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Preface

«. ..l prefer concrete things and | don't like to learn more about abstract stuff
than | absolutely have to. . ..». Marc Kac (1914 — 1984), in Enigmas of Chance:
An Autobiography (1985, chapter 5, page 112).

This collection has grown over time, and we are delighted to share it. It is
designed to be consulted occasionally, at random, by browsing its pages, its
table of contents or its index. We believe that this kind of document is useful
in a highly specialised scientific world that leaves little room for breadth and
eclecticism.

Our primary audience is probability researchers and lecturers, whether new
to the field or experienced. This collection aims to broaden their knowledge of
probability by arousing their curiosity. We hope it will inspire their master’s
courses and their supervision of introductory research projects. Many chapters
may also directly benefit master’s students and students preparing for the
French agrégation examination.

The guiding principle of this book is to organise the material around mod-
els rather than tools, devoting one chapter to each model. Although sometimes
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related, the chapters are largely self-contained. They contain little or no review
of prerequisites. However, at the end of the book, just before the bibliography,
we provide recommended references on limit theorems, discrete-time martin-
gales, Markov chains with at most countable state spaces, and the basics of
stochastic calculus. Each chapter opens with lists of keywords and tools used,
together with an indication of difficulty (one to three stars). The introduction
and, especially, the “Further reading” section of each chapter place the topic
in context and suggest references.

This collection does not claim to be a reference work on probabilistic
models in biology, computer science, engineering or physics, still less to provide
solutions for practitioners in these fields. The models considered here are
often merely inspired by applications, and the treatment generally concerns
considerably simplified versions. That is already quite a lot!

This collection grew out of the applied mathematics master’s courses and
preparation courses for the modelling component of the mathematics agréga-
tion that we taught at the universities of Toulouse, Rennes, Marne-la-Vallée,
Paris-Dauphine and Tours. The quality of the text, in both content and form,
owes much to our earliest readers at every level. Many thanks, then, to our
former students! Many thanks also to Arnaud Guyader, Bernard Bercu and
Olivier Zindy for their extensive reading and comments. We also thank Jiir-
gen Angst, Amine Asselah, Jean-Baptiste Bardet, Charles Bordenave, Raphaél
Butez, Marie-Line Chabanol, Bertrand Cloez, Yan Doumerc, Olivier Durieu,
Lucas Gerin, Hélene Guérin, Bénédicte Haas, Igor Kortchemski, Jamal Na-
jim, Julien Poisat, Justin Salez, Pierre Tarres, Marie-Noémie Thai, Frédérique
Watbled, and Pierre-André Zitt for their help. This collection also benefited
from careful and constructive readings by several anonymous referees. Finally,
we are grateful to Sylvie Méléard for encouraging us to turn lecture notes into
a book and for her thorough editorial work. Nevertheless, like any human en-
deavour, this collection remains limited and imperfect. Errata will be available
online, together with the programs used to produce the illustrations.

Enjoy your reading!

Djalil Chafai and Florent Malrieu
Vincennes and Saint-Avertin, autumn 2015
Updated in winter 2021
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All random variables in this collection are defined on this space.
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1

Heads, tails, and coupons

Keywords. Combinatorics; discrete distribution; total variation distance; law
of small numbers; cutoff; Gumbel distribution. Tools. Law of large numbers;

central limit theorem; Markov inequality. Difficulty. *

This chapter concerns coin tossing and the coupon collector problem, two
important probabilistic objects that are worth knowing and recognizing. It
also studies total variation distance for discrete probability measures.

1.1 Coin tossing

Coin tossing consists of successive tosses of a coin, each resulting in either
heads (success, encoded as 1) or tails (failure, encoded as 0). We model this by
a sequence (X,)p>1 of independent identically distributed random variables
with Bernoulli distribution Ber(p):

P(X,=1)=1-P(X,,=0)=pe][0,1].
The number of successes in the first n tosses,
Sn:Xl""""'Xn

is a random variable taking values in {0,1,...,n} with binomial distribution
Bin(n, p) of size n and parameter p, given, for every k =0,1,...,n, by

n n!

= _ k 1— n—k _ k 1— nfk.
P(S, = k) <k>p (1-p) W —1? (1-p)
The mean and variance of S,, are

E(S,) =np et Var(S,) =np(l—p).
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The time T of the first success, also the number of tosses needed for the first
success, is
T:=inf{n>1:X, =1}
If p > 0, then T has the geometric distribution Geo(p) on IN* with parameter
p given by
P(T=k)=(1-prlp, kelN
We have T'= oo if p = 0 and P(T" < c0) = 1 otherwise. Moreover,

1 1-
B(T) = et Var(T) = pr.

The number of failures before the first success,
T :=inf{n>0: X1 =1}=T-1
has the geometric distribution Geon(p) on IN with parameter p, given by
P(T'=k)=P(T-1=k)=(1-p)kp, keN,

and

E(T) = B(T) — 1= =P ot Var(T") = Var(T) = P
p p

For every r € IN*, the number of tosses 7, needed to obtain r successes is
recursively defined by
T, =T et Try1:=inf{n>T,:X, =1}

The random variables T, T, — 17,15 — 15, ... are independent and identically
distributed with geometric distribution Geo(p). The random variable T} has
the Pascal, or negative binomial, distribution Geo(p)*". For every k > r,

P(T,. =k) = Z (1*p)k171p'~~(17p)krflp: (1p)krpr<k1>

r—1

1-p
=

L Var(T,.) = rVar(T) =r
p p
The Bernoulli process (Sp)n>0 has piecewise constant trajectories with jumps
of size +1 at times (T}),>1 (i.i.d. geometric interarrival times). It counts
events separated by independent identically distributed geometric durations,
and is the discrete analogue of the Poisson process. Since S, is a sum of
independent variables, (Sy,)n>0 is @ Markov chain on IN with kernel P(z,y) =
ply—zt1 + (1 —p)ly—z, and (S, — np)n>o is a martingale.

By the law of large numbers (LLN) and the central limit theorem (CLT),

Sn P35 op et 7\/5 <Sn—p) g./\/'((),l).

n n—oo p(l _ p) n n— oo

This allows us, in particular, to construct an asymptotic confidence interval
for p called the Wald interval, which is nevertheless not very accurate.
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Remark 1.1 (The Clopper—Pearson interval). Nonasymptotic confidence in-
tervals for p can also be constructed, such as the Clopper—Pearson interval,

based on the beta-binomial correspondence. Let Uy, ..., U, be i.i.d. real ran-
dom variables uniformly distributed on [0,1], and let Uy ) < -+ < U, be
their increasing rearrangement. For every k =1,...,n, the variable Uy, ) has

distribution Beta(k,n — k + 1) on [0, 1] with density

tk‘—l(l _ t)n—k
Beta(k,n — k+ 1)

1
tel0,1] — , ot Beta(a,b) :z/ 57711 — )P ds,
0

and
P(Sn 2 k) =P(Liv,<py + - + Lu,.<py 2 k) = P(Ukn) < p)-

This identity gives an exact expression for the probability that S, lies in a
given interval. Since S, is discrete, its quantiles are also discrete, prevent-
ing an exact interval of arbitrary level a € [0,1] and suggesting a smoothing
procedure.

Remark 1.2 (Repeated patterns and zero-one laws). When 0 < p < 1, the
Borel-Cantelli lemma (independent case) implies that every finite string of 0
and 1 appears almost surely infinitely often in the sequence X1, Xo, ... Inde-
pendence is crucial. An immortal monkey typing at a keyboard will eventually
write the complete works of William Shakespeare! Alternatively, this follows
from the geometric distribution of the first success time in a coin-tossing pro-
cess obtained by dividing the original sequence into successive blocks of the
same length as the desired string.

Remark 1.3 (Coin tossing and the uniform distribution on [0,1]). If U is a
random variable on [0,1] and U = Y7 b,27" is its base-2 expansion, then
U is uniformly distributed on [0,1] if and only if the bits (bn),,~, in its base-2
expansion are i.i.d. Bernoulli random variables with parameter 1/2.

Remark 1.4 (Von Neumann’s debiasing algorithm). Let (X,),, be a se-
quence of independent Bernoulli random variables with unknown parameter
0 < p < 1. Construct the sequence (Yn)n>1 of independent identically dis-
tributed random variables on {0,1,2} as follows:

X1 Xo X3Xy---
—— ——
Yy Y

setting Yn =0 Zf (in_l,XQH) = (O, 1), Yn =1 Zf (X2n—17X2n) = (1,0), and
Y, = 2 otherwise. The sequence (Z,),,, obtained from (Yy),~, by deleting
the 2 consists of independent Bernoulli random variables with parameter 1/2.
Producing each term of (Zn)n>1 requires a geometric random number of terms

Of (Xn)n>1 :



4 1 Heads, tails, and coupons
1.2 The binomial-Gaussian approximation

Let (Xn),, be iid. real random variables with mean m and variance 0 <
0?2 < 00, and let S,, = X; + -+ + X,,. The central limit theorem states that,
for every t € R,

S, —nm /t 1 2
lim P ——— <t = ——e 7 du.
n—oo < Vno ) oo V2T
The Berry—Esseen central limit theorem refines this asymptotic result by pro-
viding a uniform quantitative bound: if Xi, Xs,... are Bernoulli with pa-
rameter p €]0,1[, then m := E(X;) = p, 02 := E(X — m)?) = p(1 — p),
= E(|X1 —m|*) = p(1 - p)(1 - 2p(1 — p)), and

22

IP(Sn < \/Man) /;e\/ﬂ dz

sup
teR

< ™ 1—2p(1—p)

Vet p(l=p)vn
This Gaussian approximation to the binomial distribution improves as (1 —
2p(1—p))/+/np(1 — p) decreases. For fixed n, the bound is minimal at p = 1/2
but diverges as p approaches 0 or 1. In these extreme regimes, a Poisson
approximation, discussed in Section 1.4, is more appropriate.

When Xi, Xs,... are Bernoulli variables with parameter p €]0,1[, the
CLT suggests approximating the binomial distribution Bin(n,p) of S,, by the
Gaussian distribution A'(nm, no?) for large n. The de Moivre-Laplace central
limit theorem states more precisely that, for every —oo < a < b < 400,

exp (—72(]{_:4))2 )
lim v/n sup |P(S,=k)— rep) )| 0
n—00 " per (a.b) 2mnp(1 — p)

where

L(a,b) = {ogkgn:’“‘”p) € [a,b]},

np(l —p
which recovers the CLT upon integration:

— 1,
lim P _Snomp €la,b] | = —/ e~ da.
e \ npT—p) V2 ).

1.3 Total variation distance

Throughout this section, E is an at most countable set equipped with the
discrete topology and sigma-algebra P(FE). The set of probability distributions
on F is a complete metric space for the total variation distance
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Binomial distributions

L A
0.2 - -
L : ------ Bin(42,0.1) [ ]
- — Bin(42,0.5) P 1
[ --- Bin(42,09) 1 %]
015 | -
= I P ]
x 0.1F Pl
T i .
0.05 - ; Lo-
O - -

T T N R N S N TR S S N TR TR SR N

0 10 20 30 40

n

Fig. 1.1. Binomial distributions of the same size, for three values of the second
parameter, illustrating when Gaussian and Poisson approximations to the binomial
distribution are appropriate.

dvr (1, v) = sup [n(A) —v(A)].

Note that dyr (1, v) = || — v||yp, where |9y = supc g [1(A)| for every
finite signed measure 1 on E. We have 0 < dyr (i, v) < 1, since the diameter
of [0,1] is 1. Moreover, dy (i, v) = 1 if 4 and v have disjoint supports.

Theorem 1.5 (Alternative expressions). If u and v are probability distribu-

tions on E, thent
/ﬁmf/}w

Moreover, the supremum in the definition of dyr (-,-) is attained at the set

dyr (p,v) =

=23 lu(a) — v(a)].

zeFR

1
—  sup
2 fEo-1

A, ={r e E:ulx)>v(n)},

1 In particular, 2||||VT = ||'H21(E,IR)'
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and the supremum in the functional variational expression for dyr (-,-) is
attained at

f:]lA* _]lAg~

Proof. The second equality follows from the inequality

‘/fdu—/fdv

with equality for f =14, — 1 4¢. For the first equality, write

< I @llue) = v(@)] < sup @)Y @) = v(z)]

z€E el

) =) = | [~ [ saar

where fq := 14 — 1 4¢, giving

=2 Jula) — va)]

zEE

1
A)—-v(A)| < = dp — d
) vl <y s |frau— [ra

with equality for A = A,, since by definition of A,,
20u(A.) — V(AL = i(AL) — V(AL) + p(AS) — p(A2)
=Y |u@) —v(@)|+ Y |ux) - v(x).

zEA. TEAS
O

Theorem 1.6 (Convergence in distribution). If (X»),, are random vari-
ables on E and p, denotes the distribution of X, , then for every distribution
w on E, the following are equivalent:

1. limy, oo [ fdpyn = [fdu for every bounded function f : E — R;
2. lim,, o0 pin(x) = p(x) for every x € E;
3. limn_mC dVT (un,ﬂ) =0.

When these hold, (X,,) is said to converge in distribution to p as n — oo.

Every function £ — R is continuous for the discrete topology on E.

Proof. To deduce 1. from 8., use the functional variational expression for
dvr (,-). To deduce 2. from 1., take f = 1,3. To deduce 3. from 2., observe
that, for every A C F,

D (@) = u(@)| =Y pnl@) = p@) + D luale) — plz)].

zelE T€A TEAC

By 2., if A is finite, then for every € > 0 there exists an integer N = N(A4,¢)
such that the first term on the right is bounded by ¢ for every n > N. The
second term can be bounded as follows:
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D (@) = @) < Y palz) + Y ().

zEAC zEA® zEA®

Since
D i@ = (@) =Y pal@) + Y (),
rEA°C TzEA z€A zEA°C

we obtain

> pn(@) = @) <Y (@) — pl@) +2 Y p(x).

rEA° z€A rEA®

Since p € P, for every ¢/ > 0 we can choose a finite A such that p(A€) < &’.

Hence
Tim Y pn(x) = p(x)] =0,
zel
which is precisely 3., by Theorem 1.5. O

Remark 1.7 (Escape of mass to infinity). If (un),s, are probability distri-
butions on E and p(x) := lim,— oo n(x), then p need not be a probability
distribution unless E is finite. When E is infinite, mass may escape to infin-
ity. A counterexample is E = N with u, assigning mass 1/n to the singletons
{1},...,{n}, yielding p identically zero.

Theorem 1.8 (Minimum). If 4 and v are probability distributions on E, then
dvr (1) = 1= 3 (u(@) A v(@)).
zEE
In particular, dyt (u,v) = 1 if and only if p and v have disjoint supports.
Proof. Recall that a A b = min(a, b). Simply write
1
> (u@) rv() = 5 Y (@) +v() — |pe) — v(@)]) = 1 = dvr (1, v).
el reEE
O

Theorem 1.9 (Coupling). If u and v are probability distributions on E, then
d = inf P(X#Y
v (1, v) nf | (X #Y)

where the infimum is over pairs of random variables on E X E with marginal
distributions p and v. Moreover, equality is attained for some such pair, so
the infimum is a minimum.

Theorem 1.9 is often used as follows: exploit the setting to explicitly con-
struct a pair (X,Y’) of random variables with X ~ p and Y ~ v, and deduce
that dVT (/.L7 l/) < ]P(X 75 Y)
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Proof. Let (X,Y) be a pair of random variables on E x E with marginal
distributions p and v. Since P(X = z,Y = z) < p(x) Av(zx) for every x € E,

L—dyr (pv) =Y (pa) Av(e) 2 Y P(X =z, =2)=P(X =Y).
zelE zEFE

It therefore suffices to construct a pair (X,Y) attaining equality. Set p =
1 —dyr (1, v) € 0,1] and distinguish three cases.

o Case p = 0. Take (X,Y) with X and Y independent, with respective
distributions p and v. Since dyt (i, v) = 1, p and v have disjoint supports,
hence P(X =Y) =3 _pu(z)v(z) = 0;

e Case p=1. Then dyr (,v) =0, hence p = v. Take (X,Y), where X ~ p
and Y = X;

e Case 0 < p<1. Let U V,W be random variables with distributions

P uAy), (L=p) - (AV), (L—p) r— (nAV)).

Note that p = 3 p(u(2z)Av(z)) (Theorem 1.8). Let B be a Bernoulli ran-
dom variable with distribution Ber(p), independent of the triple (U, V, W).
Set (X,Y) = (U,U)if B=1and (X,Y) = (V,W) if B = 0. Then X ~
and Y ~ v. Since the distributions of V' and W have disjoint supports,
P(V =W) =0, and therefore P(X =Y) =P(B=1) =p.

O

1.4 The binomial-Poisson approximation

If S,, has the binomial distribution Bin(n, p), then for every k € IN,

_ —np(np)k_ n n—k+1 " “np (np)k:
P(Sy = k) — e 0 _<n(1_p)...n(1_p) A —e ) v

This shows that, if p depends on n with lim,,_,., np = A, then the distribution
of S,, tends to Poi(\). Total variation distance quantifies this convergence in
distribution: Le Cam’s inequality in Theorem 1.10 below gives

o0 n k
Z (np)

!
P k!

P(S, =k)—e P < 2np?,

which is useful when np? is small. For example, if p = A\/n, then np = X and
np? = \?/n.

Theorem 1.10 (Le Cam’s inequality). Let Xi,..., X, be independent ran-
dom variables with Bernoulli distributions Ber(p1),...,Ber(p,). Let u, be the
distribution of S, = X1 4+ -+ + X,, and let v,, = Poi(py + -+ + pn) be the
Poisson distribution with the same mean as S,,. Then

Ayt (M, V) < pE 4+ 2.
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Proof. Induction on n shows that, if a1, ..., a, and 51, ..., 3, are probability
distributions on IN, then the subadditivity inequality holds:

dyr (a1 % -k, B1 %+ % Bp) < dvr (01, 1) + -+ - + dvr (an, Bn)-

Next establish dyr (Ber(p), Poi(p)) < p? and use the convolution semigroup
property of Poisson distributions: Poi(a) * Poi(b) = Poi(a + b). O

The following ¢2 — ¢' — ¢>° inequality,

PY+e P < (Pt pa) max py
recovers the law of small numbers: if (X, 1), <1<, is a triangular array of

independent Bernoulli random variables with X,  ~ Ber(py, ) for every n >
k>1, and if

lim pp1+- 4+ Pnn=2XA et lim max p,r =0,
n—oo’ ’ n—oo 1<k<n

then X,, 1 + -+ X, » converges in distribution to Poi()) as n — oo.

1.5 The coupon collector problem

The coupon collector problem belongs in the same toolkit as coin tossing and
dice rolling, to which it is closely related. Many concrete situations conceal a
coupon collector or one of its variants. We consider only its simplest version.

A geometric random number of coin tosses is needed to see both sides of
the coin. If we replace the coin with an r > 2-sided die, how many rolls are
needed to see all r distinct faces? For a fixed integer r > 2, we model this by
the random variable

T:=min{n >1:{Xy,..., X} ={1,...,r}}
nz

= min{ 1:card{Xy,...,. X} =71}

where (X,,),>1 is an i.i.d. sequence uniformly distributed on {1,...,7}. The
random variable T is the first time all r faces have appeared. This time of
course depends on r, but we suppress this dependence in the notation for sim-
plicity. The name “coupon collector” comes from collectible coupons included
in some cereal packages.

Theorem 1.11 (Combinatorics). We have T > r and, for everyn = r,

rr=n=5 {071

where the notation in braces denotes the Stirling number of the second kind,
the number of ways to partition a set of n — 1 elements into r — 1 nonempty
subsets.
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Proof. We have X7 & {X1,...,Xr_1} because the coupon completing the
collection cannot have appeared previously. Fixing n > r, the event {T =
n} corresponds to choosing the type of the last coupon and assigning the
remaining n — 1 coupons to the remaining r — 1 types. The result follows
because the types are uniformly distributed. O

Although explicit, Theorem 1.11 is not very illuminating. The following
intuitive result greatly helps the study of 7.

Lemma 1.12 (Decomposition). We have T = G1+- - -+G.,., where Gy, ..., G,
are independent random variables with

a1
G ~ Geo(m;), wi::u, 1<egr.
r

In particular, P(T < 00) = 1, and moreover
E(T) = r(10g(r) +7) + 0rso0(r) et Var(T) = %ﬁ + 000 (12),
where v = lim,, o0 (D1 1/i — log(n)) = 0.577 is Euler’s constant.

Proof. Set G1 =1 and, for every 1 <i < r,
Gi = min{n = 1: XGi,—l"Fn ¢ {){'17 e ,Xct_l}}.

We have card({X1,...,Xg,}) = for every 1 < i < n. The random variables
G1,G1+Gq,...,G1+ -+ G, are the times of the first r successes in a spe-
cial coin-tossing process whose success probability changes after each success,
taking successive values

r—1 r—2 1

, M3 = g ey T = —.
r r

’/T1:1, g =

This decreasing sequence reflects the growing difficulty of obtaining a new
coupon type as the collection progresses.
Now compute the moments of T'. Linearity of expectation gives

BT) =Y EG) =Y -
i=1 i=1""

_ Zr—:ﬁ — TZ% = r(log(r) + v + o(1)).

i=1

Independence of the random variables Gy, ..., G, (exercise!) gives
Var(T) = iVar(Gi) = zr: 1=
i=1 i=1 m;
—r—i
_ LI S| %).
PY = T g ) +olr?)
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Theorem 1.13 (Distribution tail). For every n > 1,

P(T > n) = i(—nk*l (;) (1 - ’:)n

k=1

Proof. We have
{T>7’L} :En,lLJ"'UEn,T ou En,i = {X1 #’L,,Xn 751}
If 41,...,ik € {1,...,r} are pairwise distinct, then, writing

R={1,....r}\ {ir,-.. ix}s

we have
P(E,;,N---NE,;)=PX;€R)---P(X, €R)
(-,
r r
Finally use the inclusion-exclusion principle, or Poincaré sieve?. a

Because of the alternating signs, it is difficult to deduce the tail behavior
of T  as a function of n and r from Theorem 1.13.

Theorem 1.14 (Deviation). For every real t > 0,

P(T > rt +rlog(r)) = ]P<Trrl°g(r) > t> Letter
where &, = (rt + rlog(r) — [rt + rlog(r)])/r € [0,1/r][.

Proof. For every integer n > 1, write
P(T > n) = P(Ul_,E,;) < ZIP wi) O Epii={X1 #d,..., X, #i}.

Since P(E,, ;) = (1 —1/r)" < e™™", choose n = |rt + rlog(r)]. O

For fixed o > 0 and 7, choose t large enough that e~ '+ < q, for ex-
ample t = —log(a)) + 1/r. This gives the nonasymptotic prediction interval
[r,7log(r) — rlog(c) 4+ 1] of level 1 — « for T

Theorem 1.15 (Asymptotic behavior).
T P

-
rlog(r) r—oo

TP ) = S ()7, Pl e A,
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Proof. Fix € > 0. By Markov’s inequality and Lemma 1.12,

T E((T — rlog(r))?)
]P< rlog(r) 1’ z > S T R log(r)?
_ Var(T) + (E(T) - rlog(r))?

e2r2log(r)?

=)

This is a proof by the second moment method. In the same spirit, a fourth
moment method is used for Theorem 11.6.

The bound established in the preceding proof is not summable in r and
therefore cannot prove almost sure convergence through Borel-Cantelli, which
would only make sense on a single probability space valid for every r. On
the other hand, this bound yields a nonasymptotic prediction interval: for
a = 0.05, fixed 7, and suitably chosen ¢, we have P(|T — rlog(r)|/r > t) =
O(1/t?) = «. The prediction interval has width 2rt and deteriorates as t
increases (« decreases).

The next theorem states that the asymptotic fluctuations in the preceding
convergence follow a Gumbel distribution.

a

Theorem 1.16 (Asymptotic fluctuations). We have

T — rlog(r) _ (
———— =log(r)

r

— 1) Loty Gumbel

T—00

rlog(r)

where the Gumbel distribution has distribution function t € R — e

Figure 1.2 illustrates this result.

Proof. Tt suffices to show that, for every t € R,

lim P(T > rlog(r) +tr) =S(t) :=1—e ¢

r—00

Fix ¢t € R and suppose r is large enough that rlog(r) + tr > r. Introduce the
integer ny ,» = [rlog(r) + tr]. Theorem 1.13 gives

r

P(T > rlog(r) + tr) = P(T > ng,) = Y (~1)F (;) (1 - "’)n

r
k=1

Since (;) <rk/kland 1 —u < e for every u > 0,

r 1_@ nt,r i> e—tk
k r r—oo kI
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Coupon collector tail, r=20

T T T T T T T T T T T T T T T T T T

r — Monte—Carlo N=2000
R Gumbel

0.8

0.6 -

P(T>n)

04 -

0.2 -

Fig. 1.2. Approximations of the tail of the random variable T" by that of r log(r) +
rG, where G has the Gumbel distribution, by Theorem 1.16, and by a Monte Carlo
method with NV samples using the representation of 7' as a sum of independent
geometric random variables.

