into the time S; to go from 0 to a and the time Sy to go from a to 0. Since
we are only interested in the expectation of T we are going to couple S; and Sy as follows: we
identify the upper part of the cycle [0, n/2] with the lower part [n/2,n], i.e. we identify ¢ € [0,n/2]
with n/2 +1i € [n/2,n]. Let S be the time it takes for a non-lazy walk to go from 0 to a. Then S
has the same law as the time to go from a to 0. Let L; be the local time at vertex ¢ up to time S,
i.e. the number of visits of the non-lazy walk to ¢ before hitting a starting from 0. Then this has
the same law as L,,/o4; for a random walk starting from a before it hits 0. Let (§;;) and (E,])

13



be two independent families of i.i.d. geometric random variables with means 1 and 1/(1 —a) — 1
respectively. Using the identification of the two parts of the cycle explained above, we can now
write

n/4 L, n/2  L; _ 3n/4 L, _ n L;
:S+ZZ§M+ Z Z&,j—l— Z Zfi,j"" Z Zfi,j
i=0 j=1 i=n/4+1 j=1 i=n/2+1 j=1 i=3n/4+1 j=1
n/4 L; _ n/2 L; 3n/4 L,
S2:S+Zzgi,j+ Z Z&,]‘F Z Z&J‘F Z Zfl,ja
1=0 j=1 i=n/4+1 j=1 i=n/2+1 j=1 1=3n/4+1 j=1

where n is identified with 0 in Z,. Taking expectation and adding these two equalities yields

Eo[T{] = 2E[S] + 3 _E[L] E[gm n ;51,1} = 9E[S] + (1 + ﬁ - 1) E[S] = (2 L ! ) E[S].

1l -«

An elementary calculation shows that E[S] = f(n). We now turn to prove the asymptotic for the
variance. It suffices to show that Var (S1) =< n, since Var (T}) = 2Var (S1). Let Y be a biased
(2/3,1/3) random walk on Z with laziness equal to « in [a/2,a] and [—a,—a/2] and equal to 1/2
everywhere else. Then S; has the same law as 7, A 7_,, where 7, stands for the first hitting time
of x by Y. We can then write

To =TaNT—q + 1(T—q < 7o) - T,

where 7 is the time it takes to hit a starting from —a, and is independent of 1(7_, < 7,). Note
that we can write 7, = Z?Zl Ti—14, where T;_1 ; is the time it takes Y to hit ¢ starting from ¢ — 1.
Using that (7j—1;); have exponential tails and Azuma-Hoeffding we obtain that Var (7,) < a and
Var (7) < a. This together with the above decomposition of 7, finishes the proof. O

Proof of Lemma For all k£ we have
k k/2 k
P(Sk =t) = P(Z(&T& +(1-&)TP) = t) > (Z G=5+2) (T +(1-&)T7) = t) :
=1 z=—k/2 \i=1 i=1
Since the i.i.d. families (T}});, (T7?); and (&;); are independent, by renumbering it follows that

k/2+a k/2—x

(Zfz—“”zszl +(1-&)TP _t> <Z§1_+x)19> T+ Y T =t
=1 =1
We set for all 4
= pf(n)+ D} and T} =4f(n)+ Dj,

where 8 = (3 —2a)/(1 — a). We now have

k/2+x k/2—z

St Y 1=t :Zl<§f(n)(6+4)+f(n)(ﬁ—4)$+y=t>><
=1 =1 Y
k/2+4x k/2—x

Z Dil—l— Z D?zy
i=1 i=1

14



Since E[T}| = Bf(n) and E[T?] = 4f(n), it follows that E[D}] = E[D?] = 0 and by the indepen-
dence of (T}) and (T?), it follows that the same holds for (D;}) and (D?). Applying Lemma
now yields for all y

k/24x k/2—z

1 y? .
P D! D2 — < —c>— )V —cnt'/3 3.7
; ; + ; =y S ( = exp < c1 kn>> exp < cn ) (3.7)

and for |y| < vkn we have

k/24x k/2—x 1
Pl Y Di+ > Di=y|=<— (3.8)
i=1 i=1 Vkn

Putting everything together we obtain

k k k
P(Sp=1)=) 1 <2f(n)(/3’+4) +f()(B -4z +y :t> P(ZQ =3 +g;> x
=1

:riy
k/24x k/2—x
Pl Y DI+ ) Di=y|. (3.9)
=1 =1

To simplify notation we set g(k,z,y) for the expression appearing in the sum above. We start by
proving the lower bound, i.e.

(3.10)

S |-

Y P(Sk=1)2
2

To do this, we will choose specific values for k,x and y to satisfy the indicator. Dividing through
by f(n)(8+4)/2 we want to find k,x and y to satisfy the equation

2(8 —4) 2y 2t
k+ T+ = :
B+4 fn)(B+4)  fn)(B+4)
Consider the set 26 — 4)
-2 g <t/
{ gra 11=n

Then by Lemma there exists z with |z| < n'/4 such that

2(8—4) 2t > ~1/4

— - —————— | mod1<c-n ,

<6+4 f(n)(B+4) -

where ¢ is the constant from Lemma for the irrational number 2(5 — 4)/(8 + 4), which has
bounded continued fraction coefficients. Now take k to be the closest integer to 2%1:; ) g — f(n)%,tﬁ -

Then the above inequality gives that

‘mg_@‘x_ ot
B+4 f(n)(B+4)

From this, if we take y = t — kf(n)(8 + 4)/2 — f(n)(B — 4)z we see that |y| < ¢/n®/* for some
positive constant ¢’. Also we get that k < y/n. Plugging these values for k,z and y in (3.9) and

using (3.8)) immediately proves ([3.10)).

