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Abstract

Let X (t) := (X1(¢), ..., Xk(t)) denote a k-vector of i.i.d. random vari-
ables, each taking the values 1 or 0 with respective probabilities p € (0, 1)
and 1 — p. As a process indexed by t > 0, X is constructed—following
Benjamini, Haggstrom, Peres, and Steif [3]—so that it is strong Markov
with invariant measure ((1 — p)do 4 pd1)*. We derive sharp estimates for
the probability that “X;(t) + --- + Xk (t) = k — £ for some ¢t € F',” where
F C [0,1] is nonrandom and compact. We do this in two very different
settings: (i) Where £ is a constant; and (ii) Where ¢ = k/2, k is even,
and p = ¢ = 1/2. We prove that the probability is described by the
Kolmogorov capacitance of F for case (i) and Howroyd’s %-dimensional
box-dimension profiles for case (ii). We also present sample-path conse-

quences, and a connection to capacities that answers a question of [3].

Keywords: Dynamical sequences, e-capacity, box-dimension profiles.
AMS 2000 subject classification: 60J25, 60J05, 60Fxx, 28A78, 28C20.

1 Introduction and main results

Choose and fix some p € (0,1). By a bit sequence we mean simply a k-vector
(Xq,...,Xr)—where k > 1 is fixed—of independent, identically-distributed ran-
dom variables with P{X; = 1} =1 — P{X; = 0} = p. For simplicity, we write
P, in order to keep track of all dependencies on the parameter p.

A dynamical bit sequence is the process Xy, := {(X1(t), ..., X&(t) }+>0 that is
constructed as follows: We begin with a bit sequence (X1, ..., Xy) at time zero.



Then, to every index j € {1,...,k} we associate a rate-one Poisson process; all
Poisson processes being independent of all X variables. And whenever the jth
Poisson process jumps, we replace the corresponding variable X; by a copy,
independent of all else, in order to obtain a time-dependent family of random
variables. More precisely, let {X7j(j)}1§i,j<oo be an ii.d. array of random bits,
each satisfying Pp{Xi(j ) = 1} = p, and consider also a sequence of independent
rate-one Poisson processes, independent of the {X i(j )}197]'@0. Denote the jump
times of the i-th Poisson process by Ji(o) =0< Jl-(l) < JZ-(Q) < ---, and define

Xi(t) = ZXi(J)l{JE”SKJ;H}} fort >0and 1 <i<k. (1.1)

Jj=1

Dynamical bit sequences were introduced by Benjamini, Higgstrom, Peres,
and Steif in 2003. They can be used to model how bit sequences can get cor-
rupted over time, for instance, see [3] and [8, 9]. A closely-related variant of
dynamical bit sequences was introduced earlier by Rusakov [16, 17, 18]; see also
Rusakov and Chuprunov [15].

A key feature of X, is that it is a strong Markov process on {0, 1}* whose
invariant measure is the law (pd; + (1 —p)dg)* of the bit sequence (X1, ..., X3);
in particular, (X(¢),...,Xg(t)) and (X1 ,..., Xs) have the same distribution
for every fixed t > 0.

The main goal of the present work is to estimate a family of probabilities
for dynamical bit sequences. Among other things, these estimates can be used
to describe almost-sure properties of runs [i.e., contiguous sequences of ones
and/or zeros); see [3] and Section 4 below for examples.

Let Sp := X1 + - -- + X,. We note the classical binomial identity

k
pyisi=k -6 = (§ )i (12
valid for all integers £ = 0, ..., k. Consequently,
P,{Sy =k} < kD" ask — oo, (1.3)

for every fixed integer ¢ > 0, where “a; =< by for a given set of values of
k’s” means that “(ax/bg) is bounded above and below by positive and finite

constants, uniformly for all mentioned values of k.”



In contrast to (1.3), one can verify that for every fixed integer £ € {0, ..., k},
P, {Sk(t) = k — £ for some t € [0,1]} < k*T1p, (1.4)

as k — oo, where Si(t) :== X1(t) + - - - + Xy(¢). Benjamini et al [3] have proved
(1.4) in the case that £ = 0, and the more general case follows from their methods
as well. Moreover, the time set [0, 1] can be replaced by any other time interval
without affecting the form of (1.4).

Our main goal is to describe the effect of the geometry of the time variable ¢
on the bounds in (1.4). In order to describe our first main estimate, choose and
fix a compact set F' C Ry. Then for all € > 0 define Kr(€) to be the largest
integer m > 1 for which there exist points ¢1,...,t, € F such that |[t; —t;| > €
for all @ # j. The function Kp is known as the Kolmogorov e-capacity [or

capacitance, or e-packing] of the set F. Now we can describe or first result.