Finally, dominated convergence gives

k=1 k=1

This completes the proof. Alternatively, the theorem can be proved using the
exponential approximation of geometric distributions. Set Hj := %GT_;.C_H.
For every fixed k > 1, the sequence (Hg),, converges in distribution to the
exponential distribution with parameter k. The following quantitative version
is available for characteristic functions: for every ¢t € R and every k > 1, there
is a constant C' > 0 such that, for r large enough,

. ‘ C

]E eltHk _ ]E e’LtEk g _

[B(eith) — B(ei*h)| <

where Ej is an exponential real random variable with parameter k. Using the
inequality



14 1 Heads, tails, and coupons
lay - -ap —by b <lag —b1|+---+|ar — by, a,be{ze€C:]z] <1},

and considering independent exponential real random variables Fi,..., E,
with respective parameters 1,...,r gives

E(eF) — (et Ert+80)| < Clog(r).
r

Rényi’s lemma 11.3 states that F; + --- + E,. has the same distribution as

the random variable max(Fi, ..., F,.), where Fi,..., F,. are i.i.d. exponential
random variables with parameter 1. Then use convergence in distribution to
the Gumbel law of the sequence (max(F,..., F;) —log(r)),,. O

Theorem 1.16 yields an asymptotic prediction interval for the random
variable T": for all real b > a,
lim P(T € [rlog(r) + ra, rlog(r) + rb]) = et e "
T—00
The Gumbel distribution is highly concentrated, and its distribution func-
tion rises sharply from 0 to 1. This yields a threshold phenomenon® for the
random variable T'. The quantity P(T > n) changes abruptly from ~ 1 to ~ 0
around n = rlog(r) when r > 1:

Theorem 1.17 (Cutoff at n = rlog(r)). For every real ¢ > 0,
P(T > rlog(r) +rc) <e “t ou 0<e. <1/r.
If (¢r),cw- 5 a sequence tending to infinity, then

lim P(T > rlog(r) —re,) = 1.

T—00
Proof. The first upper bound follows from Theorem 1.14. Theorem 1.16 states
that (T — rlog(r))/r converges in distribution to the Gumbel law as r — oo.
Since ¢, — oo, this gives

P(T > rlog(r) —re,) = ]P(T—rlog(r) > —cr> — 1.

r r—00

1.6 Further reading

Our study of coin tossing leaves aside several remarkable properties, such
as the arcsine law and invariance principles, discussed in William Feller’s
book [Fel68, Fel71]. It also contains a Fourier-analytic proof of the Berry—
Esseen theorem. A beautiful longest common subsequence problem for two

3 A sharp transition between two regimes.



1.6 Further reading 15

coin-tossing sequences is studied in Michael Steele’s book on randomized com-
binatorial optimization [Ste97]. Michael Steele’s article [Ste94] on Poisson ap-
proximation is very illuminating. The book [BHJ92] by Andrew Barbour, Lars
Holst, and Svante Janson contains a strengthened version of Le Cam’s inequal-
ity, obtained by Barbour and Eagleson using Louis Chen and Charles Stein’s
integration-by-parts method:

dyr (Ber(py) * - - - x Ber(pn ), Poi(p1 + - -+ + pn))

2 2
e ttpa ) PI T T D

< (1 .
<t pLt+pn

For comparison, an inhomogeneous version of the Berry—Esseen central limit
theorem, from William Feller’s book states that, if (X,,),>1 are independent
random variables, then writing S,, = X1 + -+ + X,,, 07 = E(| X} — E(Xy)[?),
and 77 = E(| X — E(Xg)[|®) gives

p (S —EE) _L/ e dt
Var(S,,) V271 J oo

Total variation distance dyr (-, ) can also be viewed as a Wasserstein dis-

tance (coupling). First observe that P(X #Y) = E(d(X,Y)) for the discrete

metric d(z,y) = dgzy. Writing IT(u,v) for the set of distributions on E x E
with marginals pu and v, we obtain

2

(4 +70)°
sup T L3
z€R (0'1+"'+0-72L)

dyr (1,v) = min / d(z,y) dr(z,y).
€l (p,v) JExE

The coupon collector problem is discussed, among other places, in William
Feller’s book [Fel68, Fel7l], Rejeev Motwani and Prabhakar Raghavan’s
[MRI5], and articles by Lars Holst [Hol01] and Aristides Doumas and Vassilis
Papanicolaou [DP13]. Donald Newman and Lawrence Shepp showed in [NS60]
that, if each type must be observed m times, the mean collection completion
time is

rlog(r) + (m — 1)rlog(log(r)) + O(r).
Other variants appear in the book by Claude Bouzitat, Gilles Pages,
Frédérique Petit, and Fabrice Carrance [BPPC99]. Theorem 1.16, showing
asymptotic Gumbel fluctuations, was obtained by Paul Erdds and Alfréd
Rényi [ER61a). The nonuniform case associated with a discrete probability
measure (p1,...,p,) is analyzed by Lars Holst [Hol01]. When r is unknown,
one has the estimator
T = card{Xy,..., X, }.

If e1,..., e, is the standard basis of R", then the random vector

Cn:=(Cni,...,Cny) =ex, +---+ex,
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in IN" has the multinomial distribution with size n and parameter (p1, . ..

and , .
Th = Z]l{cn,po} =r— Z L¢c, =0}
i=1 i=1

In particular,

T T

E(F,) =r—3 P(Chi=0)=r-> (1-p)"

i=1 i=1

Finally, since the r types are ordered, the random variable max(Xy, ..

is an estimator of the right endpoint r of the support {1,...,7}.

\Dr),

'7Xn)

The coupon collector is a special case of the covering problem discussed
in David Aldous’ article [Ald91], the book by David Aldous and James
Fill [AF01], Amir Dembo’s lecture notes [Dem05], and the book by David
Levin, Yuval Peres, and Elizabeth Wilmer [LPWO09]: if (X,,)n>1 is a se-
quence of random variables, not necessarily independent or identically dis-
tributed, taking values in the same finite set E, then the cover time* of E is

T:=inf{n>1:{X1,...,X,} = E}.

4 Also called the covering time.
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Random walks

Keywords. Random walk; exit time; gambler’s ruin; Dirichlet problem; har-
monic function; Gaussian free field. Tools. Combinatorics; Markov chain;

martingale; multinomial distribution; Fourier transform; symmetric group;
coupon collector. Difficulty. *

Random walks are essential probabilistic objects of surprising richness and
diversity. This chapter presents some elementary aspects, particularly in con-
nection with their Markov property.

2.1 Simple random walk on the line

The simple random walk on the line Z is the sequence (Xn)n>0 of random
variables defined by the recursive (or autoregressive) relation

X”H‘l:Xn+€n+1:X0+€1—|—-~-—|—gn+1

for every n > 0, where (6”)n21 is a sequence of i.i.d. real random variables
with Rademacher distribution, independent of Xg. Set

p:=Pl,=1)=1-P(e, =-1) €]0,1].
The sequence (Xp),,, is a Markov chain with state space Z and transition
kernel given, for every x,y € Z, by
P($> y) = p]l{y:erl} + (1 - p)]l{y:xfl}

and the matrix P is tridiagonal. A random variable B has the Bernoulli dis-
tribution (1 — p)do + pdy if and only if the random variable 2B — 1 has the
Rademacher distribution (1 — p)d_1 + pd1. Thus, for every n > 0,

Xn—X0+n

5 ~ Bin(n, p).
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Simple random walk paths
60 T T

Position Xn

-60 !
0 200 400 600 800 1000

Fig. 2.1. Trajectories starting from 0 of the simple random walk on Z.

Theorem 2.1 (Recurrence). The simple random walk on Z is null recurrent
if p=1/2 (simple symmetric random walk) and transient if p # 1/2 (simple
asymmetric random walk).

Proof. Recall that a state x is recurrent if the walk starting from x returns
there almost surely, or equivalently if it visits z infinitely often. A useful
criterion is that x is recurrent if and only if )  P"(x,z) = oo. The chain
has period 2, so P?"*1(z,x) = 0 for every n > 0. Since it is irreducible, all
states have the same classification, and we can restrict attention to state 0.
The binomial formula gives

P2%(0,0) = P(Xa, = 0| Xo = 0) = (ij)pnu ol

Stirling’s formula n! ~ v/27n(n/e)™ gives, writing p = 4p(1 — p),

n

p

P?"(0,0) ~

If p = 1/2, then p = 1 and the chain is recurrent; if p # 1/2, then p < 1 and it
is transient. When p = 1/2; counting measure is symmetric (since the matrix
P is symmetric), hence invariant. Since this measure is not finite, the chain is
null recurrent.

Alternatively, the case p # 1/2 can be handled with more probabilistic
intuition. Indeed, the strong law of large numbers gives X,, = Xo + n(2p —
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1+ 0p00(1)) almost surely, so X,, — 400 almost surely if p > 1/2 and
X, — —oo almost surely if p < 1/2, ruling out recurrence. a

The next theorem studies the gambler’s ruin problem: a gambler wins 1
euro with probability p and loses 1 euro with probability 1 — p. The initial
fortune is x, and the gambler stops upon reaching a < x euros (ruin) or b > x
euros (gain). We use the traditional conditional notation P, () := P(-| X, =
x) and E, (1) = E(-| Xo = ).

Theorem 2.2 (Exiting a box! or gambler’s ruin). Let a < b belong to Z, and
define the stopping times T4, Ty, and T by

To=nf{n>0:X,=0a}, m=inf{n>0:X,=0}, et 7=min(r,, 7).

Then for every x € [a,b] N7Z there exists ¢ > 0 such that E,(e’") < oo.

In particular, E,(1) < oo, and hence P,(t < oo) = 1. Moreover, setting
L—p
p=——
b b
pl—p"
b_ a st p 7& %)
P,(X,=a)=<" "°
b—x . 1
sip=3,
b—a P=3
and

a

z—a (b—a)p”—p*

o 1o g P
E,(r) = i p o’ —p

(b—2z)(z—a) sip=13.

If p = 1/2, the chain is recurrent and almost surely visits every state
infinitely often, so P, (7, < 00) =1 and P,(7 < 00) = 1 for every a < z < b.
If p # 1/2, however, it is transient, and the hitting times of a or b are no longer
almost surely finite (depending on the probability p and the starting point z).
This is visible in the formulas of Theorem 2.2 by letting a or b tend to infinity.
The exit time 7 from [a, b] has the same distribution as the absorption time T'
into {a, b} of the chain ¥ = (Y;,),,, on the finite state space {a,...,b}, with
the same transitions as (Xy),,5, but absorption at a and b. For Y, states a
and b are recurrent and all the others (finitely many) are transient. Since the
chain Y almost surely visits each transient state only finitely often, we deduce
P,(r < 00) =P,(T < o0) =1 for every a < x < b.

Proof. We show that E,(7) < oo for every a < z < b. It suffices to obtain a
geometric upper bound on the tail of 7. One could use coupling, as for the
Wright—Fisher model; see Remark 12.7. For every a < = < b, there is a path
£, of length |¢,| < (b— a) from x to a or b. We have

Py(7 > (b—a)) < P(Xyy,| # o)

! Quite natural for a drunkard modeled by a random walk.
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=1- ]P(XIML\ = Ea:)
< 1 —min(p,1 — p)ll.

If n = maxgez<p(l — min(p, 1 — p)l¥=l) < 1, induction and the conditional
independence of past and future given the present give, for every k& > 1,

P.(r > k(b—a))
= Z Po(r > k(b—a), Xg—1)(p—a) =¥, 7 > (k= 1)(b—a))

a<y<b

Z Py(r > (b—a)Pe(Xk-1)p—a) =¥, 7 > (k= 1)(b - a))
a<y<b
<P(1 > (k=1)(b—a)) <my" ' =1

Since n < 1, we obtain E;(e™) < oo for some real ¢ > 0. In particular, all
moments of 7 are finite under P,, and P, (7 < o) = 1. Compute

r(z) :=Py(X; = a).
For every a < z < b,

r(@) =P, (X; =a| Xy =2+ )p+Pu(X; =a| Xy =2 —-1)(1-p)
=pr(z+1)+ (1 —p)r(z—1).

The solution set of this second-order linear recurrence is a vector space con-
taining the constant solution 1. If p # 1/2, then p is another solution, linearly
independent of 1, so all solutions have the form A+ Bp®* with constants A and
B. The boundary conditions r(a) = 1, r(b) = 0 determine A and B, giving
the unique solution ,
X
r(z) = %.
PP —p
If p = 1/2, then p = 1 and the preceding two fundamental solutions coincide.
In this case, however, x is also a solution, linearly independent of 1. Solutions
thus have the form A+ Bx with constants A and B. The boundary conditions
r(a) =1 and r(b) = 0 determine A and B, giving the unique solution

b—x
r(z) = —_—
Now compute
R(z) := E,(7).

Conditioning on X; gives, for every a < z < b, the linear recurrence (the
method applies to any Markov chain, and likewise to r(z))

R(z) =pR(z+ 1)+ (1 —p)R(x — 1) + 1.
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The nonzero right-hand side 1 suggests looking for particular solutions. If
p # 1/2, then z/(1 — 2p) is a particular solution, and all solutions have the
form R(x) = z/(1 — 2p) + A+ Bp”. The boundary conditions R(a) = 0 and
R(b) = 0 finally give

R( )7 Tr—a 7(b7a)pb7pl’
VT Ty T -

If p=1/2, then —2? is a particular solution, and all solutions have the form
—2% + A + Bz. The boundary conditions R(a) = R(b) = 0 finally give

R(z) = (b—z)(x — a).
Similarly, we can compute the following functions:
F(z,s) =E,(s7), G(z,s) =FE,(s"1x =), et G(z,s)=E;(s"1x_—p)
which, for a < z < b and s €] — 1, 1], satisfy the recurrence
r(z) =psr(z+1)+ (1 —p)sr(z —1)
with respective boundary conditions
F(a,s)=F(b,s)=1, G(a,s)=1=1-G(b,s), H(a,s)=0=1—H(b,s).

The expression for E,(7) can then be recovered by differentiating the gener-
ating function. The explicit expressions for F'; G, and H are rather cumber-
some. O

Remark 2.3 (Limit theorems to the rescue). Here is another proof that
P.(r < 00) = 1. Set m = 2p — 1 and 0® = 4p(1 — p). If m # 0, the law
of large numbers implies that almost surely (Xn)n>1 tends to 400 if m > 0
and to —oo if m < 0, so Py(1 < 00) = 1. If m = 0, then for every n > 1,
setting I,, = ﬁ la, b gives

P.(r =00) <IP(a<Xn<b):IP<)\§% GIn>.

Now (1”L*1/2Xn)n>1 converges in distribution to N'(0,02) by the central limit
theorem. Although I,, depends on n, since (In)n>1 18 nonincreasing,

X, 1 t2
limsupP| =2 €I, | < infi/ e 27 dt = 0.
n—><x>p (\/’E ) nzl \/271'0‘2 I,

Remark 2.4 (Martingales). If (Z,),, is a Markov chain on a finite set
E with kernel P = L + 1, then for every function f : E — R the sequence
(Mp),,>o given by Mo =0 and, for every n > 1,
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n—1

M, = f(Zn) — [(Zo) = > _(Lf)(Z)

k=0

is a martingale for the natural filtration of (Zn)n>0. This formula can be
viewed as a discrete Ité formula. When f is harmonic for L, that is, Lf =0,
then (f(Zn) — f(Z0)),>o is a martingale. The vector of hitting probabilities
of a closed set is harmonic. The formulas in Theorem 2.2 can be recovered us-
ing suitable martingales and the optional stopping theorem. For example, the
martingale (Xn —n(p — q)),,5¢ gives Eo(X7) = (p — ¢)Eo(7), while (pX")n>O
gives Bo(pX7) = 1. This martingale method extends to processes with con-
tinuous time and state space, providing in particular exit-time formulas for a
diffusion on R?; see Chapter 27. Moreover, the equations satisfied by r and
R in the proof of Theorem 2.2 are special cases of the Dirichlet problem in
Theorem 2.8.

Theorem 2.5 (Catalan numbers). If 7 :=inf{n > 1: X,, = 0}, then

2 2n
Po(r=2n+2) = -~ (n>p"+1(1 -p)" >0

Fig. 2.2. A path from 0 to 0 that does not remain nonnegative, and the associated
path from 0 to —2 in the proof of Theorem 2.5.

We recognize the n® Catalan number n%_l (2:) Catalan numbers are also

the even moments of the semicircle distribution; see Chapter 21.

Proof. Given {Xo = 0}, the event {7 = 2n + 2} corresponds to a trajectory
of length 2n + 2 starting from 0 and returning to zero while staying strictly
positive or strictly negative. These cases are equally likely, giving the factor 2.
In either case, there must have been n+ 1 increments 4+1 and n+ 1 increments
—1, hence

Po(r = 2n +2) = 2C,p" (1 — p)" .
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where C,, is the number of paths of length 2n + 2 starting and ending at
zero while staying strictly positive in between. The first increment must be
+1 and the last —1. Thus C,, equals the number of nonnegative paths of
length 2n starting and ending at zero. Such paths have n increments +1
and n increments —1. Consider all paths starting and ending at zero with n
increments +1 and n increments —1. There are (27?) of them. If such a path is
not nonnegative, reverse all increment signs after the first negative position,
interchanging +1 and —1. Figure 2.2 illustrates this. The resulting path has
n—1 increments +1 and n+1 increments —1. Every path starting at zero with
n — 1 increments +1 and n + 1 increments —1 arises this way, and there are
( n ) such paths. This bijection therefore gives C, = (2") —( n )= L(Q")

nil_ . 3 n n—1 n+l\n
(Désiré André’s formula).

Theorem 2.6 (The ballot theorem?). If n = a + b and k = a — b with
0<b<a, then
E a-0

P(Sl>0’”"Sn>0|50:0’s":k):ﬁ:a+b'

Theorem 2.6 says that, in an election with candidates A and B and n
voters, where A receives a votes and B receives b < a votes, the probability
that A stays ahead of B throughout the counting of the n ballots is (a —
b)/(a + D).

Proof. First note that 0 < k < n and (n + k,n — k) = 2(a,b). Let P, x be
the set of simple random walk paths of length n starting at (0,0) and ending
at (n, k). All have exactly a increments +1 and b increments —1, so there are
(a:b) such paths. Let ij be the subset of paths strictly positive at times
1,...,n. We have 7

p*(1—p)°
(Sn:k|SO :O>'

]P(81>0,...,Sn>O|S():0,Sn=k):card(P;fk)IP

On the other hand, P(S,, = k| Sy = 0) = card(P, 1) p*(1 — p)®, hence
+

card(P,)
P(S, >0,...,Sn>0\So:0’5n:k):m'

)

Remarkably, this formula does not depend on p. The set P, 1 \ PJ  is in-
variant under reflection of the path segment before the return to 0. This is
the trick used in the proof of Theorem 2.5. It follows that the elements of
P\ P; x beginning with an increment +1 are in bijection with those of
P\ P;f  beginning with an increment —1. The latter are in bijection with
the elements of P, ; beginning with an increment —1, themselves in bijection

2 Named after its interpretation in vote counting.
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with P,_1 p+1. This gives card(P, ;) — card(PTtk) = 2card(P,—1 k+1). Since
card(Py, 1) = ((nﬁc)/z)’ we finally obtain

et = (0 yy2) = ng) = n s s2)
In other words, card(P;,) = (k/n)card(P, k). O

The Catalan-number formula of Theorem 2.5 can be written as
22”+2]P(Sl > Oa AR S2n+1 >0 ‘ SO = 07 52n+2 = 0)

1 2n
- card(P;nHJ) = (n)

2.2 Simple symmetric random walk in space

A simple random walk path in the plane

U

Fig. 2.3. Beginning of a simple random walk trajectory on Z2.

The simple symmetric random walk on Z% d > 1, is defined by
XnJrl :Xn+5n+1 :X0+€1+“'+5n+1

where (z;‘n)n>1 is an i.i.d. sequence of random variables independent of the ini-
tial position X and uniformly distributed on {£ey, ..., £es}, whereey, ..., eq
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is the standard basis of R?. The sequence (Xn)7120 is a Markov chain with
state space Z¢ and transition kernel

1
P(CE»y) = ﬁﬂ\z—yhzl

where |z|; := |21+ - - +]|zq|. It is also called the symmetric nearest-neighbor
random walk for the norm |[-|;. The increments (e,),, are uniformly dis-
tributed on the unit sphere for |-|;. Viewing the increments €1, ..., &, as aris-
ing from n rolls of a fair 2d-sided die shows that Loi(X,, — Xp) is the image
of the multinomial distribution

1 1 1 1.\ 1 1
e b b bt G, — =Mul(n, (—,...,—
<2d561 Fogde Tt ggt-a t 2d56d> b (” <2d’ ’ 2d>)

under the map
(k‘1, R /452(1) S IN2d — (k‘1 — ko, kog_1 — k‘gd) S VAR

The random time by which the walk has taken all 2d available directions has
the coupon collector distribution studied in Chapter 1, with r = 2d.

Theorem 2.7 (Simple symmetric random walk). The simple symmetric ran-
dom walk on 7% is null recurrent if d < 2 and transient if d > 3.

Proof. The proof uses Fourier analysis. First recall that, for every random
variable Z taking values in Z¢,

P(Z = 2) :/ 2D oo () de ot gz Z e~ 2milz2) = z).
[0,1] z€Z4

Introduce a parameter p € [0, 1] to interchange the sum and integral. Using
the preceding identity yields

E P"(0,0 ——limg "P*(e1+---+e,=0

— ( ) ptl n:()p ( ' )
-1 n 2mwi(0,x) d
= pl¢n11 E /01[dp € Dey e, (T) dv

= lim )" dx
ptl Z/ 1[d

= lim ——dx



26 2 Random walks

. d
= lim v dx
P J0,a[¢ 3oy (1 — peos(2may))
d

- /[o,l[d SS9 (1 — cos(2nay))

dz

)

where monotone convergence justifies interchanging the limit as p T 1 and
the integral. The integral’s behavior depends only on the integrand near 0.
Spherical coordinates and a Taylor expansion at 0 show that it is finite if and
only if 7 > 0 — 7?73 is integrable near 0, that is, d > 2, or equivalently d > 3
since d is an integer! O

Recurrence of the simple symmetric random walk on Z¢ (X) >0 can also
be studied combinatorially. The chain is irreducible with period 2 for every
d > 1, so it suffices to study Y, P?"(0,0). The multinomial formula gives

...y T2d
) )
rit+r2a=n
T1=72;..-,Td—1="d

1 (2n)!
~ (2d)2" Z 2 g2’

rit-+ra=n

The case d = 1 has already been treated. The cases d = 2 and d > 3 remain.
Case d = 2 (direct method). Vandermonde’s identity® gives

1 (2n)!
2n _
PrO0 - o Y o
ni1+ns=n

T 42np)2 )2 pooo T

which is not summable, so the chain is recurrent. It is null recurrent because
counting measure, which is infinite since Z?2 is infinite, is symmetric and hence
invariant.

Case d = 2 (a clever method). Let U, and V,, be the projections of X,
onto the two diagonals (slopes £1). One checks that (Uy),»q and (V3,),,5, are
independent simple symmetric random walks on %Z! Moreover, X,, = 0 if
and only if U,, = V,, = 0, yielding P?"(0,0) ~ #, so the chain is recurrent.
Note that the components of (X,),-, (the two coordinates) are not simple
random walks on Z, but Markov chains with kernel Q(z,y) = %]l\m—ylzl +

%]lmzy (they can be shown to be recurrent, but this is not particularly useful
here).

r

¥ The “convolution” formula ("*™) =>"1 (1) (,™,)-
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Case d = 3 (direct method). The multinomial formula gives

1 (2n)!
2 —_
P00 =G 2 Sppene
r1+ret+rz=n

_ (2n)! n 21\"
T 922n3np)2 Z r1 To T3 3)

ritratrz=n

If n = 3m, a short analysis shows that

n n
<
(7"1 T2 7"3> (m m m)

Hence, using the trinomial formula with size n and second parameter
(1/3,1/3,1/3), we obtain, for n = 3m,

2n)! n 1/ 3\%* c
P?"(0,0 gi( ~= 2 S
(0,0) 22n3nn!2 (m m m) 2 <7m> n3/2
Thus Y, P%™(0,0) < co. Since, for k = 1,2,

1
@PGm(Q 0) < P6m+2k (O, 0)7

S OP0,00= > Y P(0,0) < oo,

k=0,1,2 m

we obtain

so the chain is transient.