—k‘ §c-n_1/4.
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It remains to prove the upper bound, i.e. using the notation introduced above

(3.11)

S |-

S P(Sk=t)=> glka,y) S
k

k,xy

We first notice that since ¢ < n3/2 in the above sum we only take k < ¢y/n for a positive constant c.
We now split the sum into the following sets defined for ¢, m € Z

A = {k < e/ tn* <o < (04 D)t mn®/* <y < (m+ 1)n3/4).
We are going to use that if ¢y is a positive constant, then for all n large enough we have

2(5—4)96_ 2t com—1/4
R RO ICET] R

For all z with |z| < nl/4 from (3.12)) there exists at most one k, and hence at most one y such that

Va o |z| < n'/*, 3 at most one k : |k + (3.12)

LB+ 4) + (B~ 4wty =1 (3.13)

Since |z| < k/2, we get that |¢] < c3n!/* and the above equality gives that |m| < c4n3/4, where c3
and ¢4 are two positive constants.

Fix now ¢, m as above and let (k,x,y), (%, z,y) € Agm both satisfy (3.13). Then

‘(k—%)—kw(az—%)

1/4
p+4 7

<ecsn

where c3 is a positive constant. Since |z — Z| < n'/4, Lemma gives that the number of such

triples is of order 1. Note that for any a > 0 the function % is decreasing for r < a and
increasing for x > a. Therefore for k < ¢\/n we get that for all r € Z

1 cr?yn 1 2
L . < —cr® .
7 ©XP < ? ) < —\/ﬁe (3.14)

Using this, Claim and (3.7) we get

Z Z Z gk, z,y) < Z Z %exp (—0(52 + m2)) + exp <_C6n1/3) = %

|| <canl/* [m|<cand/* (ka,y)EAgm (€Z meZ

and this concludes the proof of the lemma. O

The next result provides a coupling between the walk X and another walk Y on the graph G that
evolves as follows.

Definition 3.8. We define a round for X as the time elapsed between a visit to 0 and a return
to 0 after having first hit either a or b. Recall that (§;); are i.i.d. Bernoulli random variables with
mean 1/2. At the beginning of the i-th round, if & = 0, then Y walks on C; up until the time it
hits 0 after having first visited a, i.e. Y spends time Ti1 on C1. If & =1, then Y walks on C5 up
until hitting 0 having first visited b, i.e. it spends time T on Cy. Let o : G — G be a mapping
such that every x € (] is mapped to the corresponding x € C and vice versa.

16



For a Markov chain W we write 7g(W) for the first hitting time of the set S, i.e.
Ts(W)=inf{t >0: W, € S}.

If S = {x}, then we simply write 7,,(1¥). If the chain under consideration is clear from the context,
then we simply write 7s.

Lemma 3.9. There exists a coupling of X andY so that
P(Vt<n®: X; =Y, or Xy =0(¥;)) >1—ce™ ",

where ¢ is a positive constant.

Proof. Let Ty be the first time that X hits 0 after having first hit either a or b. We will construct
a coupling of X and Y so that

PVt<Ty: X¢e =Y or Xy =0(Yy))>1—ce " (3.15)

for a positive constant c. If the coupling succeeds in the first round, then we take an independent
copy of the same coupling in the second round and so on. Since by time n?, there are at most n
rounds, the union bound and (3.15)) prove the lemma.

To lighten the notation we write 7 = 7(4 4/ 5.} Let ¢ € {0,1} be a fair coin independent of X.
If ( =0, then for ¢t < Ty we set

o X if X; € 01
T lo(X)  if X €O
If ( =1, then for t < Ty we set
7 Xy it Xy e Cy
! O'(Xt) if Xt S Cl.

From this construction it follows that Z, € {X;,0(X;)}. So now we define Y by setting for ¢ < 7

Lz it X, = 7.
L o(Zy) otherwise.

It is easy to see that the event {X, = Z;} and the random walk path X are independent. Indeed
for a set of paths F' we have

P(X;=Z:,(Xy) € F) =P(X;,Z- € {A,A'},(Xy) € F) +P(X;,Z; € {B,B'},(Xy) € F)
=P(X, € {4,A},(=0,(X) EF)+P(X, € {B,B}.(=1,(Xy) € F)
1
= §P((Xt) eER=PX,=27;) P(Xy) € F).
Given the independence, it is straightforward to check that Y has the same distribution as the
random walk path X on the two cycles up to time 7.

It also follows immediately from the construction that Y, = X, and at each time ¢ < 7 we have
either V; = X; or Y; = o(Xy).

