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Abstract

This is the companion worksheet to the lecture series Introduction to Multiplicative
Chaos by Christian Webb and Eztrema of log-correlated processes by Louis-Pierre Ar-
guin during the Séminaire de Mathématiques Supérieures 2026 Universal Statistics in
Number Theory at the Centre de Recherches Mathématiques, Montréal.
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1 Computations related to multiplicative chaos

This section covers the exercises for the course about multiplicative chaos. There is some
overlap with the exercises about the extrema, and a bit fewer problems. There are also some
hints at the end.

1.1 Logarithmic correlations in the Steinhaus model

The first exercise is about digging into the details of why we see logarithmic correlations in
the Steinhaus model on the critical line. This is a bit of work and don’t worry if you don’t
get all the way to the end.

1. Let P denote the set of prime numbers and for P € P, Pp = {p € P : p < P}. Let
(f(p))pep be independent Steinhaus random variables and for t € R

1
XP(t)Zlog(H 1= fop- I Zt|>

pePp

Show that E[Xp(t)] = 0 and uniformly in ¢,¢ € K, where K € R is compact,
1
ELX () Xp(t)] = & log(min([t — ¢, log P) + O(1)
as P — oo.

Proof. Recall that for a complex number z # 0, we have (for any branch of the logarithm),
log|z| = Re(log z), and if |z| < 1, we have for the principal branch of the logarithm — log(1—
2) = 32, dam Thus (as |f(p)p ] <271/ < 1)

Xp(t) = log ( H ! - ) Z Z _p,% )"+ fp) ™).

e, L= flo)p27" ) 2 g in

As this series converges uniformly in everything, we can use Fubini to compute

1 .

E[Xp(1)] = 5 > —p 2 (E[f(p)"lp™"" + E[f () "]p"™).

Since for any integer k& we have E[f(p)¥] = dr0, we see that E[f(p)"] = E[f(p)™"] = 0 for
n>1so
E[Xp(t)] = 0.

This concludes the proof of the first claim.
The second one is lengthier. With start with a similar Fubini argument to argue that

E[Xp(1)X Z Z —p gq"?E[f( ) F(q)mp g 4 () flg) g™

pqupnm 1

+ f) 7 (@™ T + f(p) " f(g) ™M™ |



Recalling that for any integers k, &’ and distinct primes p and ¢, we have E[f(p)*f(¢)¥] =
Ok,00k 0, We see that E[f (p)" f@D"qZZ Elf(p)™"f(@)™™] = 0and E[f(p)" f(¢) "] = E[f(p) " f(9)"] =

0p,qOmn- This means that

E[XP( XP t/ ZZ 2]7 n —mt t)+ in(t— t))

pGPp n=1
Note that for n > 2 part the sum we have

[e.9]

;1 Z Z %p—n(p—in(t—t’) +pin(t—t/)) < }l Z p—22% < 00

so this produces only something O(1) to our covariance and it is sufficient for us to focus on
the n = 1 sum.
This we write in terms of the prime counting function 7(n) and sum by parts

- Z —z(t ) p'(t—t’)> _

cos((t —t')logn)

N | —
Nk

(m(n) —m(n —1))

1 cos((t —t')logn)  cos((t —t')log(n + 1))
- 5 = ( n a n+1 ) m(n)
1 cos((t —t') log P)
+ 3 Iz (P).

We now recall the prime number theorem (in a quantitative form) which states that as

n — 00,
n n
) = g +© ()

We see immediately that the m(P)-term above is o(1). We also note since

o, cos((t — t') log x) _ (t —t')sin((t — t') log x) + cos((t — t') log x)

x x?
and
o2 cos((t —t')logz)| 41+ |t —t|)?
x T = 3 ’

there exists a constant C' = C'x (depending only on the compact set K that ¢,¢ are in) such
that

cos((t —t)1ogn)  cos((t —t')log(n+1) (¢ —t)sin((t —t')logn) + cos((t — ') logn)
n n+1 n?




This means that

’1:1

1
2

- (cos((t —t)logn)  cos((t —t)log(n + 1))> r(n)

n n+1

3
[|
I\

l\D

P P-1
1 ((t—t)]logn) + (t —t')sin((t — t') logn) 1
:Z nlogn +O1)+0 nzzwn(lo 2]

gn)

where the implied constants may depend on K. The last term can be compared to the

integral
/oo ! d /Oo ! dy <
———dr = —dy < 0o
5 .’13(10g $)2 log 5 y2

(where we performed the change of variables x = e¥) so

1 cos((t —#')logn)  cos((t —t')log(n + 1))
2 —~ < n n+1 > m(n)
%Z cos((t —t')logn) + (t — t') sin((t — ¢') logn) o).