Theorem 1.1. Choose and fix an integer £ > 1 and a nonrandom compact set
F CR4. Then as k — oo,

P, {3t F: Sp(t)=k -} < Kp(1/k) k'p*. (1.5)

When F' = {0} this recovers (1.3) because Kyo}(1/k) = 1. And when F =
[0,1], it recovers (1.4) since kK[ 1j(1/k) — 1 as k — oo. The following implies
more interesting behavior when F' is less regular.

Remark 1.2. Let

« := lim inf M and 5 :— lim sup M

1.
k— o0 log k koo log k& (1.6)

respectively denote the lower, and the upper, Minkowski dimension of F'. Then

it follows from Theorem 1.1 that
girateMpk < p (3t e F: Si(t) =k — £} < kFFA+eMpk, (1.7)

And each bound is achieved along a suitable subsequence of k’s. O

The probability in Theorem 1.1 has even more interesting behavior in the
cases that £ — oo at a prescribed rate. We investigate one critical case in this
paper. First, let us apply Stirling’s formula in (1.2) to recover the well-known
local limit theorem Py,5{Sy = k/2} =< k~'/2, valid for all sufficiently-large



even integers k. Our next result describes the significantly-different dynamical
version of this estimate, and is motivated by sequence-matching estimates of
Arratia and Waterman [1, 2] in the what turns out to be the critical case where
p=1/2and £ = k/2. Let

v :=B-dim, ,F and §:= B-dimy /o F (1.8)

respectively denote Howroyd’s %—dimensional lower, and upper, box-dimension
profile of F' [10]. [These dimension numbers will be recalled later on during the

course of the proof of Theorem 1.3 below; see §3.] Then we have the following,.

Theorem 1.3. If k — oo along the even integers, then for every nonrandom
bounded set ' C R,

(0200 < py o (Tt € F o Si(t) = k/2} < k= (179)/2F(), (1.9)

Moreover, each bound is achieved along a suitable subsequence of k’s.

Thus, in the cases where v = B-dim, ,,F' < B-dim; s2F =6, we can deduce
that the probability in (1.9) decays roughly like a power of k, and nevertheless
there are no power-law asymptotics.

Theorems 1.1 and 1.3 are proved respectively in §2 and §3. We collect some
consequences of Theorem 1.1 in §4. Finally, we describe a connection to Riesz

capacity in §5, and use it to verify a conjecture of Benjamini et al [3].

2 Proof of Theorem 1.1

Lemma 2.1. For every integers £ =0,...,k and real number t > 0,

P, (Sk(t) =k —1]S,(0) =k —¢)
min(¢,k—¢)

Sy (f) 0i(1 — 6,)¢" (k Z_ é) K1 — k)Y,

=0

(2.1)

where 0, :=p(1 —e™t) and ky :=p+ e lq.

Proof. We first find the transition probabilities for the process {X1(t)}+>0. Let
{P,}+>0 define the transition matrices defined by

Py(i,j) =P {X1(t) = j | X1(0) =i} foralli,je{0,1}. (2.2)



Recall that {Jl(k)}zoz1 are the jump times of the rate-one Poisson clock as-
sociated to X7. Then

Pp{ X1(t) = 1|X:(0) =1}

=l X)) =1L Xi(0) = 1,6 < J)
p
. ) (2.3)
+ P,{Xi(t)=1,X:(0)=1,t > J{ }
- % [pe " +p*(1—e )],

and this quantity is manifestly equal to &;.

In fact, we can follow the same argument to conclude that

—t 1—et 1-6, 0
= | P T p(_te )| - U forallt > 0. (2.4)
qg(l—e7") qe ' +p 1=Kt ke
For all u,v € {0,1} define
k—1
Nuo = DX, (0=0.X, (0)=u}- (2.5)
j=1
This quantity denotes the number of integers j € {1,...,k — 1} such that

X;(0) = u and yet X;(t) = v. It follows from the strong Markov property
and (2.4) that the following properties are valid under the conditional measure
Pp(--- [ Sk(0) = k = £):

e Ny_.; has the binomial distribution with parameters ¢ and 6;;
e Nj_,; has the binomial distribution with parameters k — £ and ky;
e Ny_; and Nj_,1 are independent.

Additionally, the conditional probability in the statement of the lemma is

P, {N0—>1 4+ N1 = k—ﬁ’Sk(O) = k—é}

min(£,k—£)
i=0
X Py {Ni_1 =k —0—i|S5,(0)=k—¢}.
The lemma follows from these observations. O



The proof of Theorem 1.1 uses a 2-scale argument that is borrowed from
our earlier work on dynamical random walks [12]; it can be outlined as follows:
First we prove that if I is a “small” closed interval, then the two events {Si(t) =
k — ¢ for some ¢ € I} and {S;(0) = k — £} have more or less the same chances
of occurring (Proposition 2.2). We will also demonstrate that “small” means
“whose length is of sharp order 1/k”; this length scale—or correlation length—
was found earlier in [3]. Then we cover our set F with closed intervals of
length 1/k, and apply a covering argument. Finally, we show that this covering
argument produces sharp answers. With this outline in mind, we begin with

our first step.