After time 7 we continue X and Y together until they hit a if Y, € {A, A’} or until they hit b if
Z; € {B, B'}. If they hit 0 before hitting a or b, then we continue them independently afterwards

17



and we declare that the coupling has failed. After hitting either a or b we continue them together
until they hit 0. This completes a round. Note that the probability the coupling fails in one round
is by symmetry at most

Po(7ar < 74) + Pa(10 < 7) < 9 n/2+1
and this proves (3.15) and finishes the proof of the lemma. O
Claim 3.10. There exists a positive constant ¢ such that for all s > 0 we have

Po(Xs=0,7a ATp>5)Se @ +e .

Proof. Writing again 7 = 7(4 A’ B, p’}, we have

Po(Xs =0,7a A1y > 8) =Po(Xs = 0,76 ATp > 8,7 > 5)
+Po(Xs =0,7a AT > 5,7 <5).

For the second probability appearing above using symmetry we immediately get
Po(Xs=0,7a ATy > 8,7 < 5) < 2(Po(Tar < 74) +Pa(r0 < 70)) < 9—n/2+2

Let 7 be the projection mapping, i.e. m(z) = z if x € Cy and if y € Cy, then it maps it to the
corresponding point on C;. Then clearly Y = (7(X})):<~ is a lazy (1/2) biased random walk on Cj.
We now get

Po(Xs=0,7a A > 5,7 >5) <Po(Ys =0,7>5). (3.16)
Let Y be a lazy biased random walk on Z with p; ;41 =1 — p;i—1 = 2/3. Then

Po(Y, = 0,7 > 5) gPO(f@ :o) <PO(

- 5/6‘ > 5/6) (3.17)

Since Y, — s /6 is a martingale with increments bounded by 7/6, applying Azuma-Hoeffding’s in-
equality gives
Po( |1,

where c is a positive constant. This together with (3.16)) finishes the proof. O

- 3/6‘ > 3/6) <27,

Proof of Lemma [3.2] Recall starting from 0 a round for X was defined to be the time passed
until a return to 0 after having first visited either a or b.

Let L be the last time before time ¢ the walk completed a round. If no round has been completed
before time ¢, then we take L = 0. Hence in all cases X = 0 and we obtain

0(Xi=0)=> Po(L=tX;=0)=> Po(L=1t)Po(Xy—p =0, 7 ATy >t — 1)
t'<t t'<t
e "+ ZIP’O (L=1t) e—ct=t),
t'<t

where for the last inequality we used Claim Therefore we get

dPy(L=t)e < N Py(L=t)e 4 N Py(L=t)e )

<t t'<t <t
t—t'>2logn/c t—t'<2logn/c

18



<S5+ ) B(L=t)et. (3.18)
t'<t
t—t'<2logn/c

For the independent random variables (T}), (T?) and (&;) from Definition we now define

k
N = max{k >0: Z (szzl + (1 _gz)TZQ) < t}
i=1
and as in Definition [3.3] we write Sy for the sum appearing in the maximum above.
For the term Py(L = ') we have
Py (L = t') =Py (L = t/, coupling succeeded) + Py (L = t/, coupling faﬂed) ,

where by success we mean that {X; = Y; or Xy = 7n(Y;), Vt < n?}. Therefore from Lemma we
get,

P(Sy =t") SPo(L=1") <P(Sy =1t) +ce”".
By the independence of the random variables N and .S, we obtain

SN—t Z]P) —k,Sk:t/) :ZP(Sk:t/,§k+1Tkl+1+(1—§k+1)T]3+1 >t—t,)

= ZP k=) P& Doy + (1= )Ty >t — 1)

By Chebyshev’s inequality and the concentration of Ti1 and Tf around their means by Lemma
we get for t —t' < 2logn/c and n large enough

P(&1 Ty + (1= &a) T >t —t) >

N |

Therefore, this implies that for ¢ with t — ' < 2logn/c and all n large enough
P(Sy =t) Z P(Sy = t')

where the last equivalence follows from Lemma Putting all estimates together in (3.18]) yields

Po(X: =0) S

S |-

Clearly we also have
Po(X; =0) > Po(L=1) 2 P(Sy =1t) < Y P(Sp =1t) <

and this concludes the proof of the lemma. O

n3/2
25

Lemma 3.11. For all times t € { 10n3/2} and all x € C; U Cy we have



Proof. Let L be as in the proof of Lemma [3.2] and let T be the first time that X completes a
round as in the proof of Lemma [3.9] Then we have

o(Xt =) ZPO =t Xy =1z) < Z Po(Xy =0)Po(Tp >t —t', X4y = )

t'<t t'<t
t—t/<2E0[To}
+ > Py(L=t)Py(Ty>t—t, X,y =1) = A + A.
t'<t
t—tIZQ]Eo[To}

When t' satisfies t — t/ < QEO[TO] then using the range of values that t can take, we get that
for n large enough, t' € [ =0 10n3/ 2} and hence Lemma applies and yields Py(Xy = 0) < 1/n.
Therefore,
1
Al < — Z PO(TO>SX—1')< ]EO
n S<2]E()[T()]

$tacn-).

s=1

Since Tp is a stopping time satisfying Po(X7, = 0) = 1, using [10, Lemma 10.5] we get

To
Eo [Z 1(X, = x)] = 7(2)Eo[Ty] = e,
s=1

where ¢; is a positive constant. We now claim that E[Tp] < n and Var (Tp) < n. Indeed, using the
coupling of Lemma with probability 1 — ce™" the time Ty is equal to T} or T? equally likely.
This together with Lemma [3.7] justifies the claim.