Case d > 3 (a clever reduction to d = 3). Let X' = (X,),5, be the chain
projected onto Z3, consisting of the first three coordinates of X = (Xn)n>0.
It is a Markov chain on Z3 with kernel

d—3 d—3

Q:=(1-—")P+—"1

where P is the kernel of the simple symmetric random walk X" on Z3. A
return to zero of X always entails a return to zero of X', so if X' is transient, X
must also be transient. The trajectories of X’ are those of X" with geometric
holding times at each site; in particular, their asymptotic visit frequencies
agree. Thus transience of X’ implies transience of X', so X is transient.

2.3 The Dirichlet problem and the Gaussian free field

Let (X5),50 be the simple random walk on Z? with transition kernel P. For
every bounded function f : Z¢ — R and every = € Z¢,
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E(f(Xnt1) | Xn = 2) = f(2) = (Pf)(2) = f(z) = (Af)(2),

where A := P — I. The operator A is the generator of the simple symmetric
random walk on Z. It is a discrete Laplacian, computing the deviation from
the average over neighboring sites:

Anw=|g X 10| -f0=5 X (G- @)

yily—x) =1 y:ly—=z|;=1

We call f harmonic on A C Z% if Af = 0 on A, meaning that at every point of
A, the value of f equals its average over the 2d neighbors. The operator A is

local: (Af)(x) depends only on the values of f at x and its nearest neighbors.
Thus Af on A depends only on the values of f on A := AU 0A, where

0A:={y¢A:Jzc A |z—y|, =1}

is the outer boundary of A. The Dirichlet problem asks for a harmonic function
on A with prescribed values on 0A. This is a linear algebra problem. Theorem
2.8 below gives a probabilistic expression for its solution using the hitting time

Toa := inf{n > 0: X,, € 0A}.

Chapter 24 considers the same question on an open subset of R? for the
classical Laplacian.

Theorem 2.8 (The Dirichlet problem). Let A C Z? be a finite nonempty
set. Then, for every x € A, P,(194 < 00) = 1. Moreover, for every function
g:0A = R, the function f: A — R defined, for every x € A, by

f(I) = Ew(g(XTaA))

s the unique solution of the system

f=y sur O0A,
Af =0 sur A.

When d = 1, we recover the function r studied in the proof of the gam-
bler’s ruin theorem 2.2. Moreover, by Remark 2.4, the image of a Markov
chain under a function harmonic for its generator is a martingale, which ret-
rospectively explains the probabilistic solution formula through the optional
stopping theorem.

The quantity f(z) = Eo(9(Xrp)) = 3, con ) Pu( Xy, = y) is the mean
of g under the distribution p, on 0A, called harmonic measure, defined by

/’L.L(y) = ]P(L‘(XTGA = y)a ye 0A.

One may also call this the discrete Poisson kernel, by analogy with the Dirich-
let problem on an open subset of R? (see Chapter 24).
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Proof. The property P, (194 < 0o) = 1 for every x € A can be proved as in
Remark 2.3, or as in the proof of Theorem 2.2, which also gives a geometric
upper bound on the tail of 7.

Check that the proposed function f is a solution. For every x € 0A, we
have 754 = 0 on {Xy = z}, hence f = g on JA. We now show that Af =0
on A. By linearity, first reduce to the case g = 1.} with z € 9A. For every
y € A, write

f(y) = IPy(X‘FaA = Z) = ZIPy(Xn =2,ToA = n)

n=0

=1y=. +]lyeAZ Z P(y,21)P(z1,22) - P(xp_1, 2).

n=1zy,....xp_1€EA

Moreover, since f =0 on 94\ {z} and A is local, for every = € A,

(Pf)(x)= > Pla,9)f(y) =P(,2)f(2) + Y_ P(z,9)f()-

yEeZ4 yeEA

Consequently, for every = € A,

Pf@)=P2)f(2)+Y. >,  P@yPyz) P, 1,2)
n=1y,x1,....0p,_1€A
=P(z,2)f(2) + (f(2) = (Lo=z + P(z,2)))
= f(z)
where the last equality follows from 1,—, = 0 and f(z) = 1. Thus Pf = f on
A, meaning Af =0 on A.

For uniqueness, linearity reduces the problem to showing that f = 0 is
the unique solution when g = 0. If f : A — R is harmonic on A, interpreting
(Af)(x) as the deviation from the nearest-neighbor average shows that both
the minimum and maximum of f on A must be attained on the boundary 0A

(possibly elsewhere as well). Since f vanishes on 94, it follows that f vanishes
on A. O

Theorem 2.8 generalizes as follows:

Theorem 2.9 (The Dirichlet problem and Green’s function). If A C Z<
is a finite nonempty set, then for every pair of functions g : 0A — R and
h:A— R, the function f: A — R defined for every x € A by

Toa—1

f(z) = Ex(9(Xrp0) + Z h(Xy))
n=0

is the unique solution of
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When d = 1 and h = 1, we recover the function R from the proof of
Theorem 2.2. Theorem 2.8 is the case h = 0. For every x € A,

@)=Y gW)Ps(roa =) + > _ h(y)Galx,y)

YyEOA yeA

where G z(z,y) is the mean number of visits to y starting from = before exiting
A, that is,

Toa—1 o)
GA(xay) = Em( Z ]an_y> - ZIPz(Xn =y,n< T@A)~
n=0

n=0

We call G 4 the Green function of the simple symmetric random walk on A
killed at the boundary JA. It is the inverse of the restriction —A4 of —A to
functions on A vanishing on 0A:

Gg= —A;l.
Indeed, if g = 0 and h = 1,3, then f(z) = Ga(x,y), hence AxGa = —14.

Proof of Theorem 2.9. By Theorem 2.8 and linearity, it suffices to check that
f(x) = 1,e4Ga(x, 2) is a solution when g = 0 and h = 1., with z € A. For
every x € A, the Markov property gives

f@) =Tgomsy + Y Pa(Xpn = 2,1 < 71)
n=1

:]l{x:z} + Z ZIP(Xn =z,n< 7—814|‘X1 :y)P(m,y)

y:\x—y|1=1 n=1

=Tp—zy + Z fW)P(z,y).

wlz—yl; =1
Thus f =h+Pf on A, meaning Af = —h on A. O

The proofs of Theorems 2.8 and 2.9 remain valid for asymmetric random
walks on Z?, provided the symmetric walk generator A is replaced by the
generator L := P — I, a local operator: |z —y| > 1 = L(z,y) = P(z,y) = 0.
Beyond this setting, the notion of boundary must be adapted: {y ¢ A : 3z €
A, L(z,y) > 0}.

The Gaussian free field* is a random interface model related to the simple
symmetric random walk and the Dirichlet problem. Let A C Z? be a finite
nonempty subset. An interface is a height function f : A — R assigning to
every site x € A a height f(x), also called its spin. For simplicity, impose the
boundary condition f = 0 on the outer boundary 0A of A. Write F4 for the

4 Abbreviated GFF.
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set of interfaces f on A vanishing on the boundary 94, identified with RA.
The energy Ha(f) of interface f € Fu is

1
Ha(f) =75 D (f@) = fw)),
{z,y}CA
|z—yl|,=1
where f = 0 on OA. The energy H4(f) is smaller when the interface f is
“flatter.” Writing

(u,v) 4 = Y u(@)o(x)

z€EA

gives, for every f € Fa,

HA(f) =153 Y (@)~ Fw))f@) = 5 (- A% 1)

T€EA  ycA
lz—yl,=1

Since H4(0) = 0 and Ha(f) = 0 imply f = 0, the quadratic form Hy is
nondegenerate. We can therefore define a Gaussian distribution Q4 on Fu
favoring low energies:

1
Qaldf) = e M df on Zy:= / e~ HAlD) gf.
Za .

This Gaussian distribution, called the Gaussian free field, is characterized by

its mean m4 : A — R and covariance matrix Cy4 : A x A — R, given, for
every x,y € A, by

ma(z) = / f2Qaldf) =0

and
Calr,y) = / fody @aldf) — ma(@)maly) = —(A7Y)(@.) = Ga(z,y),

where f, denotes the coordinate map f, : f € Fa — f(z) € R.

2.4 Random walk on the symmetric group

Consider r > 2 playing cards stacked in a vertical deck and numbered from
1 to r. The top card is in position 1, and so on, with the bottom card in
position r. We study a very simple card-shuffling procedure, called the top-
to-random shuffle. More precisely, a k-insertion takes the top card and inserts
it between positions k° and k + 1°A 1-insertion has no effect. By convention,
a r-insertion places the top card at the bottom. We perform successive k-
insertions, using an i.i.d. uniform sequence on {1,...,r} to choose k.
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A deck configuration is encoded by an element o of the symmetric group
X, so that o(k) denotes the position of card k. A k-insertion changes con-
figuration o into (k,k — 1,...,1)o, where (k,k —1,...,1) € S, denotes the
k-cyclek - k—1—---—>1—k.

Writing X, for the deck configuration at time n gives a random sequence
(Xn),>o in X, satisfying, for every n > 0,

Xn+1 - 5n+1Xn =&n+41- " EIXO

where (e5,),,5, are ii.d. uniformly distributed on C':= {(k,k —1,...,1) : 1 <
k <r} C X,. The sequence (Xn)n>0 is a left random walk on the nonabelian
group X, with increments C. It is also a Markov chain with finite state space
X, (of cardinality r!) and kernel

lo(o’oc™)  1c(o’oc™t)

1 o71(1)
r 0_1.(7’)

Initial conﬁguration‘Conﬁguration after shuffling

Fig. 2.4. The card in position k moves to position o(k).

Theorem 2.10 (Convergence in distribution). The chain (Xn),,q is recur-
rent, irreducible, and aperiodic. Its unique invariant distribution is uniform

on X, ) .
= —0, = — O
a Z ‘Er| r! Ugr

oeX,

The chain (Xn)n>0 converges in distribution to u regardless of its initial dis-
tribution Loi(Xy).

Proof. The special set of transpositions

T = {(7",7"_1)7~~~7(231)7(17r)}

generates X,.. Since the k-insertions (r,7 — 1,...,1) and (2,1) corresponding
to k = r and k = 2 generate T, they generate X,.. Hence C' generates Y. and
the chain is irreducible. Since the identity (1) is also a k-insertion (k = 1), the
diagonal of the transition matrix is > 0, so the chain is aperiodic. Since X,
is a group, exactly r states lead to each state. The columns of the transition
matrix therefore have exactly r nonzero entries, all equal to 1/r. Its transpose
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is thus also a transition matrix®, so the uniform distribution is invariant. Every
finite recurrent aperiodic chain has a unique invariant distribution to which
it converges in distribution from any initial law. a

We now study the rate at which the chain converges to its invariant dis-
tribution, starting from a fixed initial configuration Xg. By translation invari-
ance, assume X = (1), meaning that all cards are initially in order. At time
0, card r is in position r (the bottom of the deck) and gradually rises to the
top. Its ascent becomes faster and faster. For every 1 < k <r — 1, let Ty be
the time this card spends in position r — k (and Ty = 0). For every k > 1,
with the convention Ty + ---+ 1,1 =0if k =1,

Te=min{n >1: X4 47 _,4n=1—Fk}
= min{n > 1: Xn(r) =T — k} - (Tl + - +Tk_1).

At time Ty +- - -+ T,_1, card r is in position 1 (the top). The random variable
TZ:1+T1+~-~+TT,1

has the coupon collector distribution with r uniformly drawn coupon types
(Chapter 1). The random variables Ty, ...,T,._; are independent with T}, ~
Geo(k/r) for every 1 < k < r — 1. Note that T > r.

Theorem 2.11 (Well shuffled after the ascent). The time T is a strong
stationary time: for every n > 0, the random wvariables Xp4, and T are
independent, and X7y, has the uniform distribution p on X,..

Proof. The uniform distribution on X can be obtained by drawing the images
of 1,...,r uniformly without replacement. Moreover, the uniform distribution
on X, is translation invariant.

At time T7, card r reaches position r — 1 for the first time, because card 1
has been placed at the bottom. At time T} + T5, card r first reaches position
r —2 because card 2 has been inserted below or above card 1. The two bottom
cards have numbers 1,2 or 2,1 with probability 1/2. Inductively, at time
Ti+---+T,_1 = T—1, card r first reaches the top, and the numbers of the r—1
cards below it are uniformly distributed without replacement in {1,...,r—1}.
At time T, card r is placed uniformly at random in the deck at a position
between 1 and r, so Xp is uniform. Since the probability P(Xr = 0,T = k)
does not depend on o, T and X7 are independent. Since the distribution p is
invariant, we obtain Xp4, ~ pu for every n > 0. O

To shuffle the deck well, we could stop at time 7. Unfortunately, T is
unknown in practice! Alternatively, we could seek the smallest possible n

5 The matrix is doubly stochastic (or bistochastic). The set of doubly stochastic
n X n matrices is a compact convex polytope (an intersection of half-spaces) with
(n—1)? degrees of freedom. Its extreme points are permutation matrices (Birkhoff
and von Neumann). The symmetric group again!
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for which dyr (Loi(X,,), 1) is close to zero, where dyr (-,-) is total variation
distance (Section 1.3). For sufficiently large r, the quantity dyr (Loi(X,,), 1)
drops abruptly from 1 to 0° around n = rlog(r). The next theorem quantifies
this cutoff.

Theorem 2.12 (Cutoff at n = rlog(r)). For every real ¢ > 0,
dvyt (Loi(XLHOg(THCTJ),,u) <e T agvec 0<e, <1/r
If ¢, > 0 satisfies lim, o0 ¢, = 00 and rlog(r) —re, > 0 for every r > 1, then
lim dyr (Loi( X, 1og(r)—re, )5 1) = 1.

Proof. By Theorem 2.11, for every A C X,

NE

P(X,cA) =Y P(X,cAT=k+P(X,=0T>n)

k=0

< iIP(Xn € A,T=k)+P(T >n)
k=0

= zn:lP(XTM_k €EAT =k +P(T>n)
k=0

- zn:M(A)IP(T = k) +P(T > n)
k=0

= u(A)P(T < n)+P(T > n)

< u(A) +P(T > n).

hence P(X,, € A) — u(A

~—

< P(T > n). Applying this to A and A€ gives
dyT (LOi()(n)7 ,u) < IP(T > n), n 2= 0.
The result follows from the coupon collector Theorem 1.17. a

Figure 1.2 illustrates the cutoff phenomenon.

2.5 Further reading

The simple random walk on Z?, studied notably by George Pélya and later
Frank Spitzer, is one of probability’s basic models. It receives particular at-
tention in the books by William Feller [Fel68], Frank Spitzer [Spi70], Peter
G. Doyle and Laurie Snell [DS84], and James Norris [Nor98a]. The proof of
Theorem 2.7 is taken from an article [CF51] by Kai Lai Chung and Wolfgang

5 This is called the cutoff phenomenon.
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Heinrich Johannes Fuchs. This Fourier analysis can be developed further, as
explained in the books by Gregory Lawler and Vlada Limic [Lawl3, LL10].
Désiré André’s combinatorial trick appears in [And87].

Catalan numbers occur very frequently in combinatorics. Besides simple
random walk paths, they count Dyck words, balanced parenthesis expressions,
polygon triangulations, noncrossing partitions, subdiagonal paths in a square,
plane trees, and many other objects.

Statistical physics has inspired many random walk models: walks in ran-
dom environments, random scenery, and self-interacting walks (self-avoiding,
reinforced, excited,. .. ). This rich classical subject remains an active research
area. Chapters 3, 6, and 15 involve random walks. Moreover, the central
limit theorem allows Brownian motion to be viewed as a continuous-time and
continuous-space analogue of the simple random walk, obtained as a scaling
limit of discrete models (¢Z? approximates R?). The discrete Dirichlet prob-
lem is studied in detail in Gregory Lawler’s book [Law13]. Its continuous-time
and continuous-space version, studied in Chapter 24, is a scaling limit of the
discrete problem. At the process level, the simple symmetric random walk
becomes Brownian motion through the central limit theorem, while at the
generator level, the discrete Laplacian becomes the Laplace differential oper-
ator through Taylor’s formula. The Gaussian free field is a fundamental object
of mathematical physics, discussed for example in the book by James Glimm
and Arthur Jaffe [GJ87]; its scaling limit is presented in Scott Sheffield’s ar-
ticle [She07].

Although the card-shuffling model in this chapter is not very realistic, it
gives a very simple route to the important cutoff phenomenon in convergence
to equilibrium, shared by most studied shuffling procedures. One example is
the riffie shuffie: split the deck in two and merge the subdecks by interleaving
their cards. Cutoff in card shuffling belongs to the broader study of conver-
gence to equilibrium for Markov chains, extensively developed by Persi Dia-
conis and his collaborators and beautifully presented in the books by David
Aldous and James Fill [AF01] and David Levin, Yuval Peres, and Elizabeth
Wilmer [LPW09].

The coupon collector also appears in the analysis of random walk on the
hypercube (Section 9.1), a remarkable example of a random walk on a reg-
ular graph. Random walks can also be defined on more general directed or
undirected graphs by specifying, for each vertex, a distribution on its neigh-
bors. These walks are Markov chains. Conversely, every Markov chain with at
most countable state space can be viewed as a random walk on its transition
graph. Google’s PageRank algorithm is based on a random walk on the di-
rected graph of web pages. Another classical example is random walk on the
Cayley graph of a finitely generated group. Finally, random walks on groups
can be defined using i.i.d. “increments.”
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Branching and Galton—Watson processes

Keywords. Random tree; branching; genealogy; population dynamics;
threshold phenomenon. Tools. Generating function; Laplace transform;

martingale; Markov chain; random walk. Difficulty. *

Branching processes form an important class arising in many probabilistic
situations. This chapter introduces the Galton—Watson branching process,
whose role in probability is almost as important as that of random walks.

The Galton-Watson process describes the evolution of an asexual pop-
ulation over nonoverlapping generations. Let P := pgdg + p161 + --- be a
distribution on IN called the offspring distribution. Generation n produces
generation n 4 1 as follows: every individual in generation n independently
produces a random number of children with distribution P and then dies. If
Z, denotes the number of individuals in generation n € IN, then Z; is the
initial population size and Z,, 1 satisfies the recurrence

Zn
Zn+1 - Z Xn,—i—l,k
k=1

where (Xp k), 5q 1> are ii.d. random variables with distribution P, inde-
pendent of Zy,. We adopt the convention ), = 0, so that if Z, = 0 then
Zn+1 = 0. For every n € N and zg,...,2, € N,

LOi(Zn+1 | ZO =20y, Zn = Zn) = LOi(Z7,+1 ‘ Zn = Zn) = P**n,

The sequence (Zn)n>0 is therefore a Markov chain with state space IN and
transition kernel P given, for every z € IN, by

P(z,) = P*%.
State 0 is absorbing (population extinction). The extinction time is

T:=inf{n>0: 27, =0} € NU{o0}.
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Remark 3.1 (Original motivations). One original motivation for this model
was to estimate the survival probability of a family’s male line, which probably
explains why the model is asexual.

Remark 3.2 (The Galton—Watson tree). The sequence (Zn)n>o starting from
Zy =1 can be represented as a random tree with offspring distribution P. The
variable Z, is the number of nodes at depth n. An r-ary tree corresponds to
P =6, but it is not a r-reqular graph: the root (the common ancestor) has
r neighbors, whereas all other vertices (its descendants) have r + 1 neighbors.
The tree has depth or height T = inf{n € N : Z,, = 0}, width max,eN Z,,
and total size N = Zy+---+ Zp_1. The tree in Figure 3.2 has depth 3, width
5, and total size 12. When Zy > 1, one sometimes speaks of a random forest.

We make the following observations:

¢ The behavior of (Zn)n>0 reduces to the case Zy; = 1, since conditionally
on {Zy = z}, the sequence (Z,,),,5 has the distribution of a sum of z i.i.d.
copies starting from 1. This is the branching property:

Zty) & Z@) 4 Z(v)

where Z(*) and Z®) are independent;
e Ifp, =1 for some z € N, then P = §,, hence for every n > 0,

g1 = 22p = --- = 2" Zy;

e If po=0and p; <1, then P(Z, /' oo|Zy=1)=1 by comparison with
coin tossing;

o If pg+p1 =1 and py # 0, then P(Z,, \ 0| Zy; = 1) = 1 by comparison
with coin tossing, and the extinction time 7' is geometric.

These observations lead us to assume throughout the sequel that
Zo=1 et 0<pyg<po+p1 <Ll

This implies p, < 1 for every z € IN. It also implies Z; ~ P, since Zp = 1.
Throughout, write m := p; + 2ps + -+ for the mean of P when it exists, and
0% € Ry for the variance of P when m exists.

3.1 Extinction and the threshold phenomenon

We begin with the first two moments of Z,,.
Theorem 3.3 (Mean and variance).

o if m exists, then E(Z,,) = m™ for every n > 0;
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e if m exists and 0% < oo, then for everyn > 0,

2, n-1(m" —1) .
-~ 7 1.
Var(Z,) = om m—1 sim# L

no? sim=1.

Proof. The expectation formula follows from E(Z,,11 | Z,) = mZ, and Z; =
1. For the variance, E(Z2,, | Z,) = Z,(0? + m?) + Z,(Z, — 1)m? gives

E(Zn 1) = B(Z)(0® +m?) + (B(Z}) — E(Zn))m?,
and a calculation yields the recurrence Var(Z,, 1) = Var(Z,)m? + m"c?. O

The asymptotic behavior of the mean size E(Z,) = m™ depends only on
the parameter m and reveals a threshold phenomenon around the critical
value m = 1. We naturally adopt the following terminology according to the
parameter m:

e subcritical case: m < 1,
E(Z,) \\0 avec Var(Z,)— 0sio? < oc;
e critical case: m =1,
E(Z,) =1 avec Var(Z,)— oo sio? < oo;
o supercritical case: m > 1,
E(Z,) /oo avec Var(Z,) — oo sio? < oco.

The expectation E(Z,,) and variance Var(Z,,) of Z,, can be obtained using
a generating function. Recall that the generating function g : [0, 1] — [0, 1] of
the distribution P is the real power series

o(s) = B(s¥1) = 3 pus.
z=0

If P has a moment of order r, then

lim g (s) = B(X11(X11 —1)--- (X110 — 7 +1))

s—1
(the factorial moment of order r of P); in particular,
Jd17)=m et ¢’'(17)=0>+m?—m.

Theorem 3.4 (Generating function of Z,,). For every n > 1, the generating
function g, of Z, satisfies g, = ¢g°" :=go---0g.
—

n fois
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Proof. We have g1 = g since Zy = 1. For every n > 1 and every s € [0, 1],
gn+1(s) = E(s7+1) = E(E(s7+(Z,,))
= B((B(s**))?") = E(g(s)”") = gn(g(5))-
O

Remark 3.5 (Connections between Galton—Watson and Wright—Fisher).
Suppose the offspring distribution P is Poisson Poi(\). For every fized integer
N > 1, the distribution of (X11,...,X1,n) given X11+---+X1 n = N is the
multinomial distribution Mul(N, (1/N,...,1/N)). Indeed, for (ki,...,kn) in
NV such that ki + - -+ kn = N, the probability

P(Xip=kFk,....Xin=knv|Xi14+--+Xin=N)
equals (since X11 + ...+ X1 n is Poisson with parameter AN )

P(X11 = Fki,..., X1 N = kn) N!

P(Xi1+-+Xin=N) k! . ky!

Thus the Wright—Fisher model of Chapter 12 is related to the Galton—Watson
model with Poisson offspring conditioned to have constant size (Remark 13.1).
The Galton—Watson process describes population size evolution and says noth-
ing at the individual level. Conversely, if (Y1,...,Yn) has the multinomial
distribution Mul(N, (1/N,...,1/N)), then for every fized k > 1, (Y1,...,Y%)
converges in distribution as N — oo to the product distribution Poi(1)®*. This
indicates that individuals in a large Wright—Fisher population tend to produce
children independently with Poisson offspring counts.

Theorem 3.6 (Dichotomy). Almost surely, the process either becomes extinct:

lim Z, =0

n—roo

or tends to infinity (explosion):

lim Z, = oo.
n—oo

In other words, almost surely,

lim Z, =
n—o0

oo st = oo;

0 sT <o0.
Proof. Since pg > 0, we have P(z,0) = p§ > 0 for every z € IN*. Since 0
is absorbing, every z € IN* is transient. Almost surely, the chain visits each
transient state only finitely often. Thus, almost surely, it is either trapped in
the absorbing state 0 or diverges to infinity. In other words, almost surely the
process eventually leaves every finite interval of IN*. O
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Theorem 3.6 suggests studying the extinction probability P(T < o).

Theorem 3.7 (Extinction probability). The extinction probability P(T < oo)
s a fized point of g. If m < 1, then g has a unique fized point, equal to 1, and
P(T < o0) = 1. If m > 1, then g has two fized points, s €]0,1[ (attracting)
and 1 (repelling), and P(T < 00) = s.