Proposition 2.2. As k — oo,

P, {Sk(t) = k — £ for some t € [0,1/k]} =< k*p". (2.7)

Proof. Let F := {F;}1>0 denote the filtration generated by the strong Markov
process Xi. We can assume, without loss of generality, that F is augmented in

the usual manner. Define

2/k
Ly ;:/ 1{Sk(t)=k—€} dt. (2.8)
0

According to (1.3),
E,(Ly) < K7 1pF  as k — oo (2.9)

Next, we consider the stopping times, o := inf{t € [0,1/k] : Sk(t) = k — ¢},
where inf @ := co. By the strong Markov property, the following holds almost

)

1/k
2/ P,{Sk(t+0o)=k—0|F,} dt (2.10)
0

sure [P,] on {0 < co}:

2/k
E, (L | F5) =E, </ 1is, (t)=k—ry dt

_ /Uka{Sk(t) — k0] S4(0) = k— £} dt.
0



We apply Lemma 2.1 to find that P,-almost surely on {o < oo},

1/k 1 !
E, (Lt | F>) 2/ (1—6y)kFtdt > %/ (1= 0.)" KL du. (2.11)
0 0
The integrand converges to e™* as k — co. Consequently, thanks to the bounded

convergence theorem,

t
E, (Lk {.7-"0) > % Lo} P,-almost surely. (2.12)

Here, the implied constant does not depend on either k or /. We can take
expectations of both side, solve, and apply the optional stopping theorem of
Doob to find that P,{o < 0o} < const - kE,(Ly). The proposition follows from
this and (2.9). O

Proof of Theorem 1.1

We divide the proof in to two parts. The first part (the upper bound) is a
relatively simple covering argument. In the second part, we show that the
covering argument produces the correct answer. For that we use a second-

moment argument.

Proof of the upper bound in (1.5). Let Jp denote the collection of all closed
subintervals I of [0,1] that have the form I = [i/k, (i + 1)/k], where i €
{0,...,k —1}. According to Proposition 2.2,

P,{3teF: Sp(t)=k—(}< > P, {3tel:St)=k-1(}
ey (2.13)

<const-|{I € Jp : INF # &} - k",

where |---| denotes cardinality. The lemma follows since the preceding cardi-
nality is < 3Kg(1/k) [12, Proposition 2.7]. The upper bound in (1.5) follows
readily from this. O

Proof of the lower bound in (1.5). According to the definition of Kz (1/k), we
can find t; < -+ < tx,1/k) in F such that t;;; —¢; > E~lfor1 <i <



Kr(1/k) — 1. Tt follows easily that

t—t; > % for 1 <i<j<Kp(1/k).
Define
Kr(1/k)
Nei= D Lsitt)=k—0)
j=1

According to (1.3),
E,(Ny) < Kp(1/k) kD" as k — oo.

Observe that E,(N?) is equal to

Epy(Ne)+ YD Pp{S(ty —ti]) =k —£,5x(0) =k — £}

1<i#j<Kr(1/k)

Define
’T::Pp{Sk(h):k—E }Sk(O):k—é}.

By the Markov property and Lemma 2.1,

min(¢,k—¢)

T= > Q")
i=0
where for all h >0 and i € {0,...,min(¢,k —¢)},
O\ (k=10 —i k—f—i i
a”m= () (* 7 )oha - o)
< OKG;,(1—0,) kN1 — k)
In order to simplify this object, let us first define
a:=max(p,1 —p) and b:=min(p,1 —p).
Let us also observe that

On(1—kn) =ab(1—e ") < T [1— (a+be )]

Sal RS

And _
(1—0n) k"< (a+ be*h)kf2Z .

(2.14)

(2.15)

(2.16)

(2.17)

(2.18)

(2.19)

(2.20)

(2.21)

(2.22)

(2.23)



It follows that uniformly for all £ € {0,...,k} and i € {0,...,min(¢,k — ¢)},
Q" (h) < const - K'QV (), (2.24)

where
k—2¢

QW(h) = [1— (a+be™)]" (a+be ™). (2.25)
The function [0,1] 2 A — (1 — A\)*~2\% is maximized at A := 2i/k, and the
value of the maximum is at most k~2*. And therefore, by (2.24),

Q" (h) < const - k. (2.26)

The preceding is a good estimate when ¢ > 1. In the case that i = 0, we merely
use
QY (h) = (1= 0,) Kl < (a+be )P, (2.27)

We plug this and (2.26) in (2.19), using (2.18), to find

min(£,k—¢)

T < const - [ (a+be ™% + E~
z 225

< const - ((a+be ")k + k7).