Therefore, for the quantity As we have

Var (T 1
Ay < > Py(L=t) Bo(Ty > 2Bo[Ty)) < Po(Th > 2Eo[Ty)) < (IEE:)]C[;})]())) s
t—t/tZ/2<£0[T0]

where the last inequality follows from Chebyshev’s inequality.
We now turn to prove a lower bound. Using Lemma again we have for n large enough

Po(Xy =) > Z Po(Xpy = 0)Po(Tp >t —t', Xy_p = z)

t'<t
t—t' <3Eq[To]

1 T()/\3E0[To]
= —E 1(Xs = > IE 1(X 1(To < 3Eo[To], 7 < T
=0 ; ( z) 0 Z (To < 3Eo[To], 72 < To)

1
> *PO(TO < 3E0[Tg] s T < T()) = —
n
For the last equivalence we used that as n — oo
2 1
PQ(TO < 3E0[T0]) > § and Po(’l}c < T()) > 5(1 — 0(1)),
where the first inequality follows from Markov’s inequality and for the second one we used that

with probability 1/2 the walk goes around the cycle where x belongs and the probability that z is
not hit is at most 27™/2. This completes the proof. ]
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Lemma 3.12. For oll x,y and all times t € [%(/)2, 1On3/2} we have

Proof. We have

P (X =y) = ZIP),C(TO =5, Xi=y)+Py(ro>t, X =y).
s<t

Note that P, (19 > t) < 1/n? by Chebyshev’s inequality. By the Markov property we now get

pr(To =s5,X;=y) = ZPI(TO =35)Py(Xi—s = ¥)

= > Puro=s)Po(Xis=y)+ > Pulro=5Po(Xes=1y).

s<2E4[70) 2Eq{0]<s<t

By Chebyshev’s inequality again we get

P, (10 > 2E,[10]) <

1
n
When t € %(/)2, 10n3/2} and s < 2E,[19] S n, thent—s € [%ﬁ, 10n3/2} for n large enough. Hence
3.11

Lemma gives for n large enough

and this completes the proof. O

Lemma 3.13. Let P be a transition matriz on a finite state space with stationary distribution .
Let d® denote the L distance d* the total variation distance, i.e.,

Pr(z,y)

d™>(r) = max )

z7y

- 1‘ and d'(r) = max |P"(z,-) — m||Tv.

Then for all s,t € N we have
d®(s+1t) < d>®(s)d (t).

Proof. A standard duality argument (see for instance Chapter 1 of Saloff-Coste [5]) implies that
for all p € [1,00], the £P distance to stationarity at time ¢ equals the operator norm ||P*||;—oc-
Here P! acts on the functions that have mean zero w.r.t. 7 and 1/p+ 1/q = 1. Clearly

1P lg—s00 < 1P [lg-soollP* oo

Applying this with p = co and ¢ = 1 gives what we want.

Proof of Theorem [1.5l (upper bound)

Let t = n3/2. By Lemma there exist two positive constants ¢; < 1 and ¢y > 1 so that for all x
and y we have

ar(y) < Pl(a,y) < com(y). (3.19)
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Therefore, for any two vertices z, ' on the graph G we get

|P'(z,) = P'(2,)]lrv =1 — ZPt(:n,y) AP y) <1 —cy.
y

Since d(s) = max, . ||P*(z,-) — P*(z',)||Tv is sub-multiplicative, we obtain that
diet) < (1—er)"

So, choosing £ such that (1 — ¢;)f < 1/4, we get

max HP&(l', D=7y < J(ft) <

|

and hence this gives that
tmix S /2. (3.20)

Using (3.19)) again also gives that for all z and y

P'(z,y) ’
—1|<(cec—1)V(l—1¢),
=5 - vitme)
and hence this implies that d*°(¢) < (c2 — 1) V (1 — ¢1). Using (3.20) and Lemma Now proves
that tuni < n/2. O

Before giving the proof of the lower bound on the mixing time, we state and prove a preliminary
lemma on the concentration of a biased random walk on Z when the laziness parameter is bounded
away from 1.

Lemma 3.14. Let § € (0,1] and Y be a birth and death chain on Z starting from 0 with

2(1 — p(z, z))

p(r,z) <1—-6 and p(x,z+1)= 3

=1-p(z,z) —p(z,x —1).

Then for all t and all positive constants ¢ < 1, there exists a positive constant C and an interval
Iy = [k — CVt, k + CV/t] with
]P)()(Y;g S It) > ¢,

where k is such that t — Eg[r] > 0 is minimised.

Proof. It is elementary to check that there exist two positive constants c¢; and co so that for
all kK € N we have
Clk < Eo[Tk] < CQ]C and Var (Tk) = k.