nlogn

We can perform a similar integral estimate for our first sum. By another routine derivative
estimate as before

cos((t —t')logn) + (t — t') sin((t — t') logn)
nlogn

_/ cos((t —t')logn) + (t — t') sin((t — t') logn) .
N nlogn
_/ cos((t —t')logx) + (t — ) sin((t—t’)loga:*)dx+0 /”*1 1 i
N xlogx . x’logx
_/ cos((t —t')logzx) + (t —t') sin((t — ') 10g$)dw+0(n_2)
N xlogx
S0
EPZ ((t — ') logn) + (t — ') sin((t — ¢') log n)
2 = nlogn
1 [P cos((t —t")logz)+ (t —t')sin((t — t') log z)
== d 1
2 /10 xlogx v+ 0(1)

where again the implied constant can depend on K, but not P or t,t otherwise). Writin
g g



again r = e¥, we can write our integral as

l/P cos((t —t')logzx) + (t —t') sin((t—t’)log:zc)dm

2 Jio xlogx
1 /k’gp cos((t —ty) + (t —t) sin((t—t’)y)d
=35 Y
2 log 10 Yy
1 o8P cos((t —t')y) + (t — ') sin((t — t'
L[ et = it
2./ Y
1 [t—t'| log P COS t— ¢ [t—t'| log P sin
_ _/ (y)dyJr t -] (y)dy'
2 Jji—v| Y 2 t—t/| Y

If |t —t'|log P < 1, then we write in the first integral %(y) = i + O(y) and in the second
integral % = O(1), to find

1 [t—t'|log P cos t—¢ [t—t'|log P sin 1 [t—t'| log P d 1
—/ ﬂdy—ij—l (y)dy:—/ —y—I—O(/ (l—i—y)dy)
2 [t—t/] Y 2 [t—t/] Yy 2 [t—t/] Y 0

1
= éloglogP + O(1),

where once again, the implied constant depends only on K. This concludes the proof of the
claim in the case [t — t'|log P < 1. If on the other hand |t — t'|log P > 1, we have

1 [lt=tllog P oo t— | [lt=tllosP gy
L ) g 4 1= 0
[t—t/| Y 2 [t—t/| )

d
5 Y

1 /1 dy </1 1 [t—t'| log P cos(y) ‘t _ t/’ [t—t'| log P sin(y)
== —+0 1+y)dy —I——/ dy + / ——=dy.
2 lt—t'| Y 0 ( ) 2/, ) 2 1 Y

The first integral is simply —1 log |t — ¢/, the second quantity is O(1), while the last two
integrals are perhaps slightly less trivial, they are known to be bounded in P and ¢t
(see e.g. https://en.wikipedia.org/wiki/Trigonometric_integral). To summarize,
we have argued that

E[Xp(1) Xp(t)] = 5 log(min(|t — 7| ", log P)) + O(1)

where the implied constant depends only on the compact set K. O

1.2 Euler product estimates

We now focus on perhaps the main estimate for constructing multiplicative chaos measures
from the Steinhaus model.


https://en.wikipedia.org/wiki/Trigonometric_integral

2. Using similar notation as in the previous problem, let k¥ > 1, aq,...,a; € R be fixed
(independent of P) and 100(1—|—(Z§:1 |j|)?) < Q < P. Show that uniformly in 1, ...,t; € R

E [ezﬁzl 205 (Xp(t;)~Xq (tm}

j=1 Q<p<P
B ) cos((t; —t;) log p)
= exp Zaj Z ——|—2 Z Oé]Oél Z +O<1) .
j=1 Q<p§P 1<i<j<k Q<p<P b

Proof. We start by using independence to write this as

H H |1 i |2 ] = H E |:€E?_1 2a; 10g|]_f(p)p_%—it]'|:| '
— _7_7/]_ a;

Jj=1Q<p<P Q<p<P

We then use the same old series expansion of the logarithm:

~2log |1 = Fplp = 30 Lo W+ f) ),
n=1

We cannot now directly argue that the n > 2 part can be absorbed into the O(1), but we
can do this for n > 3. The reason for this being that

D) DU RIEE) S DE

peP n=3 peP n=3
00 00
<SS
k=3 j=3
<0

4

uniformly in f(p) and t;. Here we used the fact that p~35725 > p~2 for n > 3 (since
% + 55 < 5 for n > 3. Thus we can absorb (deterministically), the sum over n > 3 into the
O(1) term in the claim. Thus our task is to control

H E[ j=15(p 2(f(p)p*“a'+f(p)*1p“f>+$p*1(f<p)2p*2“j+f(p>*2p*2“f>>]
Q<p<P

We now expand the exponential to third order (e® =1+ z + 222 + O(z?*)) to find

oSy @i (0T ()T () P )+ (F(0)2 2 4 f(p) 22 )

k ) 1
=1+ 2o (p—2<f< b)) 4 g P 1))

+5 Z%p P+ F() ) (F()p ™ + ()P + O(p ),

lj=1



where the implied constant is uniform in f(p) and ¢4, ..., tx. Taking expectations and recalling
that E[f(p)"] = 0n0 for an integer n, we see that
E [62?21 as(p™ 2 (F )P~ +1 ()" " )+ o (F )20+ ()22 ))]

= a? cos((t; — 1) logp) >
:1—|—Z—J+2 Z ajqy 4 +O0(p~3/?)

p 1<i<i<k p

J=1

o2
cos((t;—t)) logp) | . _
— IOg(H‘Zg L E 2 ek @ — LS4 0(p3/2))

k

aj cos((t;—t;) logp)
J
— e2i=1"p 230 <<k »

+0(p~3/?)

—3/2

Taking the product over p and noting that Zpep D < 00, we conclude that

H H 7’itj |201j

Jj= 1Q<p<P
cos((t; —t;)lo
(z I S S )
j=1 Q<p§P 1<i<j<k Q<p<P b
as claimed. O

1.3 A Gaussian calculation

We now argue that the last exercise is essentially saying that Xp behaves like a Gaussian
object.