Proof. Since Z,, is integer-valued,

The sequence ({Z,, = 0}),>0 is nondecreasing and the extinction probability
satisfies

P(T < 00) = P(lim Z, = 0) = P(Ups0{Z, = 0}) = lim P(Z, =0).

n—oo n— oo
Theorem 3.4 gives P(Z,, = 0) = ¢,,(0) = ¢°"(0), hence

P(T < o0) = HILH;O gn(0) = nhﬁrr;og (0).
The extinction probability p := P(T < 00) = lim,, o ¢°"(0) satisfies g(p) = p
because g : [0, 1] — [0, 1] is continuous. The function g is convex since

o0

g"(s) =Y (2 +2)(z +1)5"p 2.
z2=0

Since pg + p1 < 1, the function g is actually strictly convex (it is affine when
po + p1 = 1). Moreover, g(0) = pg €]0,1] and g(1) = 1. Consequently, if
g'(17) = m < 1, the graph of g lies above the diagonal, and 1 is the only
fixed point. If ¢’(17) = m > 1, the graph of g crosses the diagonal exactly
once in the interval ]0,1[, and g has a second fixed point s €]0, 1[. Finally, if
m > 1 then ¢’(17) = m > 1, so 1 is not an attracting fixed point. Figure 3.1
illustrates special cases from Examples 3.8 and 3.9. a

Example 3.8 (Poisson offspring). If P = Poi()\), then m = X and g(s) =
A=Y Thus, if A < 1 the population becomes extinct almost surely, whereas
if X\ > 1 the extinction probability s is the unique solution in ]0,1[ of A\ =
log(s)/(s —1).

Example 3.9 (Geometric offspring). If P = Geon(p) = 27@0 q"pon, then
m = q/p and g(s) = p/(1 — sq). Thus, if p = 1/2 the population becomes
extinct almost surely, whereas if p < 1/2 the extinction probability s is the
unique solution in |0, 1[ of qgs*> — s +p = 0. A pleasant little calculation gives

s=p/q.
Theorem 3.7 therefore gives the following classification:

o subcritical (m < 1): the population becomes extinct almost surely;
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Fig. 3.1. Dashed curves: the generating function of the geometric distribution with
parameter 1/4 (two fixed points: 1/3, attracting, and 1, repelling), and that of the
Poisson distribution with parameter 1 (a unique fixed point at 1). The solid line is
the diagonal.

o critical (m = 1): the population becomes extinct almost surely;
o supercritical (m > 1): the population becomes extinct with probability
p €]0,1].

To study (Zy,),,», more precisely, introduce (Yn)n>o defined by

Zn  Zn

Y, = =Zn
E(Z,) —mm

It is useful because it is a martingale for the natural filtration:

E(XnJrl,l +--- 4+ XnJrl,Zn | Zn) mZn

E(Y’n+1 |O—(%77Y’n)) = mn+1 = mntl :Yn

We have E(Y,,) = 1. Since (Y;,),,5, is a nonnegative martingale, it converges
almost surely to a nonnegative integrable real random variable Y.; in particu-
lar, Yoo < 0o almost surely. On the event {Yo, > 0}, we have Z,, ~p, oo m"Y
almost surely.

Since Y, = 0if n > T, we obtain {T' < oo} C {Yo = 0} almost surely.
By Theorem 3.7, in the subcritical (m < 1) and critical (m = 1) cases,
P(T < 00) = 1, hence P(Y,, > 0) = 0. Nevertheless, if m < 1, then sup,, Z
is not integrable: otherwise dominated convergence would give 0 = E(Yr) =
E(limy, o0 Yy) = limy o0 E(Y,) = 1.

Remark 3.10 (Martingales). Part of Theorem 3.7 can be recovered using
martingales. Indeed, if m < 1, then
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Yo 2 Yolir—oy =2 m "lir—sy
since Zp = 1 if n < T, and consequently
1=EY)) =E(Y,) > m "P(T = c0),

hence P(T < o0) = 1. When m = 1, we have Z,, = Y,, = Yo < 00 almost
surely, hence Z, / oo almost surely, and therefore P(T < o) =1 (Theorem
3.6). Now suppose m > 1, and let s be the smallest fixed point of g. The
sequence

(SZ")H;O
is a martingale taking values in [0,1]. Since Z, — oo almost surely on {T =
oo} (Theorem 3.6), Z, =0 if n > T, and 0 < s < 1, we obtain

SZn — Sznﬂ{T:OO} + SZW,]I{T<OO} npjsgo ]1{T<oo}'

Dominated convergence gives s = E(s%0) = E(s%") — P(T < o).

3.2 The three possible cases

The subcritical case

If m < 1, then P(T < o0) = 1 and Z,, = Zyar — Zr = 0 almost surely
(Theorem 3.7), while E(Z,,) = m"™ — 0 and Var(Z,,) — 0 if 02 < oo (Theorem
3.3).

Theorem 3.11 (Yaglom). If m < 1, then Loi(Z, |Z, > 0) converges as
n — oo to a distribution p on IN* whose generating function h satisfies

(h—1)og=m(h—1).

Proof. Let h,, be the generating function of p, := Loi(Z,|Z, > 0). The
sequence (hn(l))n>1 is constant and equal to 1, and therefore converges to
h(1) := 1. For every s € [0,1],

o B lz,50) 0 B(s%) —P(Z,=0)  1—gn(s)
1—hn(8)—1—W—1_ P(Z, > 0) -~ 1—g,(0)

since P(Z,, >0) =1-P(Z, =0) =1 — g,(0). Recall that g, 1 = go gn, and
that g,(s) = 1 and ¢,(0) = 1 as n — oo, because 1 is the unique fixed point
of g since m < 1 (Theorem 3.7). Since the functions g,, and

s r(s) = 1=9(s) 1*_925)

are increasing on [0, 1], we have
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1 — hnya(s) _ 1 —gnt1(s) 1—gn(0) _ r(gn(s))
1= hn(s) L=gn(s) 1=9n41(0)  7(gn(0))

Thus the nonnegative sequence (1 — hy(s)),; is nondecreasing and, being
bounded above by 1, converges to a limit 1 — h(s). We have

> 1.

100 ®) 1= a9
1= halg(s)) = —— g:(o) 1- gn;(O)'

Since g,(0) /" P(T < o0) = 1, we deduce that

1= gni1(0) _ g(1) — g(g.(0)) —g'(1) =m.

1 _gn<0) g(l) _gn(())
Hence (1 — h)og = m(1l — h) on [0,1] and therefore on [0, 1]. It remains to
show that h is the generating function of a probability distribution p on IN*,
and that (i), converges weakly to p. Since (hy),, converges pointwise
on [0,1] to h, a standard argument shows that w,(z) converges to a limit
wu(z) € 0,1] for every z € IN*, whose generating function equals h on [0, 1].
The fact that the subprobability pu is a probability measure follows from the
functional equation satisfied by h by taking the limit at 1. O

The critical case

If m = 1, then P(T < o0) = 1 and Z,, = Zyar — Zr = 0 almost surely
(Theorem 3.7), while E(Z,,) = 1 and Var(Z,,) — oo if 02 < oo (Theorem 3.3).
The tree’s “width” sup,, Zy, is not integrable, since dominated convergence
would otherwise imply 1 = lim,, o, E(Z,) = E(lim,— o Z,) = 0, a contra-
diction. Critical trees are therefore often very wide, but their depth is almost
surely finite: a passing bout of grandeur inevitably overtaken by insufficient
fertility. A critical case indeed! Moreover, if m = 1 then (Z,),,5o = (Ya), >0
recovering Yo, = 0 almost surely.

Theorem 3.12 (The critical case). If m =1 and 0% < oo, then

1. lim, 0 nP(Z,, > 0) = 2072
2. limy, 00 2E(Zy | Zy, > 0) = 1072
3. Loi(n™'Z, | Z, > 0) converges as n — oo to the distribution Exp(20~2).

Item 2 does not follow directly from item 3, because convergence in distri-
bution does not imply convergence of moments, particularly expectations. A
counterexample is (Zn)n>17 which converges almost surely to 0, hence in dis-
tribution to dg, while 1 = E(Z,,) does not converge to the mean of §y, which is
0. The theorem nevertheless asserts that the expectation of n=1Z,, converges
to the expectation 202 of the limiting distribution of n~!'Z,. Convergence
in Wasserstein distance of order p is equivalent to convergence in distribution
together with convergence of moments up to order p. Moment convergence
plays an important role in the proof of Wigner’s theorem in Chapter 21.
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Proof. We have

WP (Zn > 0) = n(l — gn(0)) = (1 (1(0) - 1) + 1)1.

n 1—g, n

Taylor’s formula with integral remainder at 1 to order 2 gives

g(s) =s+ 1(1 —5)20% + (1 — 5)%a(s)

2
with o bounded on [0, 1] and lim,_,; a(s) = 0. It follows that
1 R g(s) —s
I—g(s) 1—s (1-g(s)(1—-s)

%02 + a(s)

o2
1— %(1 —8)o? — (1 —s)a(s) 2 +5(s)

where 3 behaves like a.. Since (gx) k>1 converges uniformly to 1, we obtain

o L 1 1 e L g 1 1 o?
im — — = lim — - = —
nooen\1—gn(s) 1—s/) nocon f=\1-g(g(s)) 1-gr(s) 2

uniformly for every s € [0, 1[. Similarly, since Z,1{z, >0} = Zn,

E(n'Z,|Z, >0) = - = —.
(n"Zn] )= P Z, >0 al—gn0) 2
In the same way, for every t € R, writing s,, = e~t/" gives
E(s/"1(z,>0y)
E(e'w % | Z, > 0) = —n 1220}
(e )=z, >0
_ gn(sn) - gn<0) =1— 1- gn(sn)
1- gn(o) 1- gn(o)

which can also be written as

baa —1gn<o>> (rlz<1 fgln<sn> "1 1sn> Tl - ))

Thus
2 2 1 -1
]E —t%Zn, Z’I’L>O _>1_1 0-7 _
(e | ) 5\ 5 Ty
_ 1
1+ 2t
2 [ .
== e e da.
9% Jo
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The supercritical case

If m > 1, then 0 < P(T < 00) < 1 (Theorem 3.7), with Z,, — 0 on the event
{T < >} and Z,, — o0 on {T = oo} (Theorem 3.6). Moreover, E(Z,) =
m"™ — oo and Var(Z,,) — oo if 0% < oo (Theorem 3.3). Finally, if m > 1, then
on {T < oo} we have Z,, — 0, while on {Y, > 0} we have Z,, ~, oo m"Ys.
We also have {T' < oo} C {Yo = 0} almost surely, and the following elegant
theorem states that this almost sure inclusion is an almost sure equality.

Theorem 3.13 (Explosion in the supercritical case). If E(Yy,) = 1, then
{Yoo =0} = {T < oo} almost surely, and hence almost surely

e cither Yoo =0 and lim,, , Z, = 0;
o orYy >0 and Z, ~n_oo M"Yy S +00.

Proof. Since E(Y,) =1 and Y, > 0, we have P(Y,, > 0) > 0. On {Y,, > 0},
we have Z,, ~p_00 m"Yo — 00, recovering P(T' < oo) < 1. To show that the
almost sure inclusion {Y,, > 0} C {T = oo} is an almost sure equality, we
prove that
P(Yo =0)=P(T < ).
Indeed, for every z € IN*, by the Markov and branching properties,
P(Yoo =0|Z1=2)=P(lim V,, =0|2Z, = 2)
n—oo
=P(lim Y, =0)* = P(Ya = 0)7,
n—oo

and since Z; ~ P, we have P(Yo, = 0) = g(P(Yo = 0)), so P(Y = 0) is
a fixed point of g. Since P(Yo, = 0) < 1, Theorem 3.7 gives P(Y,, = 0) =
P(T < o), completing the proof. O

Fatou’s lemma gives E(Y,,) < liminf,_, o E(Y,,) = 1, ensuring that Y, is
integrable, but the convergence of (Yn)n>o to Yo need not hold in L. Finally,
Scheffé’s lemma says that convergence holds in L! if and only if E(Yy,) = 1.

Theorem 3.14 (Distribution of Y, in the supercritical case). If m > 1 and
0% < oo, then the martingale (Yn)n>0 converges almost surely and in L? to
a random variable Yoo > 0 with mean B(Ys,) = 1 and variance Var(Ys) =
02 /(m? —m). Moreover, the Laplace transform t € Ry +— Lo (t) = E(e™ 1Y)
of Yo is characterized by the following properties:

LI (0)=-1 et Ly(mt)=g(Loo(t)) pour toutte Ry.
Proof. The martingale (Y;,),,- is bounded in L? since

Zn EZ,,Q 2 2
:Var( )+ E(Z,) __ 9 o 41

2 —
B(Y) m2n m2—m  m"(m?—m)

(Theorem 3.3), which converges because m > 1. Thus (Y},),5, converges
almost surely and in L? to a real random variable Y, whose first two moments
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are the limits of those of Y,,. One can also argue directly without a martingale
theorem, because the convergence L? is sufficiently fast here. Indeed, Theorem
3.3 gives, for every n,k > 0,

9 o2 1-—m7F
E((Yn-i-k Yn) ) T mZ —m
Since m > 1, this shows that (Yn)n>o is a Cauchy sequence in L%. Since
L? is complete, it converges to a real random variable Y, € L2. The se-
ries Y7 (E((Y;, — Yx)?) also converges by the geometric bound in m™"
on E((Ye — Y)?) obtained by taking & — oo. By monotone convergence,
E( (Y, — Ye)?) < o0, so (Yn),>o converges almost surely to Yo.. The
first two moments of Y, are easily obtained.

We have L (0) = —E(Ys) = —1. Moreover, the Laplace transform ¢ €
Ry — Ly, (t) = E(e= ) of Y,, satisfies, for every n > 0,

t

Lut1(mt) = goi1(e” 707 ) = g(ga(e™ 7)) = g(Ln(t)),

hence limy,_, oo Loo(Mt) = g(Loo(t)), since Lo, = lim, o Ly, and g is contin-
uous. O

3.3 Tree size in the critical and subcritical regimes

Theorem 3.3 gives the mean total population at time n:

1— mn+1
A similar formula can be obtained for the variance (exercise!). In this section,
we consider the critical or subcritical regime m < 1. We know that the pop-
ulation becomes extinct almost surely, so the total population (or tree size)
is
N=lim Zo+---+Z, (=Zo+-+Zp_1),

n—oo

hence, by monotone convergence,

1
E(N)=<¢1-m
00 sim=1.

sim <1,

Since Z, > 1ifn < T, wehave T < Zy+---+Z7_1 = N, giving the inequality
E(T) < E(N) = 1/(m — 1). In the critical case, the total population N is
almost surely finite but not integrable.

We characterize the distribution of N in terms of the offspring distribution
P. First, the branching property applies: since the root individual gives rise
to Xy, i.i.d. Galton-Watson trees, the distribution of N satisfies
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) X11
N9y ST N®
=1

where (N(i))i>1 are i.i.d. random variables with the same distribution as N.
This distributional identity recovers the formula E(N) = (1 —m) ' 1,,.1 +
ool ,,—1 and, more generally, gives the following lemma.

Lemma 3.15 (Generating function of N). If g and f are the respective gen-
erating functions of X11 and N, then the function f solves

f(s)=s(go f)(s) pourse]0,1].
Example 3.16 (Geometric offspring). If P = Geon(p) = >_,,5¢"pdy with
p = 1/2, then f(s) solves qf(s)? — f(s) +sp =0, and
1—+/1—4pgs
f(s) = BT

This generating function equation is not always easy to use. The distribu-
tion of N can also be expressed through convolutions of P.

pour s € [0,1].

Theorem 3.17 (Tree size distribution and random walks). We have

loi

N = T 1,

where Ty := inf{n > 1: S, = —1} is the hitting time of —1 for a random
walk (Sn), > on Z starting from So = 0 with increments (U;);, such that
1+ U; ~ P. Moreover, for everyn > 1,
P(n,n—1) P"({n—-1})

n N n '

The distribution of N can of course be computed directly without the
distributional identity. This beautiful identity nevertheless provides, in par-
ticular, tail bounds useful for studying the Erd6s—Rényi random graph; see
Theorem 16.14.

Proof. The idea is to associate a finite tree bijectively with a random walk
trajectory segment. Given a finite tree of size n, number its vertices starting
from the root (numbered 1) and from left to right within each generation. Let
X () be the number of children of individual 7, and U; = X —1 for 1 < < n,
and set
So=0 et S;41=854+U;11 pour0<i<<n—1.

Figure 3.2 gives an example. With the numbering convention fixed, the tree is
easily reconstructed from the trajectory of S. The sequence (.5;), <i<n has the
distribution of a random walk with increments (U;);-, starting from 0 and
stopped at the hitting time T_; of —1. Since the increments have nonpositive
mean m — 1 and downward jumps have size 1, this time is almost surely

finite. The bijection yields the distributional identity N o T_;. Finally, the
distribution of T_; follows from Lemma 3.18.
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Fig. 3.2. A tree and its associated random walk.

Lemma 3.18 (The rotation principle). Let (Sn),,, be a random walk starting
from 0 with i.i.d. integer-valued increments (Up),,~,, and

T :=inf{n>1:8,=-1}.

Then, for everyn > 1,
1
P(T_; =n)= EIP(SH =-1).

Proof of Lemma 3.18. Let n > 1 and Uy, ..., U, satisfy S,, = —1. For every
integer k, let o(k) denote the integer between 1 and n congruent to k£ modulo
n. For every [ = 1,...,n, define SO by

S =0 et S0 =80+ Uugerrrn,

Observe that, for every I = 1,...,n, S’g) =S, = —1, and the trajectories S(™
and S coincide. Figure 3.3 gives an example with n = 8. The trajectory S at-
tains its minimum at one or several times. Let Iy be the earliest (in Figure 3.3,
lop = 4). Then S(0) is the only trajectory among S, ..., S that remains
nonnegative until time n — 1. This proves the desired result. a

O

Example 3.19 (Poisson offspring). If P = Poi(\) with A < 1, then Uy ~
Poi(A) x 0_1 and, for everyn > 1,

(An)n—1

n!

P(N =n)=e

since Sy, ~ Poi(n) x 0_,,. Moreover, the generating series f of N solves the
unwieldy functional equation f(s) = se*f(5)=1),
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Fig. 3.3. One walk among n remains nonnegative before reaching —1 (here S (4)).

3.4 Immigration

The Galton-Watson process with immigration (Zn)n>0 starting from Zj is

Z

Zn+1 = InJrl + Z Xn+1,k
k=1

for every n > 0, where <X"’k)n21,k21 are i.i.d. with distribution P on IN, and
(In)n>1 are i.i.d. with distribution Py on IN; all these variables, together with
Zy, form an independent family. Suppose P and P, have respective means m
and m4.. Write 0% and o2 for their variances when they exist. Assume Zy = 1.
Let F,, be the sigma-algebra generated by Zj, (Xivj)lgign,]?l’ I,...,I,. For
every n = 0,

E(Zpi1 | Fn) = mZ, + my

from which a linear recurrence gives, for every n > 1,

m" —1

E(Z,) = (m”+ p——

m+> Lz + (1 +nmy ) Lp=.

For the variance,
E(Z2, 1 |Fn) = Zn(0® +m?) + Zn(Zn, — 1)m? + 2Z,mmy + 05 +m?
which gives
Var(Z,.1) = Var(Z,)m* + 0*E(Z,,) + ai.

If m > 1, the expectation of Z, is of order m™ and its variance of order
m?2". If m < 1, then

2 2
E(Z,) - —— et Var(Z,) — g M+ Tt

1—m 1—m?2’
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Note that Z,, = Z,, 0 + 22:1 Zn i, Where Z, o is the number of descendants
at time n of the individual present at time 0 (a process without immigra-
tion!), while Z, j with 1 < k < n is the number of descendants at time n of
individuals who immigrated at time k. All these variables are independent.
Observe that Z, ; has the distribution of a sum of I}, independent copies of
Zn—1,0- Although these observations can be used to study the case m < 1, for
simplicity we restrict attention to m > 1.

Theorem 3.20 (The supercritical case with immigration). If m > 1, then
(Ya)pso = (Zn/m"), 5o converges almost surely to a real random variable

Yoo = 0. If also 0 < o0 and o, < oo, then convergence holds in L? as well,
and*

E(Ya) =1+ +1

Proof. The sequence (Yy,),,- is a submartingale for (F,,), -, since
E(Y, | Fn1) = Yp1 +m "my > Y,_1.
We have E(Yp) =1 and E(Y,,) = E(Y,—1) + m~"my for n > 1, hence
EY,)=1+m 4+ +m ™")m,.

Since m > 1 and Y,, > 0, we obtain sup,, E(|Y,]) = sup,, E(Y,) < co. As a
submartingale bounded in L!, the sequence (Yn),,>( converges almost surely
to an integrable real random variable Y., > 0, and convergence holds in L' if
the sequence is uniformly integrable. Assume o < 0o and o, < 0o, and let us
show that convergence holds in L?. We have

E(Y,?) = m™2"E(Z%) = m~*"Var(Z,) + m~*"E(Z,)*.

n

Ifm>1, We know that the expectation of Z,, is of order m™ and its variance
of order m?™, hence ¢ := lim,,_,o, E(Y,?) < co. Finally, for every n,k > 1,

E((Vurk — Ya)?) = B(V24) + B(Y?) — 2B(Y11Y,)

E(Y;7 ) + B(Y,)) - 2E(E (n+k|fn)Yn)
E(Y7 ) = B(Y) = 2m™"F 4 m ™ my B(Yn)

=L{+ 0n—>oo( ) l— On—>oo(1) + 0n,—>oo(1)-

NI

N

3
+

Consequently, (Y, )n>0 is Cauchy in L? and thus converges in L2. Alter-
natively, one can dlrectly invoke the convergence theorem for martingales
bounded in L2 O

! One can also compute Var(Ys,) (exercise!).
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3.5 Further reading

Around 1875, Francis Galton and Henri William Watson wrote their article on
the evolution of the number of English aristocratic family names. They were
probably unaware of Irénée-Jules Bienaymé’s earlier work on the same topic.
The analysis of the Galton—Watson process can be greatly refined. The model
itself can be enriched and modified to incorporate different situations: distinct
sexes, individuals surviving across several generations, and so on. The study
of branching processes through generating functions apparently goes back to
Stanistaw Ulam at Los Alamos during the Manhattan Project, where branch-
ing processes modeled the number of neutrons in a nuclear chain reaction.
Many mathematical developments appear in the books by Theodore Harris
[Har02], Khrishna Athreya and Peter Ney [AN04], Jean-Francois Delmas and
Benjamin Jourdain [DJ06], and Patasy Haccou, Peter Jagers, and Vladimir
Vatoutin [HJVO07]. Branching processes have been extensively studied by the
French school of probability, notably Jacques Neveu, Jean-Francois Le Gall,
Jean Bertoin, and their mathematical descendants.

In Theorem 3.13 (explosion in the supercritical case), if E(Yy) # 1 then
E(Y,) < 1 by Fatou’s lemma. Moreover, Harry Kesten and Bernt P. Stigum
proved in [KS66] that either P(Yo = 0) = P(T < o0) or P(Yo, =0) = 1, and
the following properties are equivalent:

1. P(Yoo =0) = P(T < o0);

2. E(Ya) = 1;

3. (Yn),>, converges in L

4. (X1 1log(X1,1)) < oo, that is, z € N~ zlog(z) € L1 (P).

The process with immigration is studied in the collective volume [Rug01]
and in Athreya and Ney’s book [AN04]. Akiva Yaglom’s Theorem 3.11 is a
good starting point for the more general study of quasi-stationary distribu-
tions of population processes, presented in the survey by Sylvie Méléard and
Denis Villemonais [MV12].

Lemma 3.18 appears in an article by Aryeh Dvoretzky and Theodore
Motzkin [DM47]. The expression for the size of a Galton—-Watson tree was
established by Meyer Dwass [Dwa69] before the connection between the two
situations was made. See Jean-Francois Marckert’s habilitation thesis [Mar04]
and the survey on the ballot theorem by Luigi Addario-Berry and Bruce Reed
[ABRO8]. Beyond Theorem 3.17, combinatorics abounds in bijections between
collections of objects of different kinds.
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Permutations, partitions, and graphs

Keywords. Uniform distribution; simulation; permutation; partition; graph;
tree; Catalan numbers; Bell numbers. Tools. Symmetric group; random walk;

discrete distribution. Difficulty. *

This chapter presents algorithms for sampling uniformly from several re-
markable sets of permutations, partitions, and graphs. The concepts and tech-
niques extend beyond the settings considered here, which have the advantage
of being elementary.