Since Eg[7x] increases by at most ca when k increases by 1, for every given ¢ we can find the first k
so that 0 < Eg[rx] —t < c2. Let C be a positive constant to be determined. Since at every time
step Y moves by at most 1, we immediately get that

P(Yi ¢ (k— CVik+CVE)) <B(me > t+CVE) +B(m <t = CVA). (3.21)
Taking now C sufficiently large, using that Var (1) < k =< ¢t and Chebyshev’s inequality we get
P(Tk >t+ C\/%) = P(Tk —E[r] >t —E[m] + C\/{f) < P(Tk —E[r] > CVt — 02)
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Var (73) 1—c
< < .
o (C\/i— 62)2 - 2

Similarly, we obtain that

1—
P(Tk<t—0ﬁ)§ 26’
and plugging these two bounds in (3.21)) completes the proof. ]

Proof of Theorem [I.5l (lower bound)
Clearly it suffices to prove the lower bound on tpyx.

Let Y be the walk on G as in Definition Let E = {X; = Y; or X; = m(Y}), Vt < n?}. Then
Lemma gives us that P(E°) < ce™ " for some positive constant c.

So we are now going to work with the walk V. Let t = en3/2 for e small enough to be determined
later. Then by this time, the total number of completed rounds k(t) satisfies k(t) < ey/n. For
each k < gy/n among the k rounds, we let ¢(k) and r(k) be the number of left and right rounds
completed respectively. Let (&) be i.i.d. Bernoulli random variables taking values 1 and 0 depending
on whether the i-th round completed was on the left or on the right. Then

k k
(k) =) _& and r(k)=) (1-&).
i=1 i=1
Therefore we get
k
(k) —r(k) = (26— 1),
i=1

which shows that the difference ¢(k) — r(k) is a simple random walk on Z. Let F' be the event
F = { max_|[((k) — r(k)| < \/C€n1/4}.
k<e\/n

Applying Doob’s maximal inequality we now get

n)—r n 2
P(F€) < E[(E(g‘@g\/ﬁ(e‘m) J_ % (3.22)

Recall as before (T}!); and (T?); are independent i.i.d. collections of random variables distributed
according to the commute time between 0 and a on the left and 0 and b on the right cycle respec-
tively. Let IE[TH = Bn and E [Tf] = vn, where  and y are given by Lemma and satisfy 5 > .
The exact values of § and « will not be relevant here. For all k < ey/n we define

k k k k
My =Y &T'+> (1-&)T} =pny &—my (1-&).
=1 =1 =1 =1

Then clearly this is a martingale and applying Doob’s maximal inequality again we obtain for a
large enough constant C’

E|M?
]P’( max |Mj| > C’ni) < ['S\/?J = l (3.23)
k<ey/n (C’)2n§ C
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The last equality follows from the fact that Var (Tll) = n for i = 1,2, and hence IE[M ,3] = kn for
all k. Let A be the complement of the event appearing in (3.23)). Recall k(t) denotes the number
of rounds completed up to time ¢. Let B be the event

k(%) k(t

)
B=q D &T +) (1-&)T7 —t| < 2Cpn
=1

=1

On B¢, the k(t) + 1 round lasts longer than 2C8n. Markov’s inequality then gives

1
P(BY) < P(Tiyy1 = 206n) +P(Thy,, > 208n) < = (3.24)

Let k7, and ki denote the left and right rounds respectively completed up to time . On A we have

k() k(t)
3
T+ (1= &)T7 — (kg - fn+kr - yn)| < Cn7,
1

i= =1

and hence on A N B we have
|kr-Bn+kp-yn—t| <cn,

where ¢ is a positive constant. If we now fix |kr — k1| = 7, then from the above inequality, we see
that the number of choices for kg and kj, is at most 2¢;.

Suppose that we know that by time ¢ the random walk on the two cycles performed ky, left rounds
and kg right rounds and that |kgr — k| = j. Fix an ordering of the rounds and consider a
biased (2/3,1/3) random walk Z on Z for which the laziness parameter is either « or 1/2 in
[(i — 1)n+ 2, (i — 1)n + 2] depending on whether the corresponding round was a left or a right
one and equal to 1/2 everywhere else. Let 7y be the first time that Z hits ¢. Then for every ¢ we
can express Eo[7y] as follows

Eq[7e] = ZE(i—l)n[Tin] + Em 7],
=1

where m is the largest integer satisfying |m — in| < n. Then for all i we have

E(i—1)nlTin) = EG—1yn [Tin (T 1yn—n/a < Tin)| + Eq—1)n [TinL(T—1)n—n/a > Tin)] -

But Egi_1y, [Tinl(T(i_l)n_n /4 < Tin)] S €7, and hence the difference that we get from reordering
the rounds is negligible, once we fix the laziness of the last interval. For each different choice of
j < v/en'/* and a choice of kr and kj, satisfying |kr — kr| = j let £ be such that ¢ — Eo[re] > 0
is minimised. Since the ordering of the rounds does not affect Eg[ry] up to terms exponentially
small in n, for all 6 > 0 from Lemma we get a positive constant co and an interval I; =

(€ — cov/t, £ + co\/t) so that

As we proved above on the event A N B N G there are M = coy/en'/* different choices for the
number of left and right rounds and each of them gives rise to an interval I;. Let I be the union of

24



all these M intervals. Then |I| < v/en'/4V/t < en. If we now set I = I mod n and take two copies,
one on each cycle, then from (3.22)), (3.23) and (3.24)) we get for n sufficiently large

P(Xt ¢ f) < P(A°) + P(B°) + P(F°) + P(E°) + P(A,B,F,Yt ¢ f) < % +IP’<A,B,F,Yt ¢ f) .