3. Let (U,,V,)pep be independent standard Gaussian random variables. Define for
PeP

Yp(t) = \/_ Z p~V2(U, cos(tlog p) + V, sin(t log p)).
pePp

Compute for k > 1, aq,...,a € Rand 2 < Q < P (with Q € P), and t1,....,t, € R

E [62§:1 QO‘j(YP(tj)_YQ(tj))] )

Proof. We begin by writing

k k
Z 205(Yp(t;) — = > U ( p Z 205 cos(t; 10?;17))

Q<p<P
k
+ Z Vp ( ’1/22204]- sin(t; logp)) .
Q<p<P j=1



By independence, we thus have

E [ez§:1 2aj<Yp<t]->—YQ<tj>>}

= H E {eUP (%p—w 351 20, cos(t; logp))} E |:6Vp (%p—m Sk 20 sin(t; 1ogp)>
Q<p<P

We now recall that for a standard Gaussian random variable Z (such as U, or V) and a € R,
we have

M)

1 22
E[e*] = —— [ e*e 2 dx
1% W‘A;
1

[e3

ez /e_(w_;)2 dx
V21 Jr
=e2 e 2dx
V21 Jr

o

=e2,

Thus
E [625-:1 20, (Ve (t;)—Yo(t;))
- 11 o5 (h_, o cos(t; logp)*+5 (Sh_, aysin(t; logp))?
Q<p<P

— H o L1 05 (cos® (t; logp) +sin® (5 log p))+ 5 321 < <y, @0 (cos(t; log p) cos(ty log p) +sin(t; log p) sin(t; log p))

Q<p<P
= H @% b1 Q24230 e @ cos((tj—t) log p)

Q<p<P

k
1 cos((t; —t;) logp
:exp(Za? Z - 42 Z a0y Z ( i) ) ’
=1 qw=pl <Gk qopsp b
which is exactly what we found in the last exercise apart from the O(1) term. O

1.4 Estimates needed for multiplicative chaos

Finally we combine some of the work we have done to derive some important estimates in
our construction of subcritical multiplicative chaos measures.

4.

1. Prove that for fixed v > 0

E[e7XP()] = ¢ loglos P+O()

uniformly in ¢ € R.

0]



. Prove that for fixed v > 0

]E[G'YXP(t)JF'YXP(t/)]

2
o)y _ ¢—%
E[e'yXP(t)]E[e'YXP(t,)] se |t t| ’

uniformly in ¢, ¢ in a fixed compact set K C R.

. Prove that for fixed a,y7 > 0

]E[eyXp(t)—i-aXQ(t)]

< 60(1)—&-% log log Q+ <5 log log Q
E[GVXP(t)] -

uniformly in ¢t € R and 10 < Q < P.

Proof. 1. We use Problem 2 with £k = 1, 2a; = v and @ > 100(1 + %) (the closest prime

to this quantity). We then have by independence
E[eXr®] = E[e?Xe®|E[e7Xr®=Xa(®)],

Since @ is fixed (independent of P), the prefactor is bounded from above and away

from zero in P and contributes e®V). For the second expectation, Problem 2 yields

again since @ is fixed. By Merten’s third theorem, Z2§p§P;lo = loglog P + O(1), so
we find that ,
E[e'yXp(t)] _ eWTloglogP—i-O(l)

as claimed.

. We again use Problem 2, but now with k = 2, 2a; = 2a3 = v and Q > 100(1 + ~?)
(the closest prime to this quantity). We then find by independence

E[evXp(t)ﬂXp(t/)] E[GVXQ(t)ﬂXQ(t’)] E[GW(XP(t)_XQ(t))"FV(XP(t/)_XQ(t/))]
E[erXrO]E[er Xp(t)] - E[e”/XQ(t)]E[ev’XQ(t’)] E[ev(Xp(t)—XQ(t))]E[ev’(Xp(t’)—XQ(t’))]'

The first ratio is bounded in P and we can bound it by say e (with the required
uniformity). For the second ratio, Problem 2 yields

]E[G’Y(XP(t)_XQ(t))+7(XP(t/)_XQ(t/))]
E[QW(XP(t)—XQ(t))]E[ev’(XP(t’)—XQ(t’))]

2 2 2 / 2 2
1 1 ((t=t") log p) 1 1
— e T X< p T T Xaep<r 3t Lopsr T O =T Eocper T La<pr y+O)

2 —t"V1o
_ e% S oep<r MJFO(U

2 Mo
_ 6% Socper W+O(l)



This is precisely the sum we encountered in Problem 1 and found that

g osUEZDIBD) o min(jt — #] log P)) + O(1) < log |t — ] + O(1)

2<p<P p
so we find the claim.

3. Let us use independence to write

B[ Xr(taXo®]  ElerXedtaXe®] Elr(Xpt)-Xa®)]  E[0rte)Xe(®)]

E[e'YXP(t)] o E[QVXQ(t)] E[e"/(XP(t)*XQ (t))] B E[@'YXQ(t)]

The claim now follows directly from part 1 of this exercise.