Therefore, it follows from (1.3), (2.14), and (2.17) that E,(N?) is at most

E,(Ng) + const - k‘p* Z Z ((a + be_‘tj_t'il)k + k_l) (2.29)

1<i#j<Kp(1/k)

< E,(Ng) + const - k‘p* ZZ ((a—i—be_lj_il/k)k —|—k_1) .

1<i#i<Kr (1/k)
Consequently, E,(N?2) is bounded from above by
Kr(1/k) . k
E,(Ng) + const - Kp(1/k) - k'p* >~ ((a + be_J/k) + k—1> (2.30)

Jj=1

< E,(Ny) + const - Kp(1/k) - k*p* {k/l(a + be™")* du + Kp(kl/k)} .
0

[The final term is at most one because Kp(1/k) < Kjo1j(1/k) = k.] A direct



computation of the preceding integral reveals that
E,(N?) < E,(Ny) + const - Kp(1/k) kp* < const - E,(Ny); (2.31)

see (2.16). Therefore, (2.16) and the Paley-Zygmund inequality [11, p. 72]
together imply that P,{Ny > 0} > const - Kr(1/k) k*p*. The theorem follows
because {Ny, >0} C {3t € F: Si(t) =k —{}. O

3 Proof of Theorem 1.3

Let P(F) := all Borel probability measures p such that u(F) = 1.

Theorem 3.1. If k is an even integer, then for every measurable and nonran-
dom set F C [0,1], the following holds as k — oo:

) . . 1 “(30)
= ﬁ Lé{;&) // min (\/m , 1) u(ds)u(dt)] .

As a first key step, we simplify the expression in Lemma 2.1.

Lemma 3.2. Uniformly for every even integer k > 1 and t € [0,1]:

1
P Sp(t)=k/2 | Sx(0)=k/2) <min| —, 1]. 3.2
v (5u(6) = /2 | 51(0) = b/2) =min (= . 1) (32
Proof. Throughout, we will use the following simple fact:
t
g <1- e 2 <2t forallte(0,1]. (3.3)

We appeal to the result, and notation, of Lemma 2.1. Notice that in the

present case, 0; = 1 — 1y = (1 — e~*)/2, and moreover,
Pi/s (Sk(t) = k/2 | Sp(0) = k/2) =P{X =Y}, (3.4)

where X and Y are two independent binomial random variables with common

10



parameters k/2 and (1 — e~ *)/2. We can apply the Plancherel formula:

Px-v) -5 | " 6(2)P dz, (3.5)

2r J_

where ¢ is the characteristic function of X; i.e.,

_ _ k/2
¢(z) _ (1 —26 ¢ n 1 +2€ teiz) ) (36)

Of course,

2_ 1+e—2t 1_e—2t

2 + 2

Cos 2. (3.7)

Taylor’s theorem with remainder shows that 1—(22/2) < cosz < 1—(22/20)
for all z € [—m,w]. Therefore,

2 2

<1- z—o (1—e2).  (38)

2 1— —t 1 —t
1—1(1—e_2t)§‘ € 4 "’2‘3 oi®

2

Now, (3.3) implies that for all ¢ € [0,1] and z € [-7, 7],

2 2
24t

<1l——; 3.9

<1-2 (3.9)

1—et 14et
< 1z
= ‘ 5 + 3 e

22t

122
2

and therefore,

1 24\ */2 n w 9, \ k/2
/ AL R PO / 16(2)|? dz < / 125 4 a0
_1 2 . » 80

Since 1 —u < e~ for all u > 0, we find that uniformly for all ¢ € [0, 1],

1 s
P{X =Y} < 2—/ o7 HR/160 g, < CONSE (3.11)
Y8

- Vik

This implies the upper bound of the lemma. For the lower bound follows from
the fact 1 —u/2 > e™%, for all 0 < u < 1, and f_ll e=*"th/2dy > const -
min((tk)~'/2,1), uniformly for all ¢ € [0, 1]. O

Next we prove Theorem 3.1.

11



Proof of Theorem 3.1. For all € P(F) and even integers k > 1 define

LZ = /1{Sk(t):k/2} /L(dt). (312)
In accord with (2.9), the following is valid: As k — oo,
Eyj(Lk) = k712, (3.13)

where the approximation holds uniformly for all u € P(F). Next we estimate

the second moment of L/, using Lemma 3.2:

By [(L0)?] <2 / / Py {(Sk(t) = Sk(s) = k/2} p(ds) pu(dlt)

t>s

< O [ i ( k|t_s|,1> p(ds) p(de).

This, and the Paley—Zygmund inequality, together imply that

h const min 1 s B
Pualf > 0} > ©08 V/ ( m,l) M(d)u(dt)] - (319)

The preceding probability is at most Py o{3t € F : Si(t) = k/2}. Since the
latter does not depend on u € P(F),

(3.14)

—1
., const (3.16)
> LGP [ mi < k|t_8|,1> u(ds)u(dt)] .

This proves half of the theorem.