4.1 A basic algorithm for discrete distributions

Consider the problem of sampling from a discrete distribution p =
> acr H(a)dq, where E is finite or countable. We can enumerate the elements
of E using a bijection ¢ : E — {1,2,...}. Let ai := ¢~ !(k). Partition the
real interval [0, 1] into blocks with respective Lebesgue measures p(aq), pu(az),
and so on, for example using the intervals

I = [0, plan)[, Ip = [u(ar), plar) + plaz)], -,

If U is uniformly distributed on the interval [0, 1], then P(U € I, ) = u(a)
for every a € E. The basic algorithm for sampling p is therefore as follows:
generate a realization u of U; if u < p(ay), choose aj; otherwise, if u <
u(ar) + p(az), choose as, and so on. If F' is the distribution function of the
distribution g o ¢! on {1,2,...} C R, with generalized inverse F'~!, then
(Yo F~1)(U) ~ p. This is a special case of inverse transform sampling. The
cost of this algorithm is the number N of tests performed. This number is
random, with distribution u o =1 In particular, P(N < oo) = 1, and the
average cost is
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aclE

which may well be infinite if 0@ ~! has no expectation (this can only happen
if £ is infinite)! If the enumeration ¢ minimizes the average cost IE(NN), then

plar) = plaz) = -

For the geometric distribution (with any mean) and the Poisson distribution
(with mean < 1), the natural enumeration has decreasing weights. Moreover,
if card(F) is small, a sorting algorithm can determine the order of decreasing
weights (at a cost).

Standard discrete distributions (binomial, geometric, Poisson, etc.) can
be sampled using dedicated algorithms that exploit their special properties.
In particular, one can sample a Poisson distribution with any mean A\ using
a generator for the Poisson distribution with mean 1. This simply requires
thinning!. More precisely, generate [A] i.i.d. random variables X1, ... s X AT
with distribution Poi(1); then, conditionally on their sum S = X +---+ X7,
generate S i.i.d. Bernoulli random variables with mean A\/[A], and use the fact
that By + -+ + Bgs ~ Poi()\) (a Poisson mixture of binomial distributions?).

Sampling uniformly from a finite set E can be very simple:
¢ Y([card(E)U]) has this distribution! However, this basic algorithm is
impractical when E is difficult to enumerate and hence ¢ is difficult to
access, or when card(E) is very large. We next study examples involving
permutations, partitions, and graphs, for which we present efficient, exact
algorithms.

4.2 Random permutations

Some situations require randomly permuting a finite list of objects: construct-
ing experimental designs, anonymization, and so forth. This leads to the prob-
lem of sampling the uniform distribution ), s card(S,)~'d, on the finite
set S, of permutations of {1,...,n} (the symmetric group). But card(S,) =
n! ~ v2mn(n/e)™ is a number with approximately nlog(n) digits, and this
combinatorial growth quickly rules out the basic algorithm for discrete distri-
butions. One can sample uniformly from S,, by ordering a symmetric random
sample: if Uy, ..., U, are i.i.d. random variables uniformly distributed on [0, 1]
and o is a random permutation such that U,y < -+ < Ug(y), then o is uni-
formly distributed on S,,. The complexity is that of the sorting algorithm
used?®.

A naive algorithm for sampling a uniform permutation o draws the val-
ues of o(1),...,0(n) uniformly without replacement from {1,...,n}. This

! Randomly retaining some of the generated points.
2 If X ~ Poi(\) and Loi(Y|X = n) = Bin(n, p) for every n, then Y ~ Poi(p)).
3 Of order nlog(n) with high probability and n? in the worst case for quicksort.
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seemingly attractive algorithm has higher complexity than sorting because

its implementation must keep track of previously drawn elements. A good

algorithm for sampling (exactly!) uniformly from &,, is known as the Fisher—

Yates—Knuth algorithm?. It requires n — 1 independent random variables

uniformly distributed on {1,2},...,{1,2,...,n}, respectively, or of order
vy log(k) = log(n!) ~ nlog(n) ii.d. bits.

Theorem 4.1 (Permutations and the Fisher—Yates—Knuth algorithm). If
Uy,...,U, are independent random wvariables, with U; uniformly distributed
on{1,...,i} for every 1 < i < n, then the permutation formed by the product
of random transpositions (1,Ur) -+ - (n,U,) is uniformly distributed on S,,.

Since inversion in &, is bijective and transpositions are their own inverses,
the reversed product (n, Uy,) - - - (1, Uy) is also uniformly distributed on S,,. The
transposition (1,U;) is trivial (the identity of S,,) and need not be included
if n > 2 (although it makes the formula valid for n = 1). The Fisher—Yates—
Knuth algorithm for permuting a vector v has the following pseudocode:

for k from length(v) downto 2 do
swap(v[ceil (k*rand)],v[k])

Proof of Theorem 4.1. We proceed by induction on n. The assertion is trivial
for n = 1. Assume it holds for n > 1. For every o € S,,, use the same notation
o for the element of S, 11 obtained from o by adding the cycle (n 4+ 1) (a
fixed point). Suppose o, = (1,U;) - - (n,U,) is uniformly distributed on S,,.
Let U,41 be independent of o,, and uniformly distributed on {1,...,n 4 1}.
We show that 0,41 = op(n + 1,U,41) is uniformly distributed on S,,41. For
every 0 € Spi1,

n+1
P(op1=0) =Y Plog=0(n+1,0)PUns1 = i)
i=1

1 n+1
= ZIP(U,LZU(n—Fl,i)).
n+1 p

Since n + 1 is a fixed point of o,, and is a fixed point of o(n + 1,4) for exactly
one value of 7, denoted by i,, the preimage of n+ 1 under o, we finally obtain
1 1 1 1

P n = 17.0 = - = .
n+1 (0 = o(n+1,i0)) n+1ln!  (n+1)!

Plopy1 =0) =
O

A permutation o € S, is called a derangement if it has no fixed points:
o(t) # i for every 1 < i < n. The fixed points of o are the cycles of length 1 in
its disjoint cycle decomposition. The uniform distribution on the set D,, C S,
of derangements can be sampled by rejection, because the cardinality ratio
card(D,,)/card(S,,) is large.

4 Also called the Fisher—Yates shuffle or Knuth shuffle.
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Theorem 4.2 (Uniform distribution on derangements). If o is a random
permutation uniformly distributed on S, then
card(Dy,) 1
=P(ceD,)=——= — —=0.37.
b (o n) card(S,) n—o e
If (Jk),@1 is a sequence of independent identically distributed random permu-
tations, each uniform on S,, and if

T:=inf{k >1:0, € Dy}

then the random permutation or is uniformly distributed on D,, and the
variable T has the geometric distribution with parameter p, and expectation
1/pn — em2.72.

e
n—oo

One sometimes writes In = card(D,,), and we have |(n+1) = (n+1)xIn+
(—1)"*1 analogous to (n + 1)! = (n + 1) x nl.

Performance can be improved by stopping the Fisher—Yates—Knuth algo-
rithm at each proposal step as soon as a fixed point appears.

Proof. If o is uniformly distributed on S,,, then {o € D, } = U™, A;, where
A; = {o(i) = i}. Thus, by inclusion-exclusion,

P(o € D) = 1-P(Urcicn i) = 1—-
p

n (_l)p-i-l Z ]P(Ailﬂ"'ﬂAip)-

1 1<i1 < <ip<n

For every 1 < p < n,

Z P(A;, M- NA;) = Z (”n!p)!_<n)(nn!p)!_1-

|
1<i1 < ip<n 1<i < <ip<n p p
hence P(c € D,,)) =1->" CVASNINGSS| O
n) = p=1"pI :

4.3 Random partitions

A matching® of 2n points is a partition of {1,...,2n} into n subsets of car-
dinality 2, each forming a pair of matched points. Write As, for the set of
matchings of 2n points. The set Asg, is in bijection with the set of involutive
derangements of {1,...,2n}, that is, elements of Sa,, without fixed points that
are their own inverses, or equivalently elements of S, obtained as products
of n transpositions with pairwise disjoint supports. Isserlis’ formula gives

1
card(Agy,) = (22:73" )

5 A partition into pairs.
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This is also the product of the odd numbers less than or equal to 2n — 1,
denoted by (2n — 1)!! (double factorial). The ratio card(Asg,)/card(Sz2,) is
small, which suggests seeking an alternative to rejection sampling. Here is an
algorithm for sampling uniformly from As,.

Theorem 4.3 (Uniform distribution on matchings). If o is uniformly dis-
tributed on Say, then the random matching {{oc(1),0(n+1)},...,{o(n),o(n+
n)}} is uniformly distributed on Asay,.

ONORO.
ONORORORONONENONORO.

Fig. 4.1. Matching of {1,...,6} obtained from an element of Sg (here n = 3).

Proof. For every matching {{a1,ant1},...,{an,anin}}, there are n! ways to
permute the n blocks and 2™ ways to permute their contents, hence

]P({{o(l),a(n—i— 1)}7 BREE) {o(n)7a(n—|— n)}} = {{alvan+1}> BRI {am an+n}})

2"
(2n)!

=2"nlP(c(1) = a1,...,0(2n) = ag,) =

which does not depend on the matching and is precisely 1/card(Asy,). O

The cycle decomposition of a uniformly random permutation of S, pro-
vides a random partition of {1,...,n}. Its distribution is not uniform on the
set of partitions IT,, of {1,...,n} (Remark 14.6). Let us consider sampling
uniformly from I7,,. This distribution assigns the same weight 1/B,, to every
element of IT,,, where B,, = card(I,). In combinatorics, the sequence (By,),,>,
consists of the Bell numbers. We have By = 1, By = 2, and more generally,
using the convention By = 1, the triangular recurrence

n
Bup1 =Y. (Z) By,

k=0

where k is the number of elements outside the block containing n + 1. It
follows that the formal power series G(X) = Y07 %X " satisfies G'(X) =
exp(X)G(X), yielding G(X) = exp(exp(X) — 1). We recognize the Laplace
transform of the Poi(1) distribution. The Bell numbers are therefore the mo-
ments of this distribution, giving Dobinski’s formula:

1 o= k™
anagﬁ.

This formula appears in an algorithm for sampling uniformly from I7,,.
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Theorem 4.4 (Stam’s algorithm). Let n > 1. Let K be a random integer
taking the value k with probability k™ /(kleB,,) for every k = 0. Given K, let
Cy,...,Cy be i.i.d. random variables uniformly distributed on {1,...,K}. Let
P be the random partition of {1,...,n} obtained by placing i,j in the same
block if and only if C; = C;. Then P is uniformly distributed on II,,.

Dobinski’s formula ensures that the distribution of K is well defined. It
is convenient to interpret Ci,...,C), as colors: the blocks of P then group
elements by color. The random integer K can be sampled using the basic
algorithm for discrete distributions.

Proof. If p € II,, has b blocks, then

P(P=p)=> P(P=p|K=kP(K =k)

i
o

k(k—1)--(k—b+1) k" 1

kn kleB, B,

M

Eol
Il
S

4.4 Random graphs

Throughout this section, set V' ={1,...,n}. A finite graph
G =(V,E)

is a pair with E C {{4,j} :4,j € V,i # j}. The elements of V are the vertices®
of the graph, while the elements of E are its edges’. There is at most one edge
between two distinct vertices (no multiple edges), and none from a vertex
to itself (no loops). Edges are undirected. We use the terminology for finite
graphs introduced in Chapter 16: paths, loops, and so forth. The adjacency
matrix A of G is the symmetric matrix n x n defined by Aj . = 1 xycp-

Theorem 4.5 (Uniform distribution on finite graphs). For every n > 1, the
uniform distribution on the set G, of finite graphs with vertices {1,...,n} is
obtained by making the () = n(n — 1) edges independent and identically
distributed with Bernoulli distribution Ber(1/2).

A uniformly random graph in G, is called an Erd6s—Rényi random graph
of size n and parameter p = %

Proof. The set G, is in bijection with the set of symmetric n X n matrices
with entries in {0,1} and zero diagonal, itself in bijection with the product

6 Also called sites, hence the notation V.
7 Also called links; hence the notation E.
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set {0,1}™(»=1/2 The uniform distribution on a product set is the product
of the uniform distributions on its factors, and the uniform distribution on
{0,1} is the Bernoulli distribution Ber(1/2). O

In a finite graph G = (V| E), the degree of a vertex ¢ € V is the number,
denoted by d;, of vertices connected directly to i by an edge:

di == card{j € V : {i,j} € E}.

We call G a d-regular graph, where d > 0 is a fixed integer, if d; = d for every
1 € V. The O-regular graphs consist of isolated vertices and have no edges.
The 1-regular graphs consist of mutually disconnected edges. Finite 2-regular
graphs consist of mutually disconnected cycles.

If G is a graph with vertices {1,...,n} such that d; > --- > d,, then the
following two properties hold:

1. the integer di + - - - + d,, is even;
2. for every 1 <k < n,

dy+ -+ dp <k(k—1) 4+ min(k,dgy1) + - - - + min(k, dy,).

The sum is even because each edge is counted twice. The quantity k(k —1) +
min(dg41,k) + -+ + min(d,,, k) is the maximal contribution to dy + - -+ + di
from edges incident to vertices 1 through k: there are at most (5) = k(k—1)/2
edges (counted twice) between vertices 1 through k, and at most min(k, dg+;)
edges between vertex ¢ > k and vertices 1 through k.

A theorem of Erdés—Gallai states that, for every dy > --- > d, > 0, a

graph with n > 1 vertices of degrees dy,...,d, exists if and only if the two
conditions above hold. We call di,...,d, the graph’s degree sequence®. For
a d-regular graph with vertices {1,...,n}, nd is even and d < n — 1 (with

equality for the complete graph).

Multigraphs are obtained by relaxing two constraints in the definition of
graphs: multiple edges between vertices and loops are allowed. Let d; > --- >
d, = 0 be integers satisfying the Erdés—Gallai conditions, and let Mg, . 4,

be the set of multigraphs with vertices {1,...,n} and prescribed degrees
diy...,d,. Let 0 € Ag, be a matching of 2n points. Construct an element
M, € My, ... 4, from o as follows:

e for every 1 < k < n, place d half-edges at vertex k, giving a total of
2(dy + - - - + d,) numbered half-edges;
e pair the 2n half-edges using the matching o.

Let Gq,.....a, C Mag,,...q, be the set of graphs in My, . 4,. The configuration
algorithm samples uniformly from Gg, ... 4, using the multigraph M, associ-
ated with a random matching o and rejection sampling.

8 The sequence of vertex degrees.
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Theorem 4.6 (Bollobds’ configuration algorithm). If (o%),, is a sequence of
random matchings uniformly distributed on As,,, and T is the smallest integer
k > 1 such that M,, € Gq,, . a4,, meaning that the multigraph My, has nei-
ther multiple edges nor loops, then T is almost surely finite and geometrically
distributed, and My, is uniformly distributed on Gq, .. 4, -

The random multigraph M, is called the configuration model with pre-
scribed degrees. Uniform random matchings can be generated using Theorem
4.3.

Proof sketch. First, P(M,, € Ga,.....a,) > 0 because the support of the distri-
bution of M, is Mg, ... 4,. The rejection algorithm stops at an almost surely
finite geometric time 7.

One can show that M — P(M,, = M) is constant on Gg, . 4,. Thus
the conditional distribution of M,, given {M,, € Gg, . 4,} is uniform on
Ga,.,...,d,- This conditional distribution is precisely the distribution of M,
(rejection sampling). O

Note that M,, is not uniformly distributed on Mg, ... 4, , because the map
M — P(M,, = M) is not constant on My, . 4,: two multigraphs differing
only in the number of multiple edges between two particular vertices do not
have the same probability, since those edges are indistinguishable and there-
fore interchangeable (the same applies to loops).

4.5 Random trees

A very common tree structure is that of a binary tree: each vertex has 0 or
2 children, that is, 1 or 3 neighbors when the tree is viewed as a graph. We
consider rooted trees: the number of vertices is therefore odd. We consider
plane trees: vertices in the same generation are numbered from left to right,
starting from the root, numbered 1 and drawn at the bottom, as in Figure
4.2. Write T, for the set of numbered trees of this type with 2n + 1 vertices.

Each element of 7, can be encoded by a simple random walk trajectory.
More precisely, given an element of 7,,, let (Y be the number of children of
vertex 4, and u; = ™ —1for1<i<2n+1. Set so=0and s;4+1 = s; +ujt1
for every 0 < i < 2n. Figure 4.2 gives an example of this correspondence.
Induction shows that ss,11 = —1 and min(sy,...,S2,) > 0 always hold.
Thanks to the numbering convention, the tree is easily reconstructed from the
trajectory segment (s;);;<o,- One can check that this construction defines
a bijection between 7T, and the set P,, of simple random walk trajectories of
length 2n on Z that equal 0 at times 0 and 2n and remain nonnegative between
these times. This is a special case of the bijection in the proof of Theorem
3.17. Since the bijection is explicit and computable, sampling uniformly from
T, reduces to sampling uniformly from P,, which can be done as follows.
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@ ©®

Fig. 4.2. An element of 72 and its associated random walk trajectory.

Theorem 4.7 (The Arnold-Sleep algorithm). Let s = (si)y<;<o, be the ran-
dom path taking values in P, whose distribution is given by sg = Sa, = 0 and,
for every 0 < k< 2n—1,

P(sg1— sk =—1]80,...,8;) =1 —P(sp+1 — sk = 1| s0,..., k)
se(2n+k+ sk +2)
22n — k)(sp + 1)

Then s is uniformly distributed on P,, and hence the associated binary tree
is uniformly distributed on T,.

Proof. Construct a path (s;),; <i<on uniformly distributed on P,, step by step.
Suppose sg, . - ., Son_ have already been constructed. The number of ways to
extend this initial trajectory into an element of P, depends only on k and
T = Sop_k; denote it by N(r, k). The number of extensions beginning with an
increment +1 is N(r+1, k—1), while the number beginning with an increment
—1lis N(r—1,k—1). Thus N(r,k) =N(r+1,k—1)+ N(r—1,k—1), and

N(r—-1,k-1 N
P(son—kt1 = S2n—k — 1|80, .., 82n—k) = (N(rk:)) ou 7 = Sopn—k-

The number N(r, k) also counts nonnegative random walk paths connecting
(0,7) and (k,0). Necessarily, k > r. Each such path has t > r increments —1
and k —t =t —r increments +1, hence 2t = k + r, so k + r is even. Using the
notation and results from the proof of the ballot theorem 2.6 gives

. Cr+1(k+1\ r+1(k
N(T,k)_P}c+17r+l_]H1(t+1 T ota1\t)

It follows that
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r(k+r+2)

P(s2,— = Son_k—1]S0y...,8mn_k) = ————> Ol = Sopn_k.
(S2n—k+1 = S2n—k | so Son—k) 2K+ 1) ol T = Sopn_k
Finally, the change of variable 2n — k — k gives the stated result. Note that
if r = k then P(s2,_g+1 = Son—k — 1]50, ..+, 82n—%) = 1. 0O

By Theorem 2.5, the cardinality of P,, and 7, is the Catalan number C,,_;.
The sets 7, and P, are also in bijection with the set of balanced parenthesis
expressions consisting of n pairs of parentheses. Simply encode the sequence
of random walk increments using parentheses. For example, the increment
sequence +1,+1,—1,—1 corresponding to the trajectory (51)0@‘@ in Figure
4.2 becomes the parenthesis expression (()). This interpretation appears in
the proof of Wigner’s theorem 21.9.

4.6 Further reading

Sometimes the structure of the set of interest provides no attractive algorithm
for uniform sampling, and rejection from a larger set is impractical. In that
case, one can often use Markovian algorithms such as Metropolis—Hastings or
Propp—Wilson, discussed in Chapter 5.

A probabilistic analysis of the complexity of randomized quicksort can be
found, for example, in the book by Rajeev Motwani and Prabhakar Raghavan
[MRY5]. Donald Knuth’s monumental work [Knu05] is an essential reference
for algorithm analysis and uniform sampling from classical sets such as per-
mutations and partitions. In the first edition, dating from the 1960s, Knuth
popularized the algorithm for uniformly sampling permutations, following an
earlier article by Richard Durstenfeld [Dur64]. The algorithm actually goes
back to Ronald Fisher and Frank Yates [FY48]. It is implemented as standard
in mathematical software. This algorithm corresponds exactly to the Chinese
restaurant process of Chapter 14, and the uniform distribution on §,, coincides
with the Ewens distribution with parameter 6 = 1.

For every fixed n > 1, the random walk on §,, with i.i.d. steps uniformly
distributed over the transpositions, studied by Persi Diaconis and Mehrdad
Shahshahani [DS81], converges abruptly to the uniform distribution on S,
after approximately nlog(n) steps, as does the card-shuffling walk of Chapter
2.If 0 €S, and 7 = (4,7) is a transposition, then the cycle decomposition of
o7 is obtained from that of ¢ by merging the cycles of o containing i and j
if they differ, or by splitting the cycle of ¢ containing ¢ and j otherwise. The
Diaconis—Shahshahani chain, viewed on II,, through the partition of cycle
supports, is a fragmentation-coalescence chain. Its transition kernel can be
described as follows: given that the chain is at P € II,,, draw ¢ and j uniformly
with replacement from {1,...,n}, then merge the blocks of P containing i
and j if they differ, or split uniformly the block of P containing ¢ and j
otherwise. This chain on II,, is considered in an article by Persi Diaconis, Eddy
Mayer-Wolf, Ofer Zeitouni, and Martin Zerner [DMWZZ04]. More generally,
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beyond random transpositions, Nathanaél Berestycki, Oded Schramm, and
Ofer Zeitouni proved in [BSZ11] that, for every n > k > 2, the random
walk on S, with i.i.d. uniform k-cycles as steps converges to the uniform
distribution on S,, after approximately (1/k)nlog(n) steps.

Aart Stam’s algorithm for sampling uniformly from partitions can be found
n [Sta83] and Knuth’s book [Knu05, Volume 4A]. Partitions of a finite set
should not be confused with integer partitions, which are related to Alfred
Young’s or Norman Ferrers’ diagrams. The theorem of Paul Erdos and Tibor
Gallai appears in [EG60] and has been reproved by several authors, including
Claude Berge [Ber76]. A short, constructive proof can be found in an article by
Amitabha Tripathi, Sushmita Venugopalan, and Douglas West [TVW10]. The
configuration algorithm goes back to Béla Bollobds [Bol80] and was refined
and extended notably by Brendan McKay and Nicholas Wormald [MW90]. It
is discussed in the lecture notes of Charles Bordenave [Borl4a] and Remco van
der Hofstad [vdH14]. Let M,, be the random multigraph of the configuration
model with vertices {1,...,n} and degree sequence dy 1,...,dn n, and let
P = (1/n) >0, 14, .=k} be the proportion of vertices of degree k. Suppose
there exists a distribution (py) k>1 such that lim,, o pnk = pi and such that
the first two moments converge:

u—nlg&gzdm— [ 35D SETTR

k=1 1=1

= nlilﬁo ; kpn.x = ; kpr < o0

and
l
y—nll)n;oz 2]1 Zk‘ — Dpr < o0,
Then one can show that the probability that M, is a graph tends to e~ 3V gV
as n — 0o. Thus the rejection sampling method of Theorem 4.6 for the con-
figuration model remains reasonable if n > 1.

Although a special case of graphs, trees form a very rich class of structures.
Surveys can be found in the books by Donald Knuth [Knu05, Volume 4A]
and Michael Drmota [Drm09]. The algorithm of David Arnold and Ronan
Sleep appears in [AS80], and in the survey by Jarmo Siltaneva and Erkki
Maékinen [SM02] on algorithms for sampling random binary trees. The uniform
distribution on the set of plane binary trees 7, can also be sampled by an
attractive recursive algorithm due to Jean-Luc Rémy [Ré85]: from an element
of T,,_1, construct an element of 7, by choosing a vertex uniformly at random.
If it is a leaf, give it two children, which will therefore be leaves; otherwise,
replace it with a new vertex whose children are a leaf and the original vertex.
Other random tree algorithms include David Wilson’s algorithm [Wil96] for
generating a uniformly random spanning tree, and Luc Devroye’s algorithm
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[Dev12] for sampling a Galton-Watson tree conditioned to have a fixed size.
The book by Russel Lyons and Yuval Peres [LP15] on probability on trees
and networks is also a valuable reference.
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Gibbs measures

Keywords. Gibbs measure; Metropolis—Hastings algorithm; Gibbs sampler;
simulated annealing algorithm; Propp—Wilson algorithm. Tools. Markov

chain; Laplace transform; Boltzmann entropy. Difficulty. *

This chapter concerns general algorithms for sampling probability mea-
sures using Markov chains. We work with discrete probability measures on
finite sets. Throughout the chapter, E denotes a finite set, typically of very
large cardinality, such as a symmetric group. The methods and concepts ex-
tend far beyond this restrictive setting, which has the advantage of requiring
few technical tools.