1.5 Hints
Beware of typos in the hints

1. The first claim about the expectation being zero should be quite straightforward. Just
argue that you can series expand the logarithm (recall that log |2| = Re(log z) for z € C
and for z € C with |z| < 1, —log(1 — z) = >.>7 | 22" The second claim is a bit more
elaborate. Using the same series expansion, try to argue (e.g. using Fubini) that

E[Xp(t)X ZZ 2p "cos(n(t —t')logp).

n=1 pEPp

Then try to argue that the sum over n > 2 produces something O(1) uniformly in
P t,t', so you are left with estimating
1 Z cos((t —t")logp)

p

pEP P

You can then write this sum as

%Z cos((t —t') logn) ((n) — 7(n — 1)),

n

where 7 is the prime counting function. Perform summation by parts, use some basic
derivative estimates, and use the prime number theorem with the estimate

)= g+ © ()

to write this as something like

1+zt—t) 1—i(t—t)\ 1
Z( R ) o)

10



2.1

Now argue why at the cost of O(1), you can replace the sums by integrals and perform
a couple of changes of variables in the integrals to arrive at

2

1 [t—t'| log P t—t [t—t'|log P
/ —COSUvar—' | SldeO(l).
|

t—t’l v 2 |t—t’| v

There are now some regimes to consider. For |t — /| bounded from below, you might
want to look up sine- and cosine-integrals to justify the claim (https://en.wikipedia.
org/wiki/Trigonometric_integral) and their asymptotic properties to conclude (or
perform some explicit estimates if you can come up with them). For |t — ¢/| tending
to zero but slower than |t — ¢'|log P > 1, split the integrals at 1, use the sine- and
cosine-integrals to estimate the integrals over v > 1, and write cos(v) = 1+ O(v?) and
sin(v) = O(v) to estimate the small v integrals. For |t —t'|log P < 1, argue as in the
last case, but you only need to consider the small v regime.

This is a special case of “Euler product result 1”7 on page 10 of https://arxiv.org/
pdf/2012.15809.

o2

m2
. The main idea is to use independence and the fact that \/% fR ee Tdr =ez. If

you have never seen this identity, try to prove it (hint: complete the square).

Here you should choose @) to be of order one and argue why the first ) terms do not
matter in the product. Also you might want to brush up on Mertens’ third theorem
for the first claim. For the second claim, it is not directly the result of the first exercise
we are using, but an estimate derived in the solution of the first exercise. For the
third part, it may be a good idea to write Xp(t) = Xg(t) + Xp(t) — Xo(t) and use
independence.

Estimates of the Steinhaus Model of (

Some Useful Estimates

. Weyl’s Criterion. Consider r distinct primes (p;, 7 < r) and r-tuples k = (ky, ..., k;)

and 1 = (¢y,...,¢,) of non-negative integers. Prove that

1 ity 1 ifk=1,
— dt =
T/o H {O(l/T) if k #1.

Conclude that (p~'7, p primes) converges to IID Steinhaus random variables as T' — oo
in the sense of finite-dimensional distribution.

Proof. The integral reduces to

1 (T
— / exp(itlogm/n)dt
T Jo

11
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where n = p’fl ..pkrand mo= pl_el ...p-%. The integral is 1 if m = n which is

equivalent to k = 1 by unique factorization. It is O(1/7") otherwise (for r fixed), which is
0 in the limit 7" — oco. This is the result we would obtain replacing p~* by independent
Steinhaus random variables €?”). This proves convergence of the joint moments of the
variables which implies convergence of the finite-dimensional distributions (since the
unit circle is compact). O

. Log-Correlations. The Prime Number Theorem with classical error states that

1
= 1 = —cvlogzy
m(x) E /2 og ydy + O(ze )

p<w
Use this and summation by parts to show that for § > 0 and 2 < z < y, we have
cos(8 log p) loglogy — loglogx + O((6logy)?) + O(e~cVloe®), if ology < 1,
2 r O(((Slogx)_l) +O((1 + §)ecviosT), if dlogz > 1.
(1)

z<p<y

Proof. Summation by parts gives

v £y v o
> s = [ Daus i) - e - [ rwewan
z<p<y G r
where £(x) = 7(z) — li(z) = O(ze~cv°8%). We use this with f(u) = M. We
prove the case 0 < § < 1. This gives us

Z COS((S logp) _ /y COS(5 log U) du + O<€7c\/@ + /y cos(6logu)+dsin(d logu) efc\/loﬁdu)

ulogu u
T<p<y p &

logy
= / COSidv)dv + O((l + 5)€_C@>,
1

where we use the change of variable v = logu. The error term in the first equality is
evaluated as follows, taking advantage of the periodicity:

)
’ / 5sin((ilogu) efc\/logudu‘ S /
x 1)

A similar calculation for the integral with cos(dlogu) gives < e~ “V!°8% It remains to
estimate the last integral in (3). In the case d logy < 1, we can apply the approximation
cos(dv) = 1 4+ O(6*v?) on the whole range logx < v < logy. This yields

logy 5 logy 1 logy
/ cos(ov) ;. :/ —dv+O(52/ v dv) = loglogy —loglog z +O((dlog y)?),
1 1 !

ogx v ogzx v ogx

dlogy
e /w/édw < 5efcx/log:r'

log z

12



as expected. For the case dlogz > 1, we integrate by parts

/1°gy cos(év)d sin(dv) |logy N /logy sin(év)
1 1

v =
ov?

d 0l -1
ogx v ov logx Vs ( 8 37)

ogx

2.2 Moments of the Steinhaus model

Consider (el p primes) be IID Steinhaus random variables, i.e., 6(p) is uniformly dis-
tributed on [0, 27].