We now have

P(A,B,F,l@gé])g 3 3 P(Z;’¢I)P(§1:¢1,...,§Eﬁ:z’8ﬁ)+e*cn,
J<VeEnt/t i m€{0,1}
[#{i=1}—#{i=0}|=j
where Z* stands for a walk on Z with the laziness parameter arranged according to the vector
i =(l1,...,1, \/5) Note that to get the inequality above, once we fix the left and right rounds, we
coupled in the obvious way the walk Y to the walk Z mod n and the probability that the coupling
fails is e7“". Using now gives that

IP’(A,B,G,Yt ¢ T) <G 4e o,

Putting all estimates together shows that when ¢ = en3/2 and I and I are as above, for a sufficiently
large constant C' we obtain
P(Xiel)>1-2.

Since 7(I) < c3e, for a positive constant cs, it immediately follows that
| PY0, ) — mllry > 1 — 26 — cze.

Taking € and ¢ sufficiently small finishes the proof of the lower bound. O

4 Exploration time

In this section we prove Theorems and We start by introducing notation that will be used
throughout the section. For any two vertices u and v in G we write H(u,v) = E,[7,] and if A is
a set we write H(u, A) = E,[ra]. We write C(u,v) for the commute time between u and v, i.e.
C(u,v) = H(u,v) + H(v,u). Finally, if e is an edge, then we write C(e) for the commute time
between the endpoints of e.

We next note the following two inequalities for commute and cover times in Eulerian digraphs.

Lemma 4.1. Consider two vertices v and w such that d(v,w) = £ (in the undirected version of G),
then the commute time between v and w is bounded by mt.

Proof. Let us first assume ¢ = 1, and write d for dyu(v). On each excursion from the vertex v
to itself, w is hit with probability at least é, since w can be hit on the first step of the excursion.
So the expected number of excursions needed before visiting w is at most d. Each excursion has
an expected length of 2, so by Wald’s identity, the expected number of steps before hitting w and

going back to v is at most dTm =m.

In general, let v = vy — v1 — ... = vy = w be a path from v to w in the undirected version of G.
Then we may bound

/-1
C(u,v) < ZC(W,WH)- (4.1)
i=0
We just saw each summand on the right hand side is less than m, so this finishes the proof. O
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Claim 4.2. There exists a positive constant ¢ so that the following is true. Let G be an Eulerian
digraph on n vertices, m directed edges and minimal degree dyin. Then for all v € V we have

E,[T] < 16 - .

min

Proof. In [7, Theorem 2] it was shown that in every undirected graph G there is a spanning tree T

so that for all v
mn

Eu[T,] <> C(e) < 16-
ecT

dmin

It follows immediately from the min-max characterisation of commute times in [4] that C(e) in
an Eulerian digraph is bounded above by the commute time C(e) in the corresponding undirected
graph and this completes the proof. O

4.1 Proof of Theorem

We start by generalizing some well-known facts from the reversible case to our more general setting.
Note that we are not optimising the constants in the results below.

The first lemma is a well known graph-theoretic fact, but we include the proof for the reader’s
convenience.

Lemma 4.3. Consider an undirected graph G on n vertices and assume each node has at least d
distinct neighbours. Let A CV be a set of cardinality |A| < n. Then,

o, 47) < 212

+1. (4.2)

Proof. Let w € A€ be a vertex closest to v among all vertices in A°. Let v = vg,v1,...,0p = w
be the shortest path leading from v to w with ¢ = d(v, A€). If £ = 1 the statement holds trivially,
so we may assume £ > 2. Note that vg,...,v,_9 have all their neighbours in A, since otherwise
this would contradict the minimality of ¢. Moreover, note that (vs;)o<si<¢—2 must have disjoint
neighbours, as otherwise this would also contradict the minimality of ¢. There are 1+ [(¢ —2)/3]
indices ¢ > 0, such that 37 < ¢ — 2. Hence we find that

o(1+]52]) <1, ”

- o A
which in turn implies (/ —1)/3 < 7' O

Throughout this section we make the assumption that G is d-regular.

Define Ny (t) := # {s < t: X5 = v} the number of visits to v up to time ¢ and for a subset A C V,
define N,(A) := N,(74) the number of visits to v before reaching the set A. A version of the
following two lemmas is given in [I, Chapter 6], where everything is done in the undirected setting.
We adapt the proofs to our broader context.

Lemma 4.4. Let ACV and v € A. Then,

(1) Ey[rac] < 10|AJ?

(2) Ey[N,(A%)] < 10[4]
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(3) Ey[Ny(t)] < 8Vt for all t < 10n2.

Proof. (1) We can assume that d < 2|A|, otherwise the result is trivial. Contract A€ to a single
vertex. The resulting graph has at most 2d|A| directed edges (excluding self-loops) and is still

Fulerian. Lemma tells us there is a path of length ¢ < % + 1 from v to A€ in the undirected
version of G. So Lemma[4.I]now gives that the expected time to hit A° is smaller than the commute

time which is in turn upper bounded by 2d|A| - (% + 1) < 10|AJ2.