5.1 Gibbs measures

Let H : E — R be a function called the energy or Hamiltonian. For every
B € R, the Gibbs measure ug is the probability measure on E given, for every
x € E, by

U gue _
pa(x) = Z—ﬁe BH()  on Zg = Ze BH(y)
yerR

The normalizing constant Z3 is called the partition function. Allowing H to
take the value +o00, every probability measure p on E is a Gibbs measure with
B =1and H(z) = —log(u(x)) for every z € E, which gives! H(z) = +oc if
and only if u(x) = 0.

When 8 > 0, the probability pg(z) is larger when the energy H(x) is
smaller (relative to the other values of H). The probability measure p15 there-
fore favors configurations of low energy, increasingly so as § grows. When
B = 0, we obtain the uniform probability measure on F.

Here are some examples of Gibbs measures:

! With the natural conventions log(0) = —oo and exp(—o0) = 0.



66 5 Gibbs measures

e« The Ising model. In this model, E = {—1,1}", where @ # A C Z%. Each
x € F represents the magnetic configuration of the atoms in a piece of
metal. For every lattice site ¢ € A, the value z; € {—1,1} is the magnetic
orientation of the atom at site ¢, sometimes called its spin. The energy of
configuration x € F has the form

z)=J Z xixj—i-hZ:vi

li—jl,=1 i€A

where |7 — j|; := |i1 — ji| + - + |ia — ja|, J is a coupling constant, and h
models an external magnetic field;

e The FEwens distribution. Here F = S,, is the symmetric group, and the
energy H(o) = |o| of the permutation o € F is given by the number of
cycles |o| of o (Theorem 14.3, 3 = —log(h));

e Random graphs. Here E is the set of graphs with n vertices, and the energy
H(g) of a graph g € F is its number of edges g. This gives the Erdés—Rényi
random graph distribution (Theorem 16.14, 8 = —log(p) — log(1 — p)).
Other energies may be considered, such as the number of cycles in the
graph;

o The Gaussian free field. Here E = R* with @ # A C Z%, and the energy
H(z) of the “field” or “interface” z € E is given by

H(x) = Z (mi - xj)Qv

li—j|,=1

with i — j|; = |ix — ji| + -+ + |ia — ja| and, by convention, x; = 0 if

1 ¢ A. This is an example where F is infinite and continuous, studied in

particular in Chapter 2 in connection with the simple random walk on Z<;
e Directed polymers. See Chapter 19.

Gibbs measures have the remarkable property of maximizing Boltzmann
entropy at fixed mean energy. Recall that, if p is a probability measure on
E, its Boltzmann entropy, denoted by Ent(u), is defined, with the convention
0log(0) = 0, by

Ent(u Z w(z)log(p(x)).

z€E

Theorem 5.1 (Maximum entropy at fixed energy). Let H : E — R be
a function with minimum h_ and mazimum h,, and let m € [h_, hy], with
m & {h_,hy} ifho #hy. Let M = {p:E,(H)=m} be the set of probability
measures on E with mean energy m. Then there exists § € R such that g €
M, and Ent(p) < Ent(ug) for every pp € M, with equality if and only if

H= g
Proof. Consider the function

fiBER— B, (H)=> H@)psx) =Y H() *ﬁHU.

zeE el
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If h_ = h4, then H is constant and equal to m = h_ = h, ug is the uniform
measure on E for every 5 € R, and M is the set of all probability measures
on E.If h_ # h,, then f is strictly decreasing since?

f/(ﬁ) ZH 2 7,8H(:v < ZH ,8H(:1:>

1EE er
= —Var,,(H) <0,

because H is not constant and pg has full support. Moreover, in this case,
writing M = {z € E: H(z) = h_} gives, for every x € E,

e—B(H(@)—h-) . M|™" size M,
|M| + ZWM e BHY)—h-) 100

na(z) = ~
0 sinon,
Thus pg converges to the uniform measure on M as § — +oo, and conse-
quently the image of R under f is the interval |h_, h[.

If 1 is a probability measure on E with the same mean energy as jig, then

Ent(ps) — Ent(u) = ) (log(Zs) + SH(w )+ > p(z) log(u(x))

xeFE el

=Y (log(Zs) + BH(x))u(z) + > p(x)log(u(x))
el zeE

== (@) log(ps(z)) + > pl(x)log(u(z))

_ G

B rEZEM( Jlog (Mﬁ(ﬂ?))

)

= ()

-2 ()

w(x) _ _
(eE‘uﬂx >_¢(1)_0’

where we used Jensen’s inequality for the distribution p1g and the convex
function
x 20— &(x) := zlog(z).

Since @ is strictly convex, equality holds if and only if = pg. O

5.2 The Metropolis—Hastings algorithm

In this section, we consider sampling a Gibbs measure on a finite space F,
with energy H : E — R and parameter 8 > 0, defined for every x € E by

2 This calculation is typical of “exponential families” in statistics.



68 5 Gibbs measures

1
— o~ BH(2) N - —BH(z)
uﬁ(x)fzﬂe , ou ZﬁfZe .
reE
Even if 8 and H are known, evaluating the normalizing constant Zg numeri-
cally is often difficult or impossible because FE is too large or too complex to

enumerate. In contrast, the ratio

pe(*) _ sH()-pH@)
15 (y)

depends only on the energy difference H (y)—H (x), which is often even cheaper
to evaluate in practice than H(z) and H(y) separately. The Metropolis—
Hastings algorithm constructs and simulates a recurrent aperiodic Markov
chain (X¢),c on £ with invariant distribution g, whose transition matrix
involves pg only through the ratios pg(x)/pg(y). Since E is finite, Doeblin’s
condition or the Perron—Frobenius theorem gives exponential convergence of
the error3: there exist ¢ > 0 and 7 < 1 such that, for every t € N,

dvr (Loi(Xy), ug) < o'
This provides an approximate generator of pg: for ¢t > 1,
pg ~ Loi(Xy).

Theorem 5.2 constructs the transition kernel P of (Xy), -

Theorem 5.2 (Metropolis—Hastings). Let Q : ExE — [0, 1] be an irreducible
transition kernel on E satisfying, for every x,y € E,

Q(z,y) =0 ssi Q(y,z) =0.

Let a: Ry —10,1] be a function satisfying, for every u € Ry,

ot =ua(2),

Define P: E x E — R, for every x,y € E, by

_ ) Q(@,y)p(z, y) siz#y,
P(x’y){l—zzimP(x,z) six =y,
where

_ o #e®)Qly, )
e =o (20 et

Then P is an irreducible positive recurrent transition kernel on E with re-
versible invariant distribution pg; it is aperiodic if o < 1 or if Q is aperiodic.

3 These bounds are rarely useful in practice, except in certain special cases.
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The two most common choices of « are

a(u) =min(1,u) et alu)

= 1+ u, u e R+.
The first has an intuitive interpretation. The second ensures that o < 1.

If the measure pg is reversible for the kernel Q, as happens for instance
when pg is the uniform measure on E and Q(z,y) = Q(y, z) for every z,y €
FE, then the Metropolis—Hastings construction simply amounts to taking P =
(1 —e)Q + €I, where 0 < £ < 1 ensures aperiodicity.

Proof of Theorem 5.2. We have 0 < P(x,y) < Q(z,y) for every z,y in F
with x # y, so P is a transition kernel. Since a > 0, the kernel P inherits the
transition structure of Q, so it is irreducible and is aperiodic if Q is. If a < 1,
then P(x,z) > 0 for every € E, so P is aperiodic. Since P is irreducible
on the finite set F, it has a unique invariant distribution. The property of «

gives, for every x,y € E, x # y, Q(x,y) # 0,

Thus pg is reversible for P and hence is the invariant distribution of P. O

The Metropolis—Hastings algorithm simulates trajectories of the chain
(Xt);eny with kernel P. This reduces to sampling the discrete distribution
P(x,-) for an arbitrary x. To do so, let Y be a random variable on E with
distribution Q(z,-), and U a uniform random variable on [0, 1] independent
of Y. Define the random variable Z by Z =Y if U < p(z,Y) and Z = x
otherwise. Then Z ~ P(z,-), since for every y # z,

P(Z=y)=PU < p(z,Y),Y =y) = p(z,y)Q(z,y) = P(z,y).

In other words, the proposal Y with distribution Q(z, -) is accepted or rejected
according to whether U < p(z,Y) holds. Evaluating P(z,x) is unnecessary.
We call p the acceptance-rejection function, and Q the proposal or exploration
kernel. The kernel Q must be easy to sample. In practice, one often uses the
simple nearest-neighbor random walk kernel on the graph associated with a
natural distance on E:

1
Q(z,y) = ‘y;‘f oun V,:={ye€FE:dist(x,y) =1}.

If the graph is regular, that is, |[V;| = |V, | for every z,y € E, and if pg is the
uniform measure on F, then P = (1 —¢)Q + €I, where 0 < ¢ < 1, and we can
take ¢ = 0 if Q is aperiodic.
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Example 5.3 (The Gibbs sampler). Let F' C Z be a finite nonempty subset of
Z, such as F = {—=1,1}, as in the Ising model mentioned in the introduction.
Let A C Z¢ also be a finite nonempty subset of Z2, and finally let E = F4.
A natural exploration kernel Q on E starts from the current configuration
x € E, selects a site i € A at random*, then updates x; using the conditional
distribution

pp(wilo—i) ot x_i:=(;);

This conditional distribution is easy to compute and sample, for example in
the Ising model. This amounts to taking, for every x,y € F,

Q(Iay) = ZQ(i)Mz,i(yi)ﬂ{w,i:y,i}a ot Mz = Mﬁ(xi |17—1)
€A

where q is a distribution on A assigning positive mass to every state, such
as the uniform distribution on A. The Gibbs sampler is the name given to
the Metropolis—Hastings algorithm when the exploration kernel Q is defined
in this way.

5.3 The simulated annealing algorithm

The simulated annealing algorithm aims to minimize a function H : £ - R
on a finite set E. To this end, consider the Gibbs measure pg with energy H
and parameter 5 > 0, defined for every = € E by

1
z€E

It is convenient to interpret the parameter 1/5 as a temperature, or as a
variance by analogy with Gaussian distributions. The distribution pg favors
low-energy configurations, increasingly so as the temperature 1/ decreases.

In the proof of Theorem 5.1, we established the following convergence®:

1,
too(T) = Bli_)ngouﬂ(a:) = |]\ZTI on M := {y e E:H(y) = i%fH}.

The distribution g is uniform on the set M of global minima of H. Do not
confuse p, with the distribution pg, which is uniform on E. This suggests a
stochastic algorithm for sampling 1o, called simulated annealing®, which uses
Metropolis—Hastings with a temperature 1/8 = 1/3; decreasing over time t.
The resulting Metropolis-Hastings Markov chain (X;),. is no longer time-
homogeneous. Consider, for example, the case a(u) = min(1,u) for every u €

4 Sometimes a systematic sweep through the sites is preferred.
5 A very simple instance of the Laplace principle.
6 Named after the annealing process in metallurgy.
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R, with Q satisfying Q(z,y) = Q(y,x) for every x,y € E. The acceptance-
rejection function depends on time and is given by

ooz, y) = a(zﬂt Eii) — P HI—HED) _ o= masOH ) H @),
Bt

Given that the chain (or algorithm) is in state x at time ¢, generate a proposal
y with distribution Q(z,-), and accept it if and only if U < pi(z,y), where
U is an independent uniform random variable on [0, 1]. Thus the acceptance
probability is 1 if H(y) < H(z) and e~ P*(H®—H(@) otherwise (equal to 0 if
1/B; = 0). The algorithm explores the graph of H, always accepts a transition
that lowers the energy H, and accepts an energy-increasing transition with a
probability tending to zero as the temperature decreases. Unlike gradient de-
scent, simulated annealing can move “uphill” and thereby escape local minima
at the beginning. The temperature still needs to be chosen: excessively rapid
cooling may trap the trajectory near a local minimum, whereas excessively
slow cooling may prevent concentration near M. A theoretical result ensures
that, with a cooling schedule 1/8; of the form c¢/log(t) as t — oo, the chain
accumulates on points of M. This remarkable theorem is nevertheless of little
practical use! The algorithm’s performance depends strongly on the regularity
of the graph of H relative to the exploration neighborhood structure.

Now consider the traveling salesman problem for n cities at positions
v1,...,U, in space: find a tour of minimal length, that is, a permutation
x € S, in the symmetric group §,, minimizing

x €S8, H(x) = Zdist(vm(i),vw(iﬂ)) ou z(n+1):==z(1).

i=1

Here the tour length plays the role of energy. The cardinality of £ = S, is
enormous: n!. With a fixed total computational budget, we can only explore
a restricted subset F' C F and use the minimum of H over F' to approximate
the minimum of H over E. Such a subset F' C E can be generated determin-
istically”, or stochastically, for example by simulated annealing. One possible
exploration kernel Q is that of the simple random walk on S,, associated with
transpositions, given by

si y = &7 pour une transposition 7,

2
Q(z,y) = {"(”1)

0 sinon.

Since transpositions generate the symmetric group S,,, the transition kernel Q
is irreducible. A richer exploration kernel can of course be used, for example
exchanging k£ randomly chosen cities.

7 The deterministic Steinhaus-Johnson-Trotter algorithm lists the elements of S,,
without comparing them to previously generated elements. Algebraically, it tra-
verses a Cayley graph of S,; geometrically, it traverses adjacent vertices of the
polytope called the permutohedron.
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Chapter 20 studies the order of magnitude of H(z) when the positions

V1, ..., 0, of the n cities are i.i.d. random variables and n is large.
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Fig. 5.1. Steps of simulated annealing for the traveling salesman problem (n = 10).

5.4 The Propp—Wilson algorithm

Metropolis—Hastings provides approximate sampling of a Gibbs measure pg
on a finite set E through a Markov chain with kernel P admitting ps as a
reversible invariant distribution (Theorem 5.2). We now present an algorithm
for exact sampling of pg.

Let P be an irreducible Markov kernel on F with invariant probability
measure pg. View Markov chains as random recurrence sequences. Thus let
g: E x[0,1] — E be a function such that g(z,U) ~ P(x,-) for every x € E,
where U is uniformly distributed on [0, 1]. Write G : E — FE for the random
function defined by G(x) = g(x,U). Let (Gyn),s, be an iid. sequence of
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random functions from F to E with the distribution of G, constructed like G
using a sequence (Uy),,5, of i.i.d. random variables uniformly distributed on
[0,1]. For every n, construct the random maps A,,: ¥ — F and B, : E — F
by composition as follows:

A,=Gpo0---0G; et B,=Gio0---0G,.

By convention, Ay and By are the identity map on E. For every x € E and
every n, the random variables A, (z) and By, (z) have distribution P"(z, -). The
sequences (A, (2)),,>, and (B, (2)),>, have the same 1-dimensional marginal
distributions, but different laws as sequences. The sequence (A, (z)),,, s a
Markov chain on E with kernel P and initial distribution J,. In contrast,
(Bn(7)),50 is not a Markov chain, because time is “reversed.” Define the
contraction times Ty and Tp with values in INU {oco} by

Ty =inf{n 2 0:card(A,(E)) =1} ou A,(FE)={A,(z):z€ E}
and similarly,

Tp =inf{n > 0:card(B,(FE)) =1} ou Bu(E)={B,(z):x € E}.
We call G contracting if p = P(card(G(E)) = 1) > 0.
Theorem 5.4 (Convergence at coalescence for the reversed sequence). If G
is contracting, then P(Tp < oo0) = 1; for every x € E, Bry(x) ~ ug, and
B, (z) = Bry(x) for everyn > Tg.

Note that (A,(z)),,s, converges in distribution to y, whereas (By(z)),,5
converges almost surely to a random variable with distribution pu.

Proof. The events C,, = {card(G,(F)) = 1} are independent and have the
same probability p = P(card(G(E)) = 1) > 0. By the Borel-Cantelli lemma,
almost surely, card(G,,(E)) = 1 for infinitely many values of n, and in partic-
ular P(Tp < o0) = 1. The random time Tp almost surely defines a random
singleton {zp} such that Bp,(x) = zp for every z € E. It follows that
B, (z) = zp for every x € E and every n > Tg, since

Bu(@) = B (Grys1 0 -0 Gy)(a)) = 5.

The trajectories of (B, ()),>, coalesce regardless of the initial state z. Let
g be the distribution of xp. By dominated convergence, for every z € E and
every bounded function f: E — R,

lim E(f(By(x)) = lim B(f(Ba()) iz, <)) = E(/(x5)) = p /.

But E(f(Bn(2))) = P™(z,-)f = 3,ep P"(x,y)f(y), hence, for every a,y €
Ea

lim P"(z,y) = pp(y).

n—oo

Thus up = pg, completing the proof. O
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If G is contracting, then P(T4 < oo) = 1 also holds, and T4 almost
surely defines a random singleton {x 4} satisfying Ar,(x) = x4 for every
x € E. However, nothing ensures that A, (z) = x4 for n > T4 and ev-
ery x € I, or that x4 has distribution ug. For every z,y € E, the se-
quence ((An(2), 4n(y))), >0 is a coalescent coupling: both components are
chains with the same kernel and stay together after their first meeting. We
call ((Bn(2), Bn(y))),o coupling from the past®.

When G is not contracting, one can use the kernel P”, r > 1, which also
has pg as its invariant distribution. In practice, determining the coupling
(or coalescence) time from the past T is inconvenient because it involves
all possible initial states. This time can nevertheless be controlled when the
kernel P has a monotonicity property relative to an order on the state space
FE, by reducing to a minimal and a maximal state, as the detailed example in
Section 5.5 shows.

5.5 Modeling a chemical compound

In this section, we implement a Metropolis—Hastings algorithm and an ex-
act sampling algorithm for a Gibbs measure modeling the distribution of two
strongly repelling chemical compounds, called types +1 and —1. The system
is assumed to be open, so the number of particles of each compound is uncon-
strained. For simplicity, the compounds occupy a flat surface identified with
a discrete square A = {1,...,L}? C Z?. Each site i € A is either empty or
occupied by a compound of type +1 or —1. Repulsion between different types
is modeled by prohibiting compounds of different types from being neighbors,
that is, at distance 1 on the grid. The configuration space is therefore

E={ze{-1,0,+1}*:Vi,j € A i —j|, =1 = az2; # —1}.
Consider the energy
x€Ew— H(z)=card{i € A: |z;| =1}

which counts the number of compounds present, and the associated Gibbs
measure

1
,u/g:Z—e_ﬁH(a”), reE, peR, Z/g:Ze_ﬁH(m).

B zEFR

The smaller (respectively larger) the real number 3, the more the distribution
wp favors dense (respectively sparse) configurations.

Remark 5.5 (Rejection sampling). Here is a first method for sampling pp
exactly. Independently assign to each site of A a value —1, 0, or +1 with
respective probabilities

8 A coalescent coupling constructed by running the dynamics from past times.
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e P 1 y e P
et —mm—.
142 8" 1428’ 1+ 2e 8

Accept the resulting configuration if it belongs to E; otherwise, repeat the
procedure. This simple method is impractical because E is a tiny subset of
{~1,0,+1}".
Let us now construct a Metropolis—Hastings algorithm. For every u €
[—1,1],% € A, let
Riw: B — {=1,0,+1}4

be the function defined, for every z € E and j € A, by

xj  sijF#

—1 sij=ietu<—1/(1+2eP);

0 sij=iet—1/(1+2e7) <u<1/(1+27);
+1 sij=ietu>1/(142e5).

(hiu(2)); =

Finally, set
mﬂ@:{mww i hiu() € B,

T sinon.

Let (Un)n>1 and (Vn)n>1 be independent sequences of i.i.d. random variables
uniformly distributed on [—~1,1] and A, respectively, and let G, := gv, ., v, -
Define the random recurrence sequence (Xy), -, by

Xn+1 = Gn(Xn)

Theorem 5.6. The sequence (X,), o s an irreducible, recurrent, aperiodic
Markov chain on E with reversible invariant distribution pig.

Proof. The sequence (Xy), o is a Markov chain written as a random recur-
rence sequence on the finite set E. Every configuration can reach the zero
configuration (no compound present), and conversely. The chain is therefore
irreducible and recurrent. Let P be the transition kernel of (Xy), - If 2 and
y belong to E, then P(x,y) is strictly positive if  and y agree at all but
one site. Reversibility is checked case by case. For example, suppose = and y
belong to E and, for ig € A,

i, =+1, v, =0 et z;=1y,; pour ¢ # ip.
Then H(z) = H(y) + 1, and hence

o @P @) = o)™ Frr gy
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This random recurrence sequence also yields a perfect sampling algorithm.
In Propp—Wilson, must we really follow all trajectories indexed by the points of
FE as initial conditions? The following fundamental property greatly simplifies
the problem: two suffice!

Lemma 5.7 (Monotonicity). For every u € [—1,1] and i € A, the function
x € E— g, () is increasing for the partial order on E defined by

r<y sst x; <y; pour tout i € A.

Moreover, the configuration denoted by —1 (respectively +1), consisting en-
tirely of —1 (respectively +1), is a least (respectively greatest) element for this
partial order.

Monotonicity now gives the bounds
Gn(—1) < Gp(x) < G (+1),

showing that coalescence from arbitrary x occurs before coalescence from =+1.
In practice, it therefore suffices to iterate the algorithm until the trajectories
starting from 41 coalesce.

Finally, the kernel P is not contracting in the sense of Theorem 5.4, but
pL is, since for every z € F, pL (z,-) assigns positive mass to the zero
configuration.

5.6 Further reading

For an introduction to statistical physics, a major meeting point of physics and
mathematics, and in particular explicit examples involving the Ising model, see
Rodney Baxter’s book [Bax82]. Models inspired by Ising are used in imaging
to describe spatial noise.

The material on Metropolis—Hastings, simulated annealing, and Propp—
Wilson is inspired by an earlier book [BC07, Chapter 4] and Thierry Bod-
ineau’s course at Ecole Polytechnique [Bod14]. Metropolis-Hastings was in-
troduced by Nicholas Metropolis, Arianna Rosenbluth, Marshall Rosenbluth,
Augusta Teller, and Edward Teller  MRR 53], then generalized by Keith Hast-
ings [Has70]. It is now one of the MCMC (Markov chain Monte Carlo) meth-
ods, which use Markov chains to approximate expectations by Monte Carlo.
MCMC methods are central to quantitative implementations of Bayesian
statistics, discussed for instance in the book by Christian Robert and George
Casella [RC04]. Particle versions can improve practical performance, particu-
larly when the distribution g is multimodal.

In metallurgy, annealing reheats a metal to escape local energy minima and
obtain a low-energy metallic structure with greater strength. This inspired
simulated annealing and explains its name. Simulated annealing converges
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theoretically in infinite time under a temperature schedule decreasing in log-
arithmic stages, but this asymptotic result has little practical relevance. An
analysis appears, for example, in Etienne Pardoux’s book [Par07] and Olivier
Catoni’s survey [Cat99]. Improved versions, such as the Wang—Landau algo-
rithm introduced by Fugao Wang and David Landau [WLO01], are an active
research topic. Metropolis—Hastings, simulated annealing, and Wang—Landau
all have versions in continuous time and space. Propp—Wilson, proposed by
James Propp and David Wilson [PW96, PW98], is presented in the book
by David Levin, Yuval Peres, and Elizabeth Wilmer [LPWO09] and in Olle
Héggstrom’s [Hag02]. The example in Section 5.5 is inspired by a text by
Christophe Sabot. Other algorithms for exact sampling from the invariant
distribution have been developed, such as James Fill’s [Fil98].
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Internal diffusion limited aggregation

Keywords. Growth model; random sets. Tools. Markov chain; martingale;

coupling; concentration inequality. Difficulty. *

A barrel of radioactive waste is secretly buried. After a few years it be-
comes porous and starts leaking. To prevent excessive contamination, particle
traps have been placed around it. Each captures the first particle that passes
through it but then becomes inert (any new particle passes through unhin-
dered). The medium is isotropic: a radioactive particle moves in the same
way in every direction as long as it encounters traps that have already been
activated, and is captured by the first free trap it encounters. We wish to
determine the typical shape of the regions contaminated by the leak. To this
end, we introduce a random growth model, called internal diffusion limited
aggregation, and study in particular its asymptotic properties.

6.1 A diffusion aggregation model

To model the evolution of the polluted region, we introduce the following
growth model. We identify space with Z?, where d is 1, 2, or 3, depending on
the number of dimensions considered. Two elements = and y of Z? are called
neighbors, written x ~ y, if

|z —yly = |z1 —y1| + - +]za —yal = 1.