1. Let ¢(p) and ¢*(p) be two sets of complex numbers indexed by the primes. Prove that
for a fixed p

E[exp (S(elp)e 0 + o)) | = 3 LD

27 (41)2

Proof. This is simply by expanding the exponential

E[exp (%(C(p>e—i6‘(p)_|_c*(p)ei¢9(p))>] — Z % i <’;) (c(p))(¢* (p))F~ Ee 0@ i k-00)],
k>0 =0

By the orthogonality relation, only the terms with ¢ = k/2, k even, survive. This

leaves
> i my

Jj=0

as claimed. O

2. MGPF of Steinhaus. Let z € C and 1 < X < Y. Deduce from the above that that

exp (z Z l%ezp%z(m)] = H [0(]%), (4)

X<p<Y X<p<Y

E

where I is the zero-th order of the Bessel function of the first kind

0 2k
k=0
Proof. This is direct from Problem 1. O]

13



3. Gaussian domination. Conclude that for ¢ = 2k even,

Re /() \ ¢ (2k)! g(n)?
y Ry s A 0
X<p<Y pn=pe(X,Y]

Q(n)=k

E

and 0 if £ = 2k — 1 is odd, and where g(n) is the multiplicative function defined by
g(p¥) = 1/k!. In particular, the moments are dominated by Gaussian ones:

Re €l%®)\ 2k (2k)! /1 12k
(=) =G s )" "
<p<Y

X<p<Y

E

Proof. We have from Problem 2 that

z 221 221
[<_): (1 AT - >
H 0 pl/2 H + A4(102 p oot AR (k)2 ph p T
X<p<Y X<p<Y (8)
= ) g(n)*(z*/4)" ™1,
pln=pe(X,Y]

where (n) stands for the number of prime factors of n counted with multiplicities,
where we noticed the Euler product form. The formula for the moments follows by
identifying the coefficients on each side. The Gaussian domination follows

k! Z g(n)yn™t = (Zl>k’ (9)
Q(n)=k

o P

by writing the k-power as a product of k sums, and noticing that there are klg(n)
multiplicities for a given integer n. Note also that g(n) < 1. O]
4. Gaussian tail. Use the above to prove a Gaussian tail estimate: for V > 1,
2

Re €/ 1%
P( Z —p1/2 >V>§€Xp<—@), (10)

X<p<Y
where s = 15 1/
2 2.X<p<y 1/ P

Proof. By a Chernoff bound, the probability is smaller than e *VE[exp(A Y p<Y Re f;i(p) )].

But Elexp(A)_x_ <y Re f}?p) )] < e’#*/2 by the Gaussian domination proved in the last
problem. It remains to optlmlze by taking A = V/s%. O]
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3 Ballot Theorems

3.1 Reflection Principle
1. Why ballot? Let (W, k < n) be a simple symmetric random walk (SSRW), i.e,

Wiy=Wo+Yi+ - +Y,

where (Y, k > 1) are [ID with P(Y; = +1) = P(Y; = —1) = 1/2. Note that ifa,b € N
and a + n has the same parity as n,

1 n
PV, = 1o = o) = o (L ).
2

(a) Prove that for b € N (with the same parity as n)

b
P(We > 0,71 < k <0, W, = bWy = 0) = P, = bWy = 0).

so that .
P(Wk > 0,¥1 < k < n|W, = b, W, :o) =2,

Origin of the name “ballot”: There is an election with n votes between two candi-
dates. Votes are counted one by one. Wy, represents the difference of votes between
the candidates. Given that the winner won by b votes, we are looking at the event
that the eventual winner was ahead in the count at each step.

(b) Consider now a,b > 0. Suppose for simplicity that a, b, n are all even. Prove that

2ab
P(W;, > 0,Yk < n[Wy = a, W, = b) ~ —.
n
Proof. (a) Let a,b > 0. The reflection principle for SSRW states the walks that start
at a, end at b and go through 0 in between are in bijection with the walks starting
at —a and end at b. (This is easy to see by flipping the increments from time 0
to the first time the walk reaches 0.)

Note that walks in the event considered must be such that W; = 1. It suffices to
count the walks starting at W; = 1 and ending at W,, = b and subtract the number
of such walks that cross 0. By the reflection principle, the latter is the same as
the number of walks starting at W; = —1 and ending at W,, = b. Therefore

1 ((n—1\ [(n—1 b (o)
I’(L@% >’O,V1 S;k S;nwvv% ::b”@% ::O) ::§;.<:(nﬁb—2> — ( ﬂiﬁ ):) ::;; 2n .
2 2
(b) The reflection principle gives

P( min W, <0,W, = bW = a) = P(W, = b|W, = —a).

0<k<n

15



Therefore, by Bayes’s and the symmetry of the walk

P(W, = bWy = —a) P(W, = —a|W, = b)
P Wy, < 0|Wo = a, W, = b - .
(omin Wi < 0[Wo =a, )= P(W, =bWo=a)  P(W, =a|W, =b)

The ratio of these probabilities is

(ne) (@) o (@ i 1) (1 B (b;a)> <1 B (b+z)72>
Y T (e (b—a) - vra) L a2
(fee)  (meed) (i) (14 229) (14 &)

There are a terms in this product. Using the Taylor approximation (1 + x)~! =
1 — 2z + O(2?) we get that each of these are

1—2—b+0(1/n)

Therefore

P( min Wy > 0|Wy = a, W, —b)—l—(1—2—b+0(1/ 2))e :@—FO(l/n)

0<k<n

by the expansion (1 + z)* = 1 + az + O(x?). The claim follows.
[l

2. Ballot theorem for Brownian motion. Let (W;,¢t > 0) be a standard Brownian
motion. Prove that for a,b > 0

P(Ws >0 Vs < t’WD AW, = b> Sy

In particular, this shows that when ab = o(t),

2ab
P(W >0, Vs<t‘WO—aWt—b> j (11)

Proof. Let I = (b—6,b+ 0) with 6 > 0 be a small interval around b. We have by the
reflection principle for Brownian motion.