For a converse bound, let us consider the stopping time o := inf{t € F :
Sk(t) = k/2}, where inf @ := 2. We apply our existing computation with the
following special choice of y: ju(e) := Py/2(c € o]0 < 1). By the strong Markov
property and Lemma 3.2,

El/Q(Lg|fU)=/> Py (Sk(s) = k/2| Fo) p(ds)
. 1
> const - /S>U min (k:(s—a) ; 1) p(ds),

12

(3.17)



where the implied constant does not depend on p, and is nonrandom. Since
o is a bounded stopping time, we can apply the optional stopping theorem to

deduce from the preceding that for all probability measures p on F,

E1/o(L}) > const - Eq /o l/> min (lc(sl—a) , 1> p(ds)] . (3.18)

According to (3.13),

. 1 const
Ei/2 l[q>0 min (k(S—U) , 1) u(ds)] < T (3.19)

On the other hand, the definition of x4 implies that the left-hand side is equal to

1
// min ( , 1| p(ds) p(dt) - Pyjo{o < 1}
VE(s—t )
s=t S (3.20)

2 %//mm (\/ﬁ ) 1) p(ds) p(dt) - Py jofo < 1}

It follows from the preceding two displays that

const . 1
Pyjo{o <1} < v [//mm (\/m , 1) u(ds) p(dt)] . (3.21)

This proves the theorem. O
Finally, we prove Theorem 1.3.

Proof of Theorem 1.3. We recall Howroyd’s theory of box-dimension profiles
[10]: For every s > 0 and = € R define ¢s(z) := min(1, |z|~®). Then, given
r > 0, a sequence of pairs (w;,x;)’ is a size-r weighted s-packing of F if:
(i) @; € F for all 4; (ii) w; > 0 for all 4; and (iii) -7, wis((xi —a5)/r) < 1,
uniformly for all i = 1,...,n. Define N,(F;t,) := sup> ., w;, where the
supremum is taken over all size-r weighted v,-packings (w;,x;)?; of F. The

s-dimensional upper box-dimension profile B-dimsF of F is then defined as

log N,.(F'; 1)

B-dim, F' := lim sup , 3.22
10 IOg(l/T) ( )
where log 0 := —o0. The s-dimensional lower box-dimension profile B-dim F of

13



F' is defined as above, but with a liminf in place of the lim sup.

According to Khoshnevisan and Xiao [13, Theorem 4.1],

N 1 uU—v
B-dimy F' = li —1 inf s | —— d dv). (3.23
im 0 Sup Oguelg(F)/ (0 ( n ) p(du) p(dv).  (3.23)
That proof shows also that B-dim F is equal to the same quantity, but with
lim sup replaced by lim inf. In light of these two facts, Theorem 1.3 follows from
Theorem 3.1. O

4 Some applications to runs

Throughout this section we will be studying X, and its dynamical version;
both can be defined in the usual way via infinite product spaces, as respective
“limits” of X and its dynamical version, as k — co. We skip the details, as
they are outlined nicely in [3].

As was pointed out in [3], one can use an estimate such as (1.4) to study the
behavior of the longest runs in a dynamical bit sequence, as the sequence length
tends to infinity. We describe this work next. For every two integers n,¢ > 1,
define fo) to be the largest integer j > ¢ + 1 such that X,,, = 1 for all but ¢
values of m € {n,...,n+j—1}. If such a j does not exist, then Z,(f) :=0. One
defines the dynamical version similarly: Zy(f) (t) is defined as above, by X, is
replaced by X, (¢).

According to the Erdés—Rényi theorem [6], for every £ > 1,

70
lim n

. Tog, =1 P,-almost surely, (4.1)

where log, /,, denotes the base-(1/p) logarithm. Erdés and Révész [7] improved
this statement by showing that the following holds for every nonrandom se-
quence a := {a; };";1 of positive integers that tend to infinity:
0 if 3 alp® < oo,
n—oo

P, {lim sup fo) > ay, i.o.
1 otherwise.

This particular formulation appears explicitly, for example, in the book by
Révész [14, p. 60] in the case that p = 1/2. To be more precise, Révész (loc.
cit.) defines Z,(f) as the longest run having at most ¢ defects in the first n bits.

14



But a real-variable comparison argument reveals that our definition and that of
Révész have the same asymptotic behavior [7].

Of course, Z") can be replaced by fo)(t) for a fixed t, and (4.2) continues
to holds. By contrast, it is shown in [3, Theorem 1.4] that

0 if 3% altlpon < oo,
P, {Elt c0,1: 2900 > a, i.o.} - 2Zon=1 WP (4.3)
1 otherwise.