(2) Let 72° be the first time that the random walk returns to v after having first hit A°. Note that
the proof of part (1) gives that E, [r1] < 10|A[?>. Then using [10, Lemma 10.5] we get that

v

. 1
E,[Ny(A%)] = E, [7] 7(v) < 10]A]* - — < 10]4],

° V]

since A C V.

(3) For s > 0 to be chosen later let
A ={w: Ey[Ny(t)] > s}

Since G is assumed to be Eulerian, P is bistochastic and, for all £ € N,
St
w
which in turn implies, summing over ¢ <t — 1, that
D Eu[No(t)] =t,
w
so |[A| <t/s. Aslong as ¢ < n, we can now use the result above to get
t
Ey[Ny(t)] < Ey[Ny(A9)] + s < 10; + s.
Choosing s = v/10t restricts ¢ to be smaller than 10n?, and gives the desired bound. O

Proof of Theorem Let a and C be constants to be chosen later to satisfy a?C < 10. We
can always assume k < an, otherwise we can bound 7}, by the cover time, which is smaller than
16n? < 16k?/a?, using Claim Let t = Ck2. Observe that if we knew that for all v

1
P,(Th 2 1) < 3, (4.4)

then the strong Markov property would imply that T} is stochastically dominated by ¢t x £ where
¢ ~ Geom(3), which is enough to conclude.

Let v1,v2,... be the distinct random vertices visited by the walk, in the chronological order they
appeared. Write ¢; for the hitting time of the vertex v;. Conditioning on v;,t; and using the strong
Markov property we get

Eo[No, (5] =) Py(v; = u,t; = s)Eu[Nu(t — 5)] < 8V, (4.5)
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where in the last step we used Lemma since t < 10n? by the choice of o and C. We use
the convention that N,(-) is 0 when evaluated at negative times. Markov’s inequality together

with (4.5) now gives

(= B 8kvi 8
Py(Ty > 1) =Py <;Nm(7§) = t) < &~ JC

where in the last equality follows from the choice of t. Taking v/C = 16 and « such that o>C = 10
proves (4.4) and this finally shows that

1
E,[T;] < max (20, 2) k* = 512k2,
(6%

which concludes the proof. O

4.2 Proof of Theorem [1.8|

For an undirected graph G = (V, E) we write G¥ for the graph (V, E) where (u,v) € F if and
only if there is a path from u to v of length at most k in G. Recall a Hamiltonian cycle is a cycle
in the graph that visits all vertices exactly once. A graph is called Hamiltonian if it contains a
Hamiltonian cycle.

As in [3], the following fact will be crucial. We include the proof for completeness.
Lemma 4.5. For any undirected graph G, its cube G® is Hamiltonian.
Proof. By taking a spanning tree of G we can reduce to the case where G is a tree. We will prove

the following stronger statement by induction : for any v € G, there exists a labelling of the vertices
v =11,...,v, of G such that

e d(vj,vi41) <3foralli<n-—1and

e d(vy,v,) = 1.

We will call a labelling proper if it fulfils the previous two conditions.

The result obviously holds when the tree has size 1. Assume it holds for trees of size n — 1 and
let the size of G be n. Let v € G and w a neighbour of v. Since G is a tree, G — (v, w) has two
connected components GG, and G, containing v and w respectively.

By the induction hypothesis we can properly label the vertices of G, as v = v1,...,vs and properly
label the vertices of G, as w = w1, ..., w,, where r and [ are related by n = £ + r.

We build the labelling on G as follows (running forward on G, and backwards on Gy,).

Wpi1—; HL+1<i<n

Now observe that
d(géa 5(-%1) = d(véa w?") S d(?)l, fo) + d(vla ’U]l) + d(w17 wT) = 37

since the labellings on G, and G, are proper and w; = w and v; = v are neighbours. Finally, note
that d(vy,,v1) = d(w,v) = 1. O
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Figure 3: The different subsets of the vertices.

Before proving Theorem [I.8| we define phases for the walk and the notions of good and bad vertices
following closely [3].

Call v the starting vertex. Let vy,...,v, be the arrangement (i.e. a cycle in the graph G*) we get
using Lemma on the undirected version of G.

A naive attempt would be to start a new phase each time a new vertex is discovered, but this seems
hard to analyse. Instead, we will start a new phase each time the walk moves either to a set of good
vertices (to be defined) or when it reaches the next vertex specified by the ordering of the cycle.
In the latter case, we say the walker moves along the cycle. We emphasise that the orientation on
the cycle has nothing to do with the orientation of G, i.e. we know nothing about d(v;, v;1+1), since
the cycle is built ignoring the directions on the edges of G.

We will show O(k) phases are needed and they all have O(k?) expected length. This will be enough
to show Theorem [L.8

The definitions we give below are the same as in [3]. At the beginning of phase i, let Y; be the
visited vertices so far. The last vertex visited in phase ¢ — 1 will be denoted s; and r; is its right
successor on the cycle. A vertex v; ¢ Y; is called good in phase i if for all £ < n,

l
‘{Ujaijrl, ceey Uj-‘rf—l} N le| < 5
Note that if & > n, then we take vy to be vi_,, i.e. we always move around the cycle.
We define U; to be the set of all good vertices in phase i. The set of vertices B; =V — (U; UY))
are called bad (see Figure [4.2)).