P(W, >0, Vs <t, W, € I|Wy = a) = P(W; € I|Wy = a) = P(W; € ~1|Wp = a).
The result follows by noticing that
. P(W, € —I|W, =a)
lim
=0 P(W; € I|W, = a)

by writing the PDF of W; at b and —b. The above formula directly implies that for
large t and ab = o(t)

— 6—2ab/t’

P(W >0, Vs<t’W0—aWt—b> 2ab

16



3.2 Ballot theorems for Gaussian random walks.

In what follows, (Sk, k < 1) stands for a Gaussian walk, i.e.,
Si=So+ Vit Yok + Y,

where (Yj, k > 1) are independent Gaussian random variables with means 0 and variance
s2. The assumption that s is uniformly bounded away from 0 is sufficient here.
We will assume the following Gambler’s ruin estimate: for a > 1 and k > 10, we have

P(S; > 0,j < K|Sy = a) < . (12)

Vk

The estimate is valid not only for Gaussian increments, but for any distribution with sufficient
tail decay.

1. Let a,b > 1 and k£ > 10. Prove

P(S, >0 <k|S=a 5 =b) <%

Hint: Divide the interval [0, k| into three parts and use the Gambler’s ruin estimate at
both ends.

Proof. We write for short

Py = (SZ- >0Vj <i<j|S;=2055 =Z’)~

We define the times k1 = |k/3], ko = [2k/3]. The result will follow by applying a
gambler’s ruin estimate at the beginning and at the end of the walk and by trivially
bound the middle third. More precisely, the probability can be re-expressed by inte-

2 2
o2/ 2520 )

grating over the values at k; and ky. Writing f, () = Vo for the density, we
’ 27s2, .,

get that the probability is
(k1,2) ok kb
i B B P ) oy~ sl )y

If a < vk and b < VE, then |b—a| < vk and we have the bound f;4(b—a) > 1/Vk.
Moreover, we have trivially P((:if)) <1 and fi 4,(y — ) < 1/Vk. We are left with

> 1,T > , ab
< /0 (:a o, (2 a>d$/0 P((::@),)sz,k(b —y)dy < T

by (12) applied to both integrals.

17



If both a, b are greater than vk, the estimate is trivial so we can assume a < vk < b.
We use a standard Brownian motion (W, s > 0). Note that (S;,j € N) has the same
distribution as (WS?, j € N). In particular, the probability in question equals

P(Ws§ >0V < k:‘Wo —a, W, = b)

P<WS? >0V < k‘Wo A b> .

:P(W >0 Vs < s? <WSZOVS§SZ‘W0:CL’WS%:Z)>
s 2 = S

Wo = a, W, = b)

The last probability is ~ 2ab/k by (11). Now, the ratio is the inverse of the conditional
probability P(Ws > 0 Vs < si‘wo = a Wy = bW >0 < k) This is an
increasing function of b. (This is intuitively clear. A proof is given in Bramson 83
Lemma 2.5). Therefore, an upper bound of the above is obtained by replacing b by

Vk in the ratio. The numerator is then seen to be < a/vk by the last case and the
denominator is > a/vk by (11). This concludes the proof. O

. We need need a ballot estimate to hold for a non-constant barrier whose growth is less
than a square root envelope, the square root the typical fluctuation for a random walk.
More precisely, take a barrier (u;,j < k) such that

il < GAR=35)% 2<j<k-2 (13)
and u; =0 for j =0,1,k — 1, k.
Let a,b>1, k> 10 and 0 < a < 1/2. Consider (u;,j < k) as in (13). Prove that

P(S; > —u; Vj < K|Sy = a, Sk—b)<<%b

Proof. Without loss of generality, we can assume that ab < k. We bound the worst case
when u; = (j A (k — j))*. We write Au; = uj; — uj_; for the increments of the barrier
and AS; = S; — S;_; for the increments of the walk. We can write the probability in
terms of the distribution of the increments as

0] /(cHZyzZ u]VJ,Zyz—b—a)He\y/];Tf) i,

where f1.(b) is the PDF of Sj, at b. We make the change of variable y; = y; + Au; to

eliminate the drift, and bound the factor e~ % A/ (2057) by 1, since the sum is small
by definition of the u;’s. We get the bound

< E [ez;;leujAsj/(Ms?)l(Sj >0Vj < k:) )50 =a,S, = b|.

18



4.1

It is convenient to define the walk recentered by the linear interpolation of the boundary
values, that is, S; = S; — a(1 — —) - b” and the corresponding increment AS;. The
sum in the exponentlal factor is then re- expressed as

k AujAE + Auj b—a
As? As k

Au;

The second sum is < Z] W

< Z"f L 6_9|Auj| < 1since ab < k and Z?:l Auj = 0.