To be precise, Benjamini et al [3] prove this for £ = 0; but one can apply
their method, using (1.4), to produce (4.3). We learned about (4.3) from the
monograph by Révész [14, p. 61], who conjectured (4.3) in the case that p = 1/2.
It is possible to study the size of the set of times ¢ at which z (t) > ay, infinitely
often. Define

£ (a) = {t €0,1]: Z9) > an i.o.} . (4.4)

In light of (4.3), £ (a) is nonempty if and only if Y7 | a%*1pn = co. Then, it

is possible to adapt the argument of [3, Theorem 1.5], using (1.4) of the present

paper, to derive the following:

dim,, £#(a) = sup {S €(0,1): Z abti=spon = oo} , (4.5)
n=1

where dim, denotes Hausdorff dimension.

Equation (4.2) is a statement about whether or not £)(a) is void. Our
next result describes all nonrandom compact sets F' C [0, 1] that have positive
probability of intersecting £¥) (a). First we need some notation from [12].

We say that an interval is rational if its endpoints are rational numbers.
From here on, we choose and fix a nonrandom set F' and a nonrandom sequence
a = {a;}32, of positive integers that tend to infinity. It turns out that the
following definition [12] defines the correct intersection property for the random
set £0(a):

Definition 4.1. We write “U(a; F) < oo” if and only if we can find closed
rational intervals Fy, Fy, ... such that: (i) US2,F,, D F; and (ii)

ZKF"(I/aj)aﬁp“j <oo foralln>1. (4.6)
j=1
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Theorem 4.2. For every nonrandom compact set F C [0,1],

P, {5<“>(a) NF # @} _J0 i¥(a;F) <o, (4.7)

1 otherwise.

One can adapt the proof of [12, Theorem 2.5] to the present setting to see
that the following implies Theorem 4.2. We will not prove Theorem 4.2, since its
proof does not require new ideas. However, we will prove the following crucial

step, whose proof borrows ideas from the proof of Theorem 1.4 of [3].

Proposition 4.3. For all nonrandom compact sets F C [0,1],

} _ 0 if ZZO=1 KF(l/an)af;pa" < 09, (4.8)

P, {sup ZOt) > ay, i.o.
1 otherwise.

teF

Proof. According to Theorem 1.1, >°°7 | Kp(1/a,)alp® < oo if and only if

Z {SupZ (t) > an} < 0. (4.9)

tel

Therefore, whenever > 7 Kr(1/ay,)alp® is finite, sup;c Z(Z)( t) > a, only
occurs finitely often. For the converse let us suppose > oo Kr(1/a,)atp® =
oo, and define the events

F, ={X,_j(t)=0forevery j=1,2,...,/+1and t € [0,1]}. (4.10)

Note that F;, is independent of the event

F, = {sup Z0(t) > an}

teF (4.11)
={HEF: Spnta,-1(t) — Sn(t) =an, — £},
and P, (F,) > (q/e)*™! with ¢ := 1 —p. Since > oo Kp(1/ay)alp® = oo,
ZPP(Gj) =00 where G, :=F,NF,. (4.12)
j=1
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Note that for all integers N > 1,

N N N
> Pp(GunGr) =D Pp(Gn)+2 > Pp(GnNGy). (4.13)
n,m=1 n=1 n,m=1

Suppose n < m. If m < n + a, — 1, then the events G,, and G,, are disjoint.
Ifm>n+a,+ ¢+ 1, then G, and G, are independent. In the remaining
O(1) cases we can use the elementary bound P,(G,, N G,,) < P,(G,,). Since
>, Ppr(G,) = oo, it follows that SN Pu(G,NG,y) is bounded above by
a constant times (Z;\le P,(G;))?, where the implied constant does not depend

n,m=1

on N > 1. The Borel-Cantelli lemma for dependent event [4] implies that

infinitely-many of the G,,’s—and hence the events F,,—occur almost surely. [

Let us end this section with the following example: Let 8 > 0 be fixed, and

consider the sequence a(f) given by
an = an(8) :==ln+0l,l,n, (4.14)

where [,z := log; /,(max(z,100)). It is possible to check that

K (1/logn
ZKF 1/a,(0)) [an ()] p™ ) <00 iff ) st<oo. (4.15)
n=100

The doubling property, Kr(2¢) < Kg(e€), valid for all € > 0 sufficiently small

[12, eq. (2.8)], implies that

- > Kp(1
Z (1/an () [an ()] p*® < o iff % ds < oco.  (4.16)
1

According to Proposition 2.9 of [12],
dim, F+¢+1=inf{0: ¥(a(d);F) < oo}, (4.17)

where dim, denotes packing dimension. Therefore, we can combine the preced-

ing facts to deduce the following;:
£)
Zn (t) =1
sup lim sup Zn(t) = lpn =dim, F+¢+1 Ppas. (4.18)
teF n—oo lplpn

When F := {0}, this is due to Erdds and Rényi [6]; and when F :=[0,1] it is
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due to Benjamini et al [3, Theorem 3.1].