Lemma 4.6 ([3]). At most 2k phases are needed before visiting k distinct vertices.

Proof. The proof can be found in [3], but we briefly sketch it here. Recall phases end either when
the walk moves to the right on the cycle or when it moves to a good vertex. By definition, for any
length ¢ < n, at least half of the vertices following a good vertex on the cycle are unvisited, so as
long as the walk keeps moving on the cycle, half of the starting vertices of the phases are new. [

At this point, we are still working on the undirected version of GG, and the following combinatorial
fact still holds.
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Lemma 4.7 ([3]). If |Y| < 5, then |B;| < |Yj].
Proof. We again proceed as in [3]. The proof is by induction. If |Y;| = 1, then B; is empty and the

result holds. Suppose it holds for |Y;| < ¢, with any n such that ¢ < § and let Y; be of size £ + 1.

As (+1 < 3, we can find v € Y; that is the right neighbour (on the cycle) of some vertex in w € Y.
Remove both v and w, and apend w’s left neighbour to v’s right neighbour. In this new graph of

size n — 2, (or we should say cycle, since all that matters is the cycle) |Y| =/—1<22 and so
by induction hypothesis, |B;| < |Y;|. But now notice ¥; = Y; U {v}, and B; C B; U {w} SO we can
conclude. O

So far we have been following [3]. The proof there for the undirected case is completed by noting
that if s € W N OWe€, then H(s, W¢) < 2m(W), where we recall that H(a,B) stands for the
expected hitting time of B starting from a and m(W) is the number of edges of W. Using this, the
authors in [3] bound the expected length of a phase and together with Lemma this concludes
the proof.

However, for the Eulerian directed case obtaining an upper bound on the expected length of a phase
requires extra care. This is because of the fact that an arbitrary subset of the vertices doesn’t span
an Eulerian digraph, and all we know is that either (s;,r;) € E or (r4,s;) € E, since the cyclic
arrangement was chosen for the undirected version of G. The following lemma solves this issue.
Note that we write A LI B to mean the disjoint union of A and B. Also we denote by A the set of
undirected neighbours of A and we write E(A, B) for the set of directed edges from A to B.

Lemma 4.8. Let WU Z =V and s € WNOZ. Then H(s,Z) < 12|W|%.

Proof. We first claim that if ALIB =V and a € ANJB, then
H(a, B) < |A|? +2|E(A, B)|. (4.6)

Indeed, the graph obtained by contracting B to a single vertex is still Eulerian and has at most | A|?+
2|E(A, B)| edges. Some edges to or from B might be multiple edges. Nevertheless, Lemma
covers this case and gives H(a, B) < C(a, B) < |A|> + 2|E(A, B)|.

We now define Wy = {v € W : deg(v) < 2|W|} and Wy = W \ Wj. It then follows that
Winow, CWyNno(Wal Z). (4.7)
Next we let

t1 i =max{H(s,Z) :s€ WiNI(WaU Z)},
to ;== max{H (s, Z) : s € Wa}.

Let s € Wi No(Wa U Z). Then
H(s,Z) < H(s,Wa U Z) + ta.
Since s € (Z U Wy), using we get
H(s,WoUZ) <|Wi|* +2-(2|W]|-|Wi]) < 5|W %,

where the bound on |E(W;, Wy U Z)| follows from the definition of Wj. Putting the last two
inequalities together gives

t1 < 5|W|? + to. (4.8)
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Let s* € W3 be such that, H(s*, Z) = to. Conditioning on the first step of the walk yields

(1+ aty + (1 — )ty). (4.9)

N

o< Lo
2=79

Indeed, when the walk is in W5 it exits to Z with probability at least half by construction. Con-
ditioning on the walk not exiting to Z, the parameter o € [0, 1] is the probability that the walk
started at s* stays in Ws after one step. Under the same conditioning, with probability 1 — «, the
walk will move to some vertex in Wy N 0Ws which together with explains the last term on the
right hand side.

Plugging (4.8)) in (4.9), we get to < 2+ 5|W|?, and hence t; < 2+ 10|W|? < 12|W|2. Therefore, we
showed that if s € W N dZ, then H(s,Z) < 12|W|? in all cases and this finishes the proof of the
lemma. O

Proof of Theorem [I.8 If 2k > n, we bound E[T}] by the expected cover time which is smaller
than n? < 8k3 by Claim So we can assume that 2k < n.

Let ®; be the length of phase i before having visited k distinct vertices. Then using Lemma [4.§]
with W =Y, UB; \ {ri}, Z = {ri} UU; and s = s; the starting vertex of phase i, we obtain

E[®] = E[E[®: | Vi, si]) < E[3 x 12(2[Yi])*] = 14E[|Vi[*] ,

where the factor 3 comes from the fact that r; is not necessarily a neighbour of s;, but d(s;,r;) < 3.
We also have

E[®;1(Y; < k)] < 144k>. (4.10)

Since the number of phases before discovering k vertices is not greater than 2k, we can now write

0 2k
T =) ®(Y;<k)=) ®1(Y;<k).
i=0 1=0
Taking expectations, and plugging (4.10)) yields
2k
E[T:] =) E[®1(Y; < k)] < 2k x 144k> = 288"
i=0
and this concludes the proof. ]
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