The first sum can be rewritten by parts as Z 1 a]S with —a; = iué“ — % (Here
+
we used the fact that Au; = 0 and Awy, = 0 by definition of the u;’s to ehmmate the

boundary terms.) We are left with evaluating
E [ZR 0851 (s; > 0W) < k)| S) = a. Sk =]

where we used the inequality AB < A?/2+4 B?/2 to reduce the summation to j < k/2.
We partition over the possible values of the summand. For values smaller than 1 (say),
we can use the bound of the linear barrier. For values larger than 1, we first note
that 0 < a; < ¢j* 2 for some ¢ > 0 by Taylor’s theorem applied to u;. This implies
that if fol a;AS; € [v,v + 1] for some v > 1, then there must exist ¢ < k/2 with
Sy > vl where ¢ is chosen smaller than 1/2 — . By a union bound on ¢ and v,
we get the following upper bound by conditioning on S,
k/2

>y

/=1 v>1

P(S) 20 < k[S = a, S = b, = w) gu(w)du,
1/2+e
where g;(w) is the PDF of Sy under P( - |Sy = a, Sy = b). By definition, S; has mean
0 under this measure and variance s7 — ﬁsi < ¢. We get an upper bound by dropping
{S; > 0} for j < £. The probability can then evaluated using a linear barrier with
starting point w + a(l — ﬁ) + bﬁ at time ¢. Put together, this gives the bound

Z / b(w+a(l—1%)+ b%)e_w2/(2£)dw.
= wfl/2+e

The integral is < b(w +a(l — £) + bE)\/Ze_”WE/?. The sum over v is then dominated

by the term at ¢ = 1, e /2. The last sum over ¢ finally yields the claimed bound
ab/k. O

WTM\

Gaussian Approximation and Harmonic Analysis

Berry-Esseen Estimates

. Approximating indicator functions by smooth functions. Let a < b and 0 <

§ < min{1, % >%}. Construct a functions g depending on a, b, ¢ in the Schwartz space of
C> functlons with rapid decay such that:
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(i) 0<g(x) <1,z eR,
(ii) its Fourier transform satisfies |g(&)| < e ™ ¢ e R,
(iii) for any z € R, (1 — 6_1/52)1[(175] () < g(x) < Lg_ospio0(x) + e 1/,

2,2
e~V /e

Hint: Convolve with the Gaussian kernel .(y) = “— with ¢ < 9.

22
Proof. We consider the Gaussian kernel p.(y) = e\/y;g with ¢ < §. We choose ¢ = 6.
The approximation of the indicator function 1p,4 is the convolution of ¢. with an

indicator of a slightly larger interval

6_($_y)2/02

9(35) = P * 1[a76,b+6}(l‘) = / 1[a76,b+5} (y)—Qdy.
R TC

This function obviously satisfies (i). Moreover, the Fourier transform of 1,_s545 and
of ¢, are by a direct computation

. . Cire(anpy SIN(TE(D — a + 20
fspeg(€) = [ s — ey SR 0 20,

and ¢.(€) = e ™ In particular, the bound [§(¢)| = L0551 ()@e(&)] < e T g
satisfied.

b+6

It remains to prove (iii). We prove the first inequality for g. The second follows by a
similar argument. The inequality is obvious for z ¢ [a,b]. For = € [a, b], the following

bound holds

b+6 —(y—z)?/c? 0o ,—y?/c?

€ e 2 /.2

g(x) = —dy>1—2/ dy>1—e9%/¢,
(=) /a—a Vet 5 Vme?

This is the claimed bound by the choice of c. O]

. Berry-Esseen for Steinhaus. Let z < y and a < b. Consider the Steinhaus model

Re ¢0(p),=ih
Sey(h) = Y o (14)

e <log p<leY
and the Gaussian model

Re Z(p)p~"
pl/2

Nm,y(h) = Z

ez <log p<e¥

where (Z(p), p primes) are IID standard complex Gaussian random variables.

Use the previous question to show that for h € R
P(S,,(h) € [a,b]) = P(N,,(h) € [a,b]) + O<67ez/100)’

uniformly in a, b, x, y.
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Proof. We set X = exp(e”) and drop the dependence on A throughout the proof for
simplicity. Consider the approximate indicator function g as in the previous question.
We have that

P(S,y € [a,0]) < Elg(S,,)] + O(e™%).

We choose § = X~/32. We now prove that

E[g(Ss)] = E[g(No)] + O(X2). (16)

In Fourier space, the first expectation is expressed as

Bly(S.,)] = [ S(OBIE0]de,
R
It remains to control the integral on the different ranges of the Fourier modes. For
< uation with z = 27§ and 2" = 0 implies
€] < X%, Equation (4) with z = 2¢ and 2" = 0 impli
E[ezwigsz,y] _ E[ezwia\fz,y] <1 i O<X—1/2)) _ E[ezwig/\fz,y] 4 O(X_l/z).