5 A sharp capacity criterion

Let m : Ry — Ry be a strictly increasing function so that m(IN) C N. Ben-
jamini et al [3] have proposed the following “bit process” as part of their parity

test that is motivated by complexity theory: Define

Bi(t):= @ X;(), (5.1)

where t > 0, k € N, and @ denotes addition mod 2. Of course, By(t) is either

zero or one. It is proved in [3, Lemma 4.1] that

Pyp{3t€[0,1]: B(t) =0forall k € N} >0 iff ki:l m2(];c) < oo, (5.2)
provided that m satisfies the Hadamard gap condition,
1?5 % > 1. (5.3)
Consider the random set
T :={t€]0,1]: B(t) =0 for all k € N}. (5.4)
Consider the special case that m is the function m,(x) := [2%/9] for some fixed

g > 0. Lemma 4.1 of [3] shows that for all nonrandom compact sets E C [0, 1],
Cap,(E) >0 = Pip{Tmw,NE#£}>0 = HY(E)>0, (55)

where Cap,, denotes the g-dimensional Riesz capacity and H? the ¢g-dimensional
Hausdorff measure [11, App. C & D]. In their Remark 4.5, Benjamini et al (loc.
cit.) point out that there is a [small] gap between the conditions of positive
Hausdorff measure versus positive capacity. If we specialize the next theorem

to m := m, then we obtain a verification of their conjecture.

Theorem 5.1. Suppose, in addition, that t — 27tm(t) and m are both strictly
increasing. Additionally, choose and fix a nonrandom compact set E C [0,1].
Then, Pyjo{Tm NE # @} > 0 iff there exists a probability measure p on E such
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that J(p) < 0o, where

J(p) = / / (Co)(It - s]) p(ds) p(d); (5.6)

g is defined by log, g(t) = m™'(t), and (Lg)(A) == [ e > g(ds) denotes the

Laplace transform of the Stieltjes measure dg.

Remark 5.2. The monotonicity condition on ¢ — 27¢m(¢) implies the gap con-
dition (5.3). Indeed, under the monotonicity condition we have m(k+1)/m(k) >
2 for all k& > 1. O

Remark 5.3. One can inspect the proof to see that the monotonicity of 27 ¢m(t)
can be generalized to the condition that c'm(t) is strictly decreasing for some
ce(0,1). O

In order to prove the conjecture of Benjamini et al from Theorem 5.1, we
first define m, (k) := [2%/9] and interpolate linearly to obtain a strictly increasing
function [also called m,] on Ry. If 27'm(t) fails to be increasing near zero, then
any reasonable alteration near zero works because the conditions of Theorem
5.1 only restrict the behavior of m near infinity. It is not hard to check that
in this case, (Lg)(A) < A™% as A | 0. From this it follows that J(p) < oo for
some p € P(E) if and only if [[ |z — y|79p(dz) p(dy) < oo. This shows that
the capacity criterion in (5.5) is the sharp necessary and sufficient condition.

We conclude by proving Theorem 5.1

Proof of Theorem 5.1. Let F := {Fi}+>0 denote the filtration such that each
Fi is generated by all variables X;(r), where j > 1 and r € [0,¢]. If it is not
already augmented in the usual way, then we need to augment F so that it
satisfies the “usual conditions” of Dellacherie and Meyer [5].

Consider the events
U,(t) :={Bg(t)=0forall k € {1,...,n}}. (5.7)
A first-passage time argument shows that for all F-stopping times 7,

Pijo (Un(t+7)| Fr) = 27" fu(7), (5.8)
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where for all n € NU {0} and A € R,

YT (1 e ,
Fa(N) : ;}:[1(1 ) (5.9)

Indeed, by the strong Markov property, it suffices to prove this for 7 := 0; and
that is what we do next: Because {Bj(t)}32, are conditionally independent

given Fo,

Pija (Un(t) | Fo) = [] Prje (Be(t) =0 | Fo). (5.10)
k=1
Let 71 denote the first jump-time of the Markov process
S (Xm(k)(5)77Xm(k+l)(3)) . (511)

The Py o-law of 7 is exponential with mean 1/m (k). Therefore, we obtain the

following by splitting the probability according to whether or not 7, > ¢:
1
Pijz (Bult) = 0| Fo) = e, 0)mgy + 5 [L—e M| (5.12)
This and (5.10) together imply (5.8). Next we begin by recalling the argument

of [3, Theorem 4.3] for the necessity of the positive-capacity condition.
Choose and fix some p € P(E), and define

20(w) = [ 10,0 pla). (5.13)

It is easy to see that Pq/5(U,(0)) = 27". Moreover, stationarity and (5.8)
together imply

Bia(Z) = g5 [[ £t =9 ptdt)plds) = o [Ghunpdp (510

Therefore, the Paley—Zygmund lemma implies that

1
i Pyz{Z, > 0p > | [ e pag] (5.15)

From this it follows readily that

PI/Q{HteE: sup By (1) :0} > { inf /(foo*p)dp]_l. (5.16)

E>1 PEP(E)