We place the barrel at the origin 0 € Z? and a trap at every lattice point.
Write A(0) for the singleton {0}. The first activated trap will be one of the 2d
sites neighboring the origin. We model the trajectory of a radioactive particle
leaving the barrel by a simple symmetric random walk on Z? starting at 0
and stopped when it leaves A(0). Write A(1) for the random set consisting
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of 0 and the point reached by the particle on exit. For every neighbor z of
0, A(1) equals {0,2} with probability 1/2d. We then iterate this procedure.
Given a set A(n) C Z?, consider a symmetric random walk (Sy,) k>0 Starting
at 0 and stopped when it exits A(n). Define A(n + 1) as the union of A(n)
and the exit point of the walk S. This model is known as internal diffusion
limited aggregation’.

This produces a sequence (A(n)),,, of random sets. The following result
collects some immediate properties of this sequence.

Theorem 6.1 (Immediate properties). The sequence (A(n)),, is increasing
with respect to inclusion. The cardinality of A(n) is exactly n+ 1. For every
n € N, if © and y are two elements of A(n), then there exist xo,...,Tm
elements of A(n) such that g = x, xpym =y, and x; ~ x;41 fori=0,...,m—1.
We may say that the set A(n) is path connected in Z.2.

We now wish to study the asymptotic behavior of the sequence (A(n)),,~-
We examine dimension 1 in detail. The much more delicate study in higher
dimensions is discussed in Sections 6.6 and 6.7.

6.2 The one-dimensional model

Assume that propagation takes place along a horizontal axis. We thus con-
sider the case d = 1. The initial set Ay is the singleton {0}; then A,
equals {0,1} with probability 1/2 and {—1,0} with probability 1/2, and
so on. Write G,, = min 4,, and D,, = max A,,. The set A,, has the form
A, ={G,,Gn, +1,...,D, —1,D,}. Since the cardinality of A, is n + 1, we
have D,, — G,, = n. Thus A, is characterized by X,, = D, + G,, and, in

particular,
Xn+n Xn—n
fr t Gn = .
2 2

The increments (X, 11 — Xn)n>0 can only take the values —1 or 1. More
precisely, X, 11 = X,, —1 if the walk starting at 0 reaches G,, —1 before D,, 41,
and X,,+1 = X,, + 1 if the walk starting at 0 reaches D,, + 1 before G,, — 1.
The symmetry of the underlying random walk ensures that the distribution
of X, is symmetric for every n > 0. In particular, for every n > 0, we have
0=E(X,) =E(D,)+ E(G,) and hence E(D,,) = n/2 and E(G,,) = —n/2.

Dy,

Theorem 6.2 (Markovian evolution). The sequence (Xy),,q s an inhomo-
geneous Markov chain on Z. starting at 0, with transitions described by the
following relations: for —n < i < n,

n+2+1

]P(Xnﬂ:i*l\Xn:i):m

and

1 Abbreviated IDLA.
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n+2—1

Proof. For every n > 1,

{ani}z{Dnzzzn, Gn:“"}.

The probability P(X,+1 = i—1| X,, = 1) therefore equals the probability that
the simple random walk (Sy,),-, starting at 0 reaches (i —n)/2 — 1 before
(¢+n)/241. By Theorem 2.2 (gambler’s ruin), if a < 0 and b > 0 are distinct
integers, and if T; := inf {n > 0, S,, =i} for i € {a,b} and T := T, AT}, then
T is integrable and

P(T:Ta):l—]P(T:Tb):bL et B(T) = —ab.

O

Remark 6.3 (Balancing). When X, is strictly positive, X, +1 — X, is more
likely to equal -1 than +1. This tendency is reversed when X, is strictly neg-
ative. We therefore expect the process to have a stronger tendency to return to
0 than a simple symmetric random walk (whose increment is plus or minus 1
with probability 1/2).

6.3 Almost sure convergence

We establish here the first long-time convergence result for the process
(Xn)n>0 in the one-dimensional model. The proof makes the intuition of Re-
mark 6.3 rigorous by comparing the absolute value of (Xn)n>0 with that of a
simple random walk through coupling.

Theorem 6.4 (Almost sure convergence). The process (| Xn|),,>q s an inho-
mogeneous Markov chain and

Xo| ps. C Gn ops 1 Dy ps. 1
[Xnl ps 0 oy Gnops 1 Dnops 1
n n—oo n n—ooo 2 n n—oo 2

Proof. Considering the possible values of X,,, we see that | X, 11| = 1if | X,,| =
0, and that if |X,,| > 0 then

1 |X,

|X,| —1 avec probabilité = + Q,

| Xnt1]| = % 2(|ngr|2)
Xn|+1 babilité = — — "

|Xn|+1 avec probabilité 2 At D)

Thus (|Xn|),> is an inhomogeneous Markov chain (a random recurrence
sequence). To prove that |X,,|/n — 0 almost surely, we use coupling. More
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precisely, we construct two processes (Yn)n>0 and (Zn)n>0 as follows: Yy =
Zy =0 and, for n > 0,

Vo Yo + 20y, i <(nt2-va)/2(ne2)y — 1 i Y, >0,
n+1l — .
1 siY, =0,

and
7 N Zn + 2]1{Un+1<1/2} —1 si Zn > O,
n+1l — .
1 si Z, =0,

where (Uy),~; is a sequence of ii.d. real random variables uniformly dis-
tributed on [0,1]. The process (Yy),, has the distribution of (|X,l),,.
whereas the process ( Zn)n20 has the same distribution as the absolute value of
a simple random walk. This coupling satisfies, almost surely, for every n € IN,
0 <Y, < Z, Indeed, if 0 < Y, < Z, then Y, 11 < Z,41 by construction.
Moreover, if 0 = Y,, < Z,,, then Z,, may be zero, in which case Y, 11 < Z,41
or Z, > 2, since Z, and Y, have the same parity. Finally, Z,,/n — 0 a.s. by
the strong law of large numbers. O

Remark 6.5 (Expectation). Theorem 6.2 gives, with a,+1 = Z—i;,

E( X1l [[Xn]) = Tjx,1=0 + ant1[Xn[L|x, 20
hence, observing that | X, |1 x, |0 = [ Xnl,

E(|Xn41]) = P(X5 = 0) + an1 E(| Xal).

6.4 Convergence in distribution

We now turn to the fluctuations of X,,/n around its limit. This section pro-
vides elements of a proof of the following result.

Theorem 6.6 (Convergence in distribution). The following convergence in
distribution holds: X )

Zr B arfo,2).

\/ﬁ n—o00 3

Remark 6.7 (Comparison with the central limit theorem). The rate of con-
vergence in distribution of (Xn)n>0 is the same as for the simple random walk,
and the limiting distribution is again Gaussian. Its asymptotic variance, how-
ever, is smaller than in the identically distributed case. This is due to the
self-stabilizing tendency of the chain (Xn),,-

Before proving Theorem 6.6, let us examine the behavior of the first mo-
ments of X,,/n as n tends to infinity. The distribution of X, is symmetric, so
all its odd moments vanish. For the moment of order 2, we have, for n > 0,



6.4 Convergence in distribution 83

n+2—-X, n+2+ X,

E[X2 =——= "X, +1) X, —1)2
=1+ x2
n-+2

Setting =,,(2) = E(X2) and taking expectations in the relation above gives,
forn>1,

n
Tpnt1(2) =1+ mxn@) et z1(2) =1.

Induction yields
n—1
1
n(2 :1—}—75 k(k+1),
.’Ii() n(n+1)k=1( )

and (zn(2)/n),,s, therefore converges to 1/3. Similarly, for every k > 0, the

sequence (a:n(2k)/nk)n>1 has a limit p(2k), and the sequence (1(2k))gen sat-

isfies
2k +1

p0)=1 et ul2k+2)= w(2k).

By Theorem 21.7, the only probability measure whose even moments satisfy
this recurrence and whose odd moments vanish is the distribution A(0,1/3).
Moreover, by Theorem 21.6, convergence of moments to those of a probability
measure determined by its moments implies convergence in distribution. We
thus obtain convergence in distribution of X,,/y/n to the centered Gaussian
measure with variance 1/3.

Another way to establish this convergence is to use the central limit the-
orem for martingales. Several sets of assumptions are available, with varying
degrees of difficulty to check. Here is the theorem we shall use below.

Theorem 6.8 (CLT for martingales). Let (M,)n>0 be a square-integrable
martingale with respect to a filtration (Fy), o, and let (an)n>o be a deter-
ministic sequence of strictly positive real numbers increasing to infinity. Set

(M), =0 et (M), = (M), +E(AMu11)*| Fa),

where AM,, := M,, — M,,_1. Assume that

P
— A,

1. there exists a deterministic X\ > 0 such that a; ' (M)
n—oo

n

2. (Lyapunov condition) there exists § > 0 such that

]. - 246 P
Garrr 2 PN 72) .0

Then

1 loi Mn loi —1 .
M, v .
o n n:>>o N(O, A), et (7% <M>n n::o ./\/.(O7 A ) siA>0
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We must slightly modify (Xy),-, to obtain a martingale.

Lemma 6.9 (A martingale in the model). The process (M,),>, defined by
M, = (n+1)X,, is a square-integrable martingale with respect to the natural

filtration (Fy) >0 of (Xn),>q, satisfying
E((AMy41)* | Fa) = (n+2)° - X7,

and
E((AM,41)* | Fo) = ((n+2)? — X2) ((n +2)> + 3X2),

and

M S. 1
< >n B;% -

n3 n—ooo 3°
Proof. Let a € {1,2,4}. The following quantity
E((AM,11)%Fn) = E(((n + 2)Xpt1 — (n+ 1) Xn)* | X5)

an+2+X,
2(n+2)

an+2-X,

= [Xp, — (n+2)] 2nt2)

+ [Xn +n+2]

vanishes if « = 1, and hence (My),,-, is a martingale. If a € {2,4} then

M+2-X)t+(n+2+X,)* !
2(n+2) ’

E((AMy11)™ | Fa) = ((n+2)* = X7)

which gives the first two desired relations. In particular,

n—1 n—1
(M), = ((k+2)°-X ZXHO
k=0
Moreover,
n—1 n—1
1 5 1 X2
w LX<
k=0 k=1
Since X,,/n — 0 a.s., Cesaro’s lemma completes the proof. O

To obtain convergence in distribution of (M,), < >0 with the appropriate
normalization, it remains to check the Lyapunov condition in Theorem 6.8
with a,, = n3. For § = 2, we have

n+1
ZE ((AM)* | Fr_1) Zk4+22k+1 X2, =0®0.

k=1

The sequence (Mn/713/2)n>1 therefore converges in distribution to NV (0,1/3).
This immediately yields the convergence in Theorem 6.6.
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6.5 A concentration inequality

We supplement the results on the behavior of X,, with a concentration in-
equality valid for every n > 1 (unlike the convergence in distribution theorem,
which is only asymptotic).

Theorem 6.10 (Concentration). For every n > 1 and every r > 0,

Xn 2,.2
P | |2T < 2exp —L .
n 8(n+1)

Proof. By definition of the martingale (Mn)n20 introduced in Lemma 6.9, for
every r > 0,

X
]P(| nl > r) < P(|M,| =2 n(n+ 1)r).
n

The martingale (Mn)n>0 has bounded increments, since for every n > 1,
|Mn - Mn71| = |(n + 1))(n - anfl‘ < n|Xn - Xn71| + |Xn| <2n

because | X,, — X,,—1| = 1 and |X,,| < n. By the Azuma—Hoeffding concentra-
tion inequality in Lemma 20.3, for every A > 0, we have

)\2
P> 2) < 20 <_2Z(2k>2>
k=1

Using the sum-integral comparison

n

> (2k)* < 4/n+1x2 de = %(n—i- 1)3
X - 3 ’
1

k=1

it remains to replace A by n(n + 1)r to obtain the desired inequality. a

6.6 Higher dimensions

We now work on Z? with d > 1. As in dimension 1, we expect the limiting
shape of the random set to become relatively regular, since the random walk
starting at the origin tends to reach the random set A¢ at points with many
neighbors in A,,. Figure 6.1 shows a realization of A(1000) in dimension 2.
For every r > 0, write ||z|| for the Euclidean norm of a point = € R, and

B(0,r)={yeR*: |y <r} et B(0,r)=B(0,r)NZ"%.

The cardinality of a subset A of Z< is denoted by |A|. Fix an integer n and
consider the random set A(|B(0,7n)|). The (random) radius of the largest ball
contained in this set is
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Fig. 6.1. A realization of A(1000) in dimension 2.

sup{r =0 : B(0,7) C A(|B(0,n)|)}
while that of the smallest ball containing it is
inf{r >0 : A(B(0,n)]) C B(0,r)}
We then define the inner error d;(n) by
n—2odr(n) =sup{r >0 : B(0,r) C A(|B(0,n)])},
and the outer error dg(n) by
n+dg(n)=inf{r>0: A(|B(0,n)]) € B(0,r)}.

The following theorem shows that the asymptotic shape of A(n) is spherical
and also provides an upper bound on the extreme fluctuations of A(n).

Theorem 6.11 (Shape and fluctuations). The limiting shape of (An), >, s
the intersection of Z% with a Euclidean ball. Moreover, there exists a constant
Ba such that almost surely

o ford>3:

1)
lim sup ﬂ < fBg et limsup
n— 00 1og(n) n— o0 log(n)
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o ford=2:

) )
lim sup 1(n) < B2 et limsup 5(n)
n—oo l0g(n) n—oo log(n)

< Bo.

6.7 Further reading

The internal diffusion limited aggregation? model is considered by Persi Dia-
conis and William Fulton in [DF91]. From a modeling perspective, it can be
related to chemical polishing methods: particles are released into a tank and
destroy an element of its boundary, making the tank smoother. References in
this direction can be found in the articles [AG13a, AG13b] by Amine Asselah
and Alexandre Gaudilliere.

One of the earliest studies of (A(n)),,-, is due to Maury Bramson, David
Griffeath, and Gregory Lawler in [LBG92]. In particular, they prove that the
asymptotic shape of A(n) is spherical. A complete study of the fluctuations
around this limiting shape came much later. Theorem 6.11 can be found in the
articles by David Jerison, Lionel Levin, and Scott Scheffied [JLS12, JLS13],
and in [AG13a, AG13b].

The model in dimension 1 can be related to a ball-and-urn model named
after Bernard Friedman and described in the article [Fre65] by David Freed-
man®. A drawn ball is returned to the urn together with a balls of the same
color and (8 balls of the opposite color. If § = 0, we recover the Pélya urn
model studied in Chapter 15. When S > 0, one can show that the asymptotic
proportion of each color tends to 1/2 for every «.

There is also a more difficult model, known as external diffusion limited
aggregation, in which particles arrive from infinity and progressively accumu-
late.

The central limit theorem for martingales 6.8 can be found in the book by
Peter Hall and Christopher Heyde [HH80, Cor. 3.1], and in [BC07, Th. 3.35].

? Abbreviated IDLA.
3 fried-man # freed-man!
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Hidden Markov chains

Keywords. Parametric estimation; recursive estimation; hidden variable;
conditional expectation; autoregressive process. Tools. Markov chain; Gaus-

sian vector; martingales; maximum likelihood; Bayes’ formula. Difficulty. *

Many real processes, although Markovian, are only partially observed. This
chapter presents two models of hidden Markov chains, which are, by defini-
tion, projections of Markov chains. The mathematical challenge is to extract
as much information as possible about the hidden part from partial observa-
tions. This reduces to computing conditional distributions. In general, these
distributions cannot be computed explicitly. This is nevertheless possible in
the two examples presented here: one uses Markov chains with a finite state
space, and the other a Gaussian model.

7.1 The forward-backward algorithm

We model the structure of a DNA! strand by a character string over a finite
alphabet A. Some portions of the string correspond to sequences of codes for
the amino acids needed to produce a protein, and are called coding regions,
while others are noncoding. To account for this segmented structure, we model
the string by a trajectory of a Markov chain with two regimes.

To a DNA strand of length [, denoted by (Xi,..., X)), taking values in
A, we attach the I-tuple (Uy,...,U;), taking values in & = {0, 1}. If position
n is coding (respectively noncoding), then U,, = 1 (respectively U,, = 0). We
model the distribution of (X,U) = ((Xy,Un)),»0 by a homogeneous Markov
chain on A x U with transition matrix given by

P((z,u), (2" u) =P(Xps1 =2, Upy1 =" | X, = 2,U,, = u)

! Deoxyribonucleic acid, the carrier of the genetic code of living organisms.
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= p(u, v )my(z, 2"),

where p is a transition matrix on {0, 1}, and 7y and 71 are transition matrices
on A. We assume that all entries of the matrices p, mp, and 7 are strictly
positive. The component U acts as a kind of two-position (Markovian) switch.

The chain (X, U) is irreducible, recurrent, and aperiodic because all entries
of its transition matrix are strictly positive. In general, the projection X =
(Xn) >0, which models the DNA strand, is not a Markov chain. The model is
rigid: the length of a segment in category u € U has a geometric distribution
with parameter 1 — p(u,u).

We now assume that the transition matrix of (X,U), that is, the triple
P, 0,71, 18 known, for instance from a preliminary estimation procedure (to
which we return below). The question is then whether we can determine the
distribution of (U;),;¢, conditionally on the observations (X;); ;- The
Markov chain (X,U) is called hidden because the component U is not ob-
served. Only the component X is observed.

Example 7.1. Here is the example used in Figure 7.1:

0.30.30.30.1 0.50.30.10.1

0.95 0.05 0.30.30.10.3 0.40.40.10.1

= ( 0.1 0.9 > "= 103010303 | “ ™= |04010401
0.10.30.30.3 0.50.30.10.1

Description of the algorithm

We use the vector notation Xi.; and zq.; for the i-tuples (Xy,...,X;) and
(21,...,2;). Forevery 1 < i < I,z € A, and v € U, define the following
probabilities:

e Prediction probability:
Pi(v) :=P(U; = v| X121 = T1:-1).

This is the probability that the hidden state U; is in position v given the
observations X7.;_1;
e Filtering probability:

Fi(v) =PU; = v| X1 = 214).

This is the probability that the hidden state U; is in position v given the
observations Xi.;;
e Smoothing probability:

Li(v) == PU; = v| X141 = 21.).

This is the probability that the hidden state U; is in position v given the
observations X7.;.
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To compute the smoothing probabilities, we use a forward-backward? al-
gorithm: we recursively determine the prediction and filtering probabilities in
increasing index order, then deduce the smoothing probabilities by a back-
ward recursion. The recurrences required by this algorithm are collected in
the following theorem.

Theorem 7.2 (Prediction, filtering, smoothing). For every 1 < i < I and
vEU,

Piw) = 3 plu )P ),

ueU

mo(@io1, ;) P*(v)
2w TulTiz1, Iz)Pl(u) ’
Li_l(’u,) _ Fi—l(u) Z p(u’ 1}) 1(1}

veld Z(v

Fi(v) =

~

g~

Proof. For the prediction equation, we introduce U;_; and then use the fact
that the distributions Loi(U; | U;—1, X1.5—1) and Loi(U; | U;—1) coincide:

PZ(U) = ZIP(Ui—l =u, Ul = ’U|X'_ = xi_)

ueld
= Z IP(UZ =v | Ui—l = U,Xi_ = .Ii_)IP(Ui_l =Uu | X,_ = .Z‘i_)
ueld
=3 ol )P w)
ueld
with the abbreviated notation x;,— := x1,,—1. The basic relation P(A|B N

C)P(B|C)=P(AN B|C) gives the filtering equation:

PU, =v,X; =2 | X1.i—1 = xi—)
P(X; = | Xic =x;—)
PU =v,X;,=u;| Xi— =x;—)
Yowcu PUi = u, Xy = 2 | Xy = 2;)
- PXi=a|Ui=0, X =2 )P(Us =0, | Xj— =x;)
Y e PXi = Ui =u, Xim =2 )P(U; =u| Xim =)

F'(v) =

By definition of the transition matrix of (X, U),

P(X; =2 |U; =u,X1:i-1 = 21:-1) = P(Xs =2 |U; = u, Xim1 = z4-1)

= my,_, (x; — 1, ;).

For the smoothing equation, write

2 The algorithm combines a forward pass with a backward pass.
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P(U;1 =u,U; =v| X1y =x14) =PUiz1 = u|U; = v, X1 = 14)
P(U; = v| X114 = x14),
and then
PUi—1 =u|U; = v, X14 = x14)

PUi—1 = u, X1:-1 = T1i—1, Xig1a = Tig1a | Ui = 0, X = x;)
P(chifl = $1:¢71,X¢+1zl = Tj41:1 | Ui=v,X; = xz)

The Markov property ensures that the past and future are conditionally in-
dependent given the present. Simplifying therefore gives

PUir =u|Ui =v, X1q =214) = P(Ui-1 = u|U; = v, X1,y = 21.4).
Again, using the expression for the transition matrix of (X, U), we write

P(U;i—1 =u|U; =0, X1, = x14)
PU;1 =u,U; =v,X; =2, | X1:4-1 = 1:4-1)
IP(Ui =v,X;=um; | X111 = 1'1:1'71)
FHu)p(u, v)my (wi-1, )
- Pi(v)my(zi—1, i) '

We have thus obtained

h

'(v)

HD((]i—l =u, Ui = | Xl:l = xl:l) = Fiil(u)p(uav) Pi(v)v

which yields the smoothing relation upon summing over v. O

We initialize the algorithm by choosing the initial distribution (for exam-
ple, the stationary distribution) as P!(u). The prediction and filtering rela-
tions of Theorem 7.2 give all the probabilities P! and F? by forward recur-
sion. We then deduce the probabilities L? by backward recursion using the
smoothing relation of Theorem 7.2, initialized with L!(v) = F!(v). Figure 7.1
illustrates the effectiveness of the algorithm: most of the time, the probabil-
ity L*(v) exceeds 1/2 when U; = v (in exactly 95.2% of cases in this example).
Nevertheless, in this example the algorithm misses a region where U equals
1 (around position 120), and always lags slightly behind regime changes. The
algorithm works better when the matrices mp and 7 differ substantially (the
two regimes behave very differently) and when p(0,0) and p(1,1) are large
(the intervals between regime changes are long).

Estimating a transition matrix

The preceding study assumes that the transition matrices are known. It is nev-
ertheless important to be able to estimate the transition matrix of a Markov
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T T T T T T T T T T T T 1
0 10 20 30 40 50 60 70 80 90 100 110 120 130 140 150 160 170 180 190 200

Fig. 7.1. Trajectory of U (solid curve) and smoothing probability for v = 0 (dashed
curve), with [ = 200 and the transitions of Example 7.1.

chain from one of its trajectories. Consider a Markov chain (Zn)n>0 on the
finite state space £ with transition matrix 6, = (6.(i,J)); j)ep2- Assume that
the chain is irreducible and recurrent, and write . for its invariant distribu-
tion. We assume that the initial measure v is known but the transition matrix
0, is unknown. Write © for the set of transition matrices on E. Let A be
counting measure on E. The distribution of (Zy, ..., Z,) has, with respect to
A& density (2o, ...,2n) € E"™ — fo.(20,...,2,) given by

fo.(zoy y2n) =P(Zo = 20y ..., Zn = 2n) = (20)0x(20, 21) - - Ou(2n—1, 2n)-

For every # € © and z € E"t!, write

fo(zo0, .-y zn) == v(20)0(20,21) - - 0(2n—1, 2n)-

The random quantity Lz, .z (0) := fo(Zo,...,Zy,) is called the likelihood®

of 6 for the sample (Zy, ..., Z,). The mazimum likelihood estimator 0, of 0, is,

by definition, the random element of © that maximizes the random function
0eco— LZO,‘..,Z,L (9)

Lemma 7.3 (Maximum likelihood). The mazimum likelihood estimator O,
of 0. is given, for everyi,j € E, by

Ouii) =4 Ni T o { no T Ly =i
0 sinon, Ny = ZPIO Yz,=i2,11=3}-

3 Hence the notation L.
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Note that if 6(i, ) = 0 then §,L(i,j) = 0, but the converse is false.

Proof. Number E so that E = {1,...,s}. Write L := Ly, .z, . It is more
convenient to maximize log(L) than L. We must maximize § € © — log(L(6))
under the constraints 6(¢,7) > 0 and > ;_, 0(i,k) = 1 for every 1 < i,j < s.
We have -

Ny

0(i, )’
and the s extremality conditions amount to saying that, for every 1 < i < s,
the function j — N7 /6(i,j) must be constant. Taking § € © into account
gives the result. O

Op(i,;) (0 — log(L(0))) =

The estimator  is intuitive: it estimates 6(i,j) by the proportion of tran-
sitions from state i to state j among the n observed jumps. Its asymptotic
properties follow from the behavior of the sequences (N;7), and (N}), estab-
lished below.