For |¢| > X1/8 the bound (ii) on the Fourier transform of g gives

E[g(S..,)] < /

lg|>x1/8

|g(§)|d§ S / 6—71'25452(:15 << 6_7T2X1/4647
¢]>x1/8

which is easily O(X~'/2). This proves the claim (16). Applying the approximation of
g this time to g(N,,) yields for § = X ~1/32

P(S., € [a,0]) < P(Noy € [a—26,b+20]) + O(XY2) = P(N,, € [a,b]) + O(X~V/32),

by simply bound the probability of the overspills (b, b+ 28] and [a — 26, a) by 2§. The
reverse inequality is proved the same way by applying the same approximation with
[a, b] replaced by [a + 28,0 — 24]. O

. Gaussian Decoupling. For |p| < 1 and s* > 0. consider the two-dimensional
Gaussian vectors X and X’ with mean 0 and respective covariances

_aofl p r 2 1+|P| 0
C=s (p 1) Cs( 0 14 1pl)

Then for any Borel measurable set A € R?, we have

1/2
P(X € A) < Gj;z;) P(X' € A)
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4.2

Proof. By rescaling X and X’ by 1/s, we can simply assume that s> = 1. Let’s first
prove the case p > 0. The result simply follows by expanding the PDF of X: for
xI' = (x1,79) € R?, we have

1 ( 1 Tt ) ( 1?2 — 2pT 19 + a:f)
———exp | —=x X)=——exp| —
1—p2 2 V11— p? 2(1 = p?)

1 T2 — 2px 79 + x%)

< en(-

V1= p? 2(1 = p?)
(1+p)1/2 1 ( x%%—x%)

< exp| — 57—~ )
L—p) (L+p)/? 2(1+p)

since 23 — 2pr1wy + 23 > (1 — p)(23 + 23) > 0 for p > 0. This proves the claim for
p>0. If XT = (X, Xy) is such that p < 0, it suffices to consider (X, —X5) and apply
the result above. O

N

Discretization

. via Chaining. Consider the Steinhaus model. Let V' > 0. Then we have for some

absolute constant ¢

P(maxk{Sk(h) ~5,(0)} > V) < eV,
h|<e—F
Hint: Use a chaining argument. Consider a discretization of the intervals with dyadic

mesh size
g e
Hg:[—e , € ]077620

Then write

Sk(h) = Sk(0) = > Sk(hes1) — Sk(he),

>0

where the chain hg, £ >0, is such that hg = 0, |hey1 — he| < e %/21 and hy — h.

Proof. Fix k > 1. Note that #H, < 2! + 1. Now, let (dy, ¢ > 0) be a sequence
of positive numbers with Zezo dy = 1. There is some freedom in the choice of dp
but it should not decay too fast as we will see later. We pick d, = %m It

Sk(h) — Sk(0) > V for some h, then we must have that Si(hsy1) — Sk(he) > d;V for
some (. The probability can then be bounded by a (massive) union bound on ¢ and

H,
<Y D T P(SkvT) = Sk(v) = dV), (17)

>0 veH,

where for a given v € Hy, v denote the closest point in H,, 1 not equal to v. (There
are two such points, but that multiplicity is absorbed in <.) The inequality [v* —v| <
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e % /21 holds by definition. It remains to apply the Gaussian tail estimate (10) with

—jut
a(p) =p — p~" since

e —ivt _ v ei&(p)
Sp(vt) = Si(v) = Z Re((p pl/f ) )

p<exp(ek)

The variance of this sum is for a given v

1— + — |1 + — | log p)?
s(?= Y COS(va v log p) < ¥ (Jv ZI 08p)° _ o-aier)

p<exp(ek) p<exp(eF)

(18)
The first inequality follows from the fact that 1 — cosz < 22 for z < 1/2 and |vT —
v]logp < 271 We use Mertens’s estimate in the second. This then yields

< ZZZ exp < 2V2> Z 2t exp < — 2@%‘/2).

We see that it suffices to take the sequence d, so that the above sum is convergent.
The above sum is then < exp(—cV?) for some absolute constant as claimed. O

. via Poisson summation. Let ¢ > 0 be given. Let V' be a smooth function (say in
the Schwartz class) with V(z) = 1 for 0 < z < 1 and supported on [—1,2] (say). We
write V for its Fourier transform.

(a) Use Poisson summation to show that for any positive integer n < N and any

ek 1 (h — hg)log N
—ihg _ = _lhv( 0) 108 )
ST VR
h€giew

Hint: Consider G(x) =V (2rnz/logN) and ), ., f(k) with

_ 2miz_ ~ 2rx
fla) =n-s NG(BlogN_ho)

(b) Conclude that for a Dirichlet polynomial D(h) of the form Y _y ann '+ its
Steinhaus equivalent » _ ane?™n="  we have

i |2 1 i
Db 2 (505 w)] 2 (570 )
%\i}ﬂ ()" < Z 3log N * Z 14714 3log N

l7|<log N |7|>log N

2

(19)

for A =100 (say).
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Proof. (a) Take e = 1 for simplicity. Note that G(z) = IOQgWN‘/}(%). By Poisson
summation, we have

omik o~ 2rk omiz ~ [/ 2MT .
~ls NG( —h ) - *st( —h ) ~2mits gy (20
D n T 3log N %/R" 3log N )¢ z. (20)

kEZ

For fixed /¢, taking the inverse Fourier transform, the above integral is

3log N
2

_ 3log Ne—iho(logn+3mog NG _logn 4 3¢log N
27 27 '

/eiy(logn+3€logN)§(y . ho)dy
R

From the compact support assumption on V', for 0 < n < N the above right-hand
side is nonzero only for ¢ = 0. Equation (20) can therefore be written as

i 1 s ((h—hg)log N
voph T (e
" 2+¢ ;Z "

he (2+¢€) log N
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