20



For the converse bound we use a first-passage argument. Define 7(n)(w) :=
inf{t € F: w e Uy,(t)} where inf @ := oo; 7(n) is an F-stopping time. Define
pn € P(E) via p(e) := pp(e) := Py/5(7(n) € o|7(n) < 00). And consider the
martingales {M,,(¢)}22,, defined via

Equation (5.8) implies that M, (7(n) A1) > 2~ ”f () fu(t = (7(n) A1) pp(dt).
Because 7(n) A1 = 7(n), Py/-a.s. on {7(n) < oo}, it follows that

1

Mp(7(n)) = 27" ( )fn(t—T(n))Pn(dt), (5.18)

Py/9-a.s. on {7(n) < co}. The trivial estimate

Ei/2 (Mn(1(n) A1) = Eqjg (Mn(7(n));7(n) < 00), (5.19)
together with the definition of p,, impose the following:

2"Ey /3 (Mp(1(n) A 1))

> E1/2 (/ fn - )pn(dt)

/(fn *pn) dp, X P1/2{7’( ) < OO}

( ) < oo) X Pl/g{T(n) < OO} (5.20)

l\D\H

[The last inequality is an identity when p,, is atomless.] By the optional stop-
ping theorem, the left-most term is equal to Ey/5(Mn(1)) = Ei/2(Z,) = 27"
Therefore, Py /o{3t € E : maxi<p<y Bi(t) = 0} < 2[[(fn * pn) dp] "

We obtain an even smaller quantity if we replace f, by fs, whenever n > /.
By Prohorov’s theorem, there is a subsequence of {p,, } and a probability measure
p on E such that the subsequence converges weakly to p. It follows from the
preceding that Py {3t € E : supys; Bi(t) = 0} < 2[[(fe*p)dp] ' Let £ 1 oo
and apply (5.16) and the monotone convergence theorem to find

1
B <Py {HtEE. I]Ivlgi(Bk(t):O} < (5.21)

inf,epm) I(p inf,epmy 1(p)’
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where 1/inf & := 0 and

I(p) := // ﬁ (1 + e_m(k)lt_s|) p(ds) p(dt). (5.22)
k=1

Inequalities (5.21) is valid for every increasing function m which satisfies m(IN)) C
N. Now we concentrate on the functions m that satisfy the monotonicity re-
quirements of Theorem 5.1, and prove that I(p) and J(p) converge and di-
verge together [for those functions m]. Our method is an adaptation of a
reduction argument of [3], used to estimate Riesz-type products of the form
[Tie, (1 + exp(—m(k)A)) for A > 0 small.

First of all, note that for integers n > 1 and real numbers A > 0,

n

H <1_|_efm(k)>\) 14 Z oA s m(k)

k=1 SC{1,..,n}
572 (5.23)
<14+ Z e—Am(max S).
SC{1,...,n}

S£2
For every j = 1,...,n there are 2/~! subsets S C {1,...,n} with max S = j.

Therefore,

H (1 + e—m(k)k) <1+ Z2j—1e—)\m(j) <1+ ‘/OC e—)\7rL(10g2 s) ds
k=1 j:io ! (5.24)
=1 —|—/ e Mdg(t) <1+ (Lg)(N).
m(0)
It follows that I(p) <1+ J(p).

For the complementary bound we begin by expressing our product as fol-
lows: First, we write ), _¢m(k) as max(S) ), g m(k)/m(maxS). Then, we
write m(t) = 2t f(2%) where f is increasing, and find that []_, (1 + e ™*)?) is
bounded below by

1+ Z exp (—)\m(max S)- Z kaaxs> . (5.25)

SC{1,...,n}S#£2 kes
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Since Y, o 2875 < Yo 277 =2, it follows that
n

n
H <1 + e_m(k))\) >14 Z e—QAm(maxS) =1+ ZQj—le—QAm(j)

k=1 SC{1,..,n} j=1
S#@

1 o
>1+ 5/ exp(—2Am(log, t)) dt. (5.26)
2

Because tf(t) = m(logsy t) for f increasing,

- 1 [ 1 [
I1 (1 n e—’"(W) >14 1/ e MW/ gt > 1 4 f/ e dg(s). (5.27)
k—1 4 m(2)

If D :=sup{|t —s|: s,t € E} then for all A € (0, D),

m(2)
/0 e dg(s) < g(m(2) = 4,

oo oo 4
/ e M dg(s) > / e Pidg(s) == <.
m(2) m(2) C

[We are defining C in this way.] Thus, (Lg)(A) < (1 + C) f:;EQ) e **dg(s) for
all A € (0, D), and therefore

(5.28)

- - Lg)(N) 1+ (Lg)(N)
m) > 1 4 LN : 5.29
kUl(He E T+ o) T a0+ 0) (5.29)
This proves that I(p) > (4 +4C)~(1+ J(p)), whence the theorem. O
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