Theorem 7.4 (Consistency and asymptotic normality). For every x € E,

conditionally on {Xo = x}, the estimator 0,, is consistent and asymptotically
normal: for everyi,j € E,

~ .. p.S. ..
an(la.]) njo)o 9(27])

and

V(i) (B (i, ) = 0G,5)) =5 N (0,003, 5)(1 = 0(, j)))-

n—roo

Proof. For every x,i,j € E, conditionally on {Xy =z}, we have

1. ps. . O X N
=Ny, TS op(i) et —NJ P u(i)(i, g)

n n—00 n n—00

whereas

1 i ; oi N o
T (N = N2(LD) s N0, (@0 3) (1 = 006 )))-
These almost sure convergences follow from the law of large numbers for the
Markov chains Z and Y, where Y is the irreducible recurrent Markov chain
with state space E? defined by Y,, = (Z,,, Z,,11), whose invariant distribution
is (i,7) = p(i)0(i, 7). Convergence in distribution follows from the central
limit theorem for Markov chains. O

7.2 The Kalman filter

An aircraft travels between Paris and London, attempting to follow a nominal
trajectory defined by its flight plan. Ground-based air traffic controllers mon-
itor the aircraft using a radar that receives an echo at regular intervals. The
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aircraft’s actual trajectory deviates from the nominal one for many reasons
(weather, autopilot inaccuracies, turbulence,. .. ). We therefore seek to locate
the aircraft throughout its flight from successive radar observations.

Write X, for the (unknown) deviation between the nominal trajectory and
the aircraft’s position at time n. Also write Y,, for the radar measurement
at time n. This measurement is subject to errors due to radar inaccuracies.
The controller’s problem is to estimate the aircraft’s position at time n as
accurately as possible from the observations Yy, ..., Y,. To simplify the study,
we assume that the observed object moves in a space of dimension 1. We model
the random sequences (Xy),,5, and (Y5),,5, by setting

Xo =W,
Xp=aXy 1+ W, n2=1,
Y, = X, +V, n>0,

where a is a deterministic real number, and (V,),5, and (Wy), 5, are in-
dependent random sequences, with (Vn)n20 i.i.d. Gaussian with distribution
N(0,7%) and (W,),,5 ii.d. Gaussian with distribution A'(0,0?). The random
variables (Wn)n>0 represent the instantaneous fluctuations in the deviation
between nominal and actual positions. The random variables (V;,),,~, model
radar measurement errors. The parameter a models the pilot’s actions.

In signal theory, (X”)n>0 is called an autoregressive process of order 1,
denoted AR(1), with Gaussian noise, and we have

n n
X, = Z a" W, _ = Z A" *W,, nelN
k=0 k=0
The problem is now to estimate X, given the observations Yy, ...,Y,. The
natural candidate is the conditional expectation E(X,, |Yy,...,Y,), since it

is the function of the observations closest to X,, in L? (least squares). The
Gaussian nature of the model and the properties of Gaussian vectors allow us
to compute the conditional distribution Loi(X,, | Yo, ...,Y},) explicitly, and in
particular its mean E(X,, |Yp,...,Y,).

The first key observation is that, for every n > 1,

(Xos- -, X, Yo, ..., Yo)

is a Gaussian random vector, since every linear combination of its coordi-
nates is a linear combination of the independent Gaussian random variables
(Wi)ocicn and (Vi)ogic,,- In particular, for every n > 0, (X;,Yo,...,Yy,) is
also a Gaussian vector. Moreover, the distribution of X,, given (Yp,...,Y})
is Gaussian, with mean denoted by X,, and variance by P,. We aim to
compute these quantities recursively. As for the finite-state Markov chains
in the first part of this chapter, the recursion has two steps. The pre-
diction step expresses the distribution Loi(X, |Yp,...,Y,—-1) in terms of
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Loi(X,—1|Yo,.-.,Yn_1). Then the filtering step incorporates the observation
Y, to express Loi(X,, | Yo,...,Y,) in terms of Loi(X,, | Yo,..., Yn_1).
Lemma 7.5 (Conditional distributions). We have
Loi(X, | Yo, ...,Y,) = N(X,, P,)
where
a?12P,_ 1 + 0?72
a’P,_1 + 02472

N N P, .
X, =aX,_1+ —Q(Yn —aX,—1) e P,=
T
Proof. First recall the following result on Gaussian vectors, which we call
Bayes’ formula: if (X,Yp,...,Y,_1) is a Gaussian vector in R"*! with
Loi(X | Yo, ..., Yn 1) = N(p,7?) et Loi(Y |Yp,...,Yn 1,X) = N(X,5?)
then
_ oo YN L 111
Loi(X | Yy, ..., Y,—1,Y) —N(p <72+62),p ) ou i ?—f— 2
As announced, we now proceed recursively in two steps.

o Initialization. Since Yy = Xy + Vp, we have Loi(Y0|Xo) = N(Xo,7?).
Bayes’ formula ensures that Loi(Xg | Yy) = N(Xo, Py), where

. o2 o272

X0:70_2+7_2Y0 et P0:70'2+T2'

o Prediction. We have Loi(X,,_1 | Yy, ..., Yn_1) = N(Xn,_l,Pn_l) and, by
the model,

Loi(X,, | Yo,...,Yn 1) = N(aX,_1,a>P_i + 0?).
e Filtering. Again, the model gives
Loi(Yy, | Yo, ..., Vo1, X)) = N (X, 72).

We then apply Bayes’ formula to reverse the conditioning between Y, and
X,: the distribution is Loi(X, | Yo, ..., Ys) = N(X,, P,) with

1 1 1 N aXn_1 Y,
. S G L)
P, a?P,_1+ 02 + T2 ¢ (aQPn_l + 02 + 7'2>

Remark 7.6 (Gain from observations). The upper bound
Py = B[(X, - £,)%| <B[(X, - Ya)?] = 7%

18 unsurprising in view of the properties of conditional expectation, and em-
phasizes the benefit of using all the observations Yy, ..., Y, instead of just the
latest one Y,,.
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Estimating some model parameters

In this section, we assume that the aircraft’s positions are observed without
error, so we have access to the sequence (Xi)1<z<n~ We wish to estimate the
coefficients a and o2. This is not entirely straightforward, since the observa-
tions are not independent.

Lemma 7.7 (Maximum likelihood estimator). The mazimum likelihood esti-
mator (a,6) of (a,0) is given by

n
1 X1 Xk
an = —zk*l et afL =

2k X

Proof. It suffices to maximize the logarithm of the likelihood given by

1 - X, — aXe ;)2
L(le---aXn)(a’U) = (7 H exp ((kkl)>
1

2mo2)n/2 b 202

D (X — anXp—1)?.
k=1

S|

Theorem 7.8 (Consistency and normality). If —1 < a < 1 then
N N p-s.
(a'ru Un) n:;o (aa 0)7

and

V(e —a) <5 N(0,1—a?), et (6> —0?) lj> N(0,20%).
—00 n—oo

n

Proof. We only prove the results for @, assuming o known and fixed. Rewrite
a,, as follows:

a+ =i——
ZZ:1 X/?—1 ZZ=1 X1

where M,, = >")_; X_1Wj, with My = 0. The sequence (Mn)n>0 is a mar-
tingale with respect to the natural filtration (F,), of W, with increasing
process

A~ 4 ZZZl Xk*lwk Mn

an = a

<M>0 =0 eta pOllI"fl> 17 <M>n ZUZZXg_l.
k=1

First, using the fact that X is an autoregressive process of order 1, AR(1),
with |a| < 1, we check that

<M> p-s, ot

n

n  n—oo (1—a?)’
(in particular, (M), — 400 a.s. as n — c0). We then use the law of large num-
bers and the central limit theorem for square-integrable martingales, which
give
Mn .S. Mn i
P50 et ——2 14 A0, 1).

(M), n—sco VM), o
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7.3 Further reading

The forward-backward segmentation algorithm dates back at least to the work
of Leonard Baum and Lloyd Welch in the 1960s, and can be viewed as an in-
stance of the general concept of dynamic programming. Hidden Markov chains
were used notably for speech recognition in the 1970s and for genomics from
the 1980s onward. The book by Stéphane Robin, Francois Rodolphe, and
Sophie Schbath [RRS05] offers an accessible introduction to their use in ge-
nomics. See also Etienne Pardoux’s book [Par07]. Although the models used
in practice are more sophisticated than the one presented here, especially con-
cerning the state spaces A and U, they rely on the same concepts and tools. In
practice, however, neither the transition matrices nor even the number of hid-
den states needed to describe the sequence distribution are generally known.
Algorithms must therefore also estimate these complexity parameters. The
book by Jean-Frangois Delmas and Benjamin Jourdain [DJ06] also discusses
this question. Moreover, one can test whether a random sequence is Marko-
vian by using, for example, N* and N% and the x? test, as explained in the
book by Didier Dacunha-Castelle and Marie Duflo [DCD83].

The section on the Kalman filter is inspired by David Williams’ book
[Wil91]. Presented here in a simple form, the Kalman filter is a classic of signal
theory, developed in the 1960s by Thorvald Thiele and Peter Swerling, and by
Rudolf Kalman and Richard Bucy, notably for the National Aeronautics and
Space Administration’s Apollo program. An expression for the Kalman filter
in dimensions greater than 1 can be found in [Par07]. The law of large numbers
and central limit theorem for martingales used in the proof of Theorem 7.8 are
taken from [BC07]. Maximum likelihood estimation of the parameters a, o, T
of the Gaussian model from Y without knowing X is discussed, for example,
in the book by Peter Brockwell and Richard Davis [BD02, Sec. 8.5]. Finally,
[KDS*15] puts this in perspective in relation to state-space models.
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The EM algorithm and mixtures
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culty. *

The Expectation-Maximization (EM) algorithm is one of the most impor-
tant algorithms in statistics. It provides a numerical approximation to the
maximum likelihood estimator for partially observed models. Many variants
are available. In this chapter, we illustrate the basic workings of the EM al-
gorithm through a simple example.

Four different species of gulls coexist on an island. Ornithologists wish
to estimate the proportion of gulls belonging to each species by observing
nest sizes. Unlike birds, nests do not move, which makes counting easier.
Unfortunately, the different species build rather similar nests: we do not know
which species built them. We assume, however, that the distribution of nests
is characteristic of each species. The overall distribution of nest sizes is a
mixture of four probability distributions, each describing the distribution of
nest sizes for one bird species.

8.1 A model for gull nests

Let us model the distribution of the sizes of nests built by species j by a
distribution p; = N'(m(j),v(j)) with density ¥,,(j),»(j)- The distribution z of
gull nest sizes therefore has density

J J

300 ) = 3 e (-5,

= = 2771}(]
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with @y > 0,..., a5y > 0and a; +---+ay = 1. This finite convex combination
of probability densities is called a finite mixture! of populations. If X denotes
the nest size and Z the species of bird that built it, the distribution of the
pair (X, Z) is given as follows:

o the variable Z has the discrete distribution on {1,...,J} with weights
a(l),...,a(J):

Loi(2) = 3 a(j)3;
j=1
o for every 1 < j < J, conditionally on {Z = j}, the variable X has distri-
bution N (m(5),v(j)):
Loi(X|Z = j) = N(m(j),v(5))-

The parameters (a;j,m(j),v(j)),¢ <, are unknown. The vector o contains
the mixture weights, while the vectors m and v contain the means and vari-
ances of the Gaussian distributions, respectively. We wish to estimate all these
quantities from the sizes of n nests alone. To this end, we assume that there
exists 0 in the set

@:{Hz(aj,mj,02)1<j<J:a1>O,...,aJ>O,oz1+~-~+aJ:1}

such that the measured sizes z1,...,x, of n nests form a realization of an n-
sample X1, ..., X, whose density at x, for the distribution of X, with respect
to Lebesgue measure dA on R is

J

fol@) = () Vm).o0) (@)-

Jj=1

We write X for the vector (X1,...,X,) and Z for the vector (Z1,...,Z,). We
write dN for counting measure on IN. We introduce the following notation:

o density at (z,z) of the distribution of the pair (X, Z) with respect to
dA\® dN:

ho(x,2) = a(2)Vm) v (®), z€ER, z€{1,...,J},
e density at x of the distribution of X with respect to dA:

f@(l‘) = Za(j)’)/m(j),v(j)(x)? T € R,

j=1
e density at z of the distribution of Z with respect to d\V:

go(2) = a(z), ze{l,...,J},

L' A finite mizture of populations.
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e density at x of the distribution of X given Z with respect to dA:
fo(z|Z = 7) = Ym) i) (@), T ER,
o density at z of the distribution of Z given X with respect to dV:
O‘(Z)’Ym(z),v(z) (3?)
J )
Ej:l a(])')’m(j),v(j)(@

The last expression follows from the definition of conditional probability:
indeed, for every Borel set A and every 1 < z < J,

, ze{l,...,J}.

go(z|X =) =

P(XeA Z=2))=P(Z=2)P(X € A|lZ=2)=a(z) /Avm(z)yv(z)(x) dx

and

P(XeA Z=2)=P(Z=zXec AP(X € A)
J
—P(Z =X e A)S al) /A (i) () d,
j=1

so that, if A has the form [z — e,z + ¢] with ¢ tending to 0, we obtain

J
(2 Yim(2)0(2) () = P(Z = 21X = 2) Y (i) Ym0 ()-
Jj=1

8.2 A favorable but unrealistic situation

In this section, we assume that both X and Z are observed, that is, both the
nest size and the species that built the nest. The unknown parameters are then
easily estimated by maximum likelihood. The log-likelihood of the complete
model (the logarithm of the density of the sample (X, Z) with respect to the
measure (d\ ® dN)®") is

L(97X7 7) = IOg H h@(Xi7 Zz)
i=1

Z IOgO‘ + 1Og’Y'm(Z ),v(Z; )(X )}
=1

For a sample of size n, write, for every 1 < j < J,
Aj={i=1,...,n, Z;=j} et C;=card(4,).
Grouping terms according to the possible values of Z gives

Y Z ZO loga —|— Z Z logfym(] v(]) )

j=1li€A;
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Theorem 8.1 (Estimation for the complete model). The complete likelihood
attains its maximum at a unique point 6 € © given by:

a) = <, S X e i) = o 3 (- (),

T icAy T icAy

Proof. Under the constraint a(1)+- - -+a(J) = 1, the function 6 — L(6, X, Z)
has a unique critical point, which is a maximum. a

This result does not answer the original question, since in practice only the
nest sizes x1, ..., T, are observed. Instead, we should study the log-likelihood
of the sample X1, ..., X,,, denoted by Ly for the log-likelihood of the obser-
vations, which is given by:

J

obs 0 X IOngO ZIOg Z 777L(]) v(])(X) .

j=1

Finding a set of parameters 6 that maximizes this quantity is not easy.

8.3 Solving the actual problem

Since the complete log-likelihood L is unavailable, we replace it by its con-
ditional expectation given the observations: we define the conditional log-
likelihood of the observations under the distribution with parameter 6, de-
noted by L.(6, é,Y), as

n J
LC(Q,é,Y) = Eé(L(9’777)|Y> = ZZ log hg( Z,j)gé(.ﬂX = Xi).

Here is the expression for the conditional likelihood L. in our Gaussian mix-
ture setting.

Theorem 8.2 (Conditional log-likelihood). The function L. has the following
form:

Lc(0,0,X) = —flog (2m) +Z (de (IX = X;) )loga( /)
J

1 (Xi —m(j))?
_2Z<§:ge (JIX = X;) ><10gv( )+ U(j))

The maximum of the conditional likelihood is easy to determine.
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Theorem 8.3 (Maximum of the conditional log-likelihood). The function
0 L.(0,0,X) has a unique maximum 6y given by

an(j de (JIX = Xi)

Zizl Xigs (G| X = X;)
i1 950X = X3)
i (X —ma(4)°95 (41X = X5)
2121 g§<.7|X = X;) .

Proof. Under the constraint o(1) + - -- 4+ «(J) = 1, we obtain

mu(j) =

vp(j) =

Z? 1gg(j\X = Xi)
Zz 127, 195X = X;)

Moreover, (mpr,var) is a critical point of the last term in the conditional
log-likelihood. O

*de (JIX = X5).

OéM(J)

The EM algorithm repeatedly performs the following two consecutive
steps:

o E(xpectation) step: given a parameter value 6, compute the conditional
log-likelihood of the observations L. (6,0, X) using Theorem 8.2,

o M(aximization) step: using Theorem 8.3, choose 6j41 so that the function
0 — Lc(0,0;, X) is maximal at 0y 1.

In practice, given the observations 1, ..., x, and initial parameter values,
the algorithm repeats the following calculations:

e from the parameter ), compute the following matrix H®) of size n x J:

gk _ ok (9) Y () 0n () (Xi)
5 J )
T k()Y ), ) (X)

e deduce 011 from the following relations:

CYl~c+1 Z H

. Z?:l X’LHz(jk)
mis1(j) = Wﬂ
S (X — RSELE )2 H,;
- .

vg+1(J) =
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Theorem 8.3 is useful only if we can estimate . In the EM algorithm, this
is done numerically. The following result shows that the log-likelihood Lps
increases along the algorithm.

Theorem 8.4 (Increasing likelihood). The sequence (0k),~, constructed by
the EM algorithm satisfies the following numerical stability property:

Lobs(ak—i-lyy) = Lobs(akvy)v
where Lons(0, X) is the log-likelihood of the observations.
Proof. Set

n
H(6,6:) = Eq, (log go(Z] X)) = ) _ Eo, (log go(Z: | Xy)).
i=1
Since hg(z, z) = fo(x)ge(2|X = z), the conditional likelihood can be written

as
LC(G, Gk,Y) = LObS(G,Y) + H(&, Qk)
During the M step, the function 6 +— L.(6,0, X) is maximized over #, hence
Le(Ok11, 0k, X) = Le(Ok, 01, X).
It follows that
Lobs (011, X) — Lobs (0, X) = H(0k,0k) — H(O11,0k).
By definition of H,
W%
9012, (2] X)

Writing ¢ for the distribution of Z given X under Py, we see that the quantity
above is precisely the relative entropy of pg, with respect to pg, ,:

dye / dpg dpg
H (0, 0) — H(0ps1,0 :/10 E_dpg, = E o E_ g, .
(O, O1) (Ok+1,0k) gdu@k+1 L4, Qo gduem [0, 41

Jensen’s inequality ensures that this quantity is nonnegative. a

H(0,0r) — H(Oky1,0k) = g, log

Theorem 8.4 shows that the sequence (Lops(6x, X)) k>0 is nondecreasing. It
therefore converges to a critical point (a local maximum or saddle point) of the
likelihood Leps(+, X). Unlike the case where both X and Z are observed, local
maxima may trap the algorithm, making its outcome sensitive to the starting
point. The behavior of the algorithm can be improved by introducing some
randomness, as in the simulated annealing algorithm of Chapter 4, although
this offers only limited hope. Moreover, we do not know how many iterations
are required to approach a local maximum sufficiently closely. There is no
effective stopping criterion.

Figure 8.1 shows the estimation of a mixture of three Gaussian distribu-
tions by the EM algorithm with 1000 iterations and parameters

a=(040402), m=(-202), v=(0.3020.2), n=1000.
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Fig. 8.1. Estimation of a mixture of three Gaussian distributions by the EM algo-
rithm.

8.4 Further reading

Theorem 8.3 extends to exponential families, with complete likelihood

L(0,Z,%) Zlogha Xy 2i) Zloggg % —i—Zlogfg x| Z = z).

=1

Integrating and recalling that gg(z) = a(z) gives

J n
> (Z 95| X = m) log a(5)

Jj=1

> 9501 X = x)log folw: | Z = j).

i=1

Mk‘

+

Il
-

J

If 0 = (o, 8), where a again gives the mixture weights and [5(j) represents
the parameters of the distribution Loi(X | Z = j), we determine aps (whose
expression remains unchanged) and [y separately. The latter is obtained
almost exactly as for the maximum of the complete likelihood: the contribution
of observation X; is simply weighted by g;(j| X = X;). For example, if the
mixture components (Loi(X | Z = j)), ;< s are exponential distributions with
parameters (A(i)); ;¢ ;. the conditional log-likelihood is
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(Z 95(j1 X = X») log a(j)

=1

Le(0,0,X) =

J
—

J
J n

+D > 950 1 X = Xi)(log A(j) — A(j)s)-

j=1i=1

One step of the EM algorithm takes the following form:

H® — ox () A (f)e M@
? ZE]:1 ag (DA (l)e= ez ’

. 1~ o (k
ak+1(7) = — ZHZ-(J-),
=1

s HW
Ner1(B) = =y ”(k).
>ic1 XiH

Although considerable work on this question already existed, it was the ar-
ticle [DLR77] by Arthur Dempster, Nan Laird, and Donald Rubin that first
defined the EM algorithm in a general framework. References to earlier results
can be found in its bibliography. Since then, the algorithm has been widely
used in various settings and forms. To reduce dependence on initial condi-
tions, many randomized versions of the EM algorithm have been developed,
inspired in particular by the Kiefer-Wolfowitz stochastic approximation algo-
rithm for maximizing a function expressed as an expectation. That algorithm
was itself inspired by the Robbins—Monro stochastic approximation algorithm
for finding a zero of a function expressed as an expectation. See, for example,
the article [DLM99] by Bernard Delyon, Marc Lavielle, and Eric Moulines,
and the book [Duf97] by Marie Duflo. When the conditional log-likelihood
cannot be computed, a Monte Carlo method such as the Metropolis—Hastings
algorithm of Chapter 5 can be used to approximate this function, whose max-
imum is then sought numerically. This approach is studied, for example, by
Estelle Kuhn and Marc Lavielle in [KLO04].

Christophe Biernacki and Stéphane Chrétien study the degeneracy of the
likelihood of finite Gaussian mixtures and its connections with the EM algo-
rithm in [BCO03].
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The second law of thermodynamics states that, for every isolated sys-
tem, an extensive macroscopic quantity called entropy increases over time. In
Boltzmann’s kinetic theory of gases, the second law follows from a statistical
approach to classical mechanics applied to microscopic constituents. Although
appealing, this approach was criticized by opponents of atomism. How can one
resolve the contradiction between the microscopic reversibility inherited from
classical mechanics and the macroscopic irreversibility of thermodynamics?
The FEhrenfest model offers an explanation of this paradox in an extremely
simple setting. The key tool here is finite Markov chains.

9.1 The microscopic model

Consider two containers A and B connected by a small hole and containing a
gas made up of @ molecules (Figure 9.1). At each time, one of the a molecules,
chosen at random, passes through the hole from one container to the other.
We wish to describe the evolution of the system. We model these containers as
two urns A and B containing a balls numbered from 1 to a. To a configuration,
that is, a distribution of the a balls between the urns, we associate an element
x = (z(1),...,z(a)) of the discrete cube

F:={0,1}"
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Fig. 9.1. Distribution of molecules between the two urns.

where x(7) = 1 if ball ¢ is in urn A and 2(¢) = 0 otherwise. Two configurations x
and y in F are called neighbors, written = ~ y (or = ~; y), if they differ in
exactly one coordinate (which is ¢). This relation gives F' the structure of an
undirected graph whose vertices are the points of F' and whose edges are pairs
of neighboring vertices. The random walk on the discrete cube ¥ = (Yn)n>0
is the Markov chain with state space F' and transition matrix given, for every
x,y € F, by

six~uy,

Q(z,y) =

S|

sinon.

This matrix is symmetric and, in particular, doubly stochastic. The hitting
time of y € E is the random variable inf{n > 0 : ¥,, = y}. On the event
{Yo = y}, the return time to y is inf{n > 1:Y,, = y}.

Lemma 9.1 (First properties). The Markov chain Y with state space F and
transition matriz Q is irreducible, recurrent, and has period 2. The uniform
distribution on F, denoted by 7, is invariant and reversible!. Moreover, the
mean return time to x € F does not depend on x and equals 2%: for every
zeF,

! That is, 7(2)Q(z,y) = 7(y)Q(y, ) for every z,y. For the trajectories of Y, if
Yo ~ 7 then (Yo,...,Ys) and (Y,,...,Yo) have the same distribution, for every
n € IN.
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E(inf{n>len:x}|Y0:x):%:2“.
T r

The distribution of the hitting time of y starting from x depends only on

a
d(z,y) =Y | —yil = llz =yl
=1

This quantity is a distance counting the coordinates in which x and y differ.
Write my (temporarily suppressing the dependence on a) for the mean hitting
time of y starting from x when d(z,y) = d, that is,

mg :=E(inf{n >0:Y, =y} | Yy = z).

Theorem 9.2 (Mean times). For 1 < d < a, we have

d i a
deZQi—i ou Q?:Z 55)1

st1<i<a—1.
= = () c

Proof. By the Markov property, the sequence (md)Og d<at1 satisfies

a—d

d .
mg=1+—mg_1 + mgr1  sil<d<a,
a

mo = mg+1 =0,
and this system of recurrence equations has a unique solution. O

Since Y has period 2, the distribution of Y;, does not converge to the

invariant distribution 7 as n — oo. To obtain an aperiodic chain, we make it
lazy?. This consists in modifying the transition matrix by setting, for every
x,y € F,
1
2
The chain (Zn)n>() with transition matrix R stays in place with probability
1/2 or, with the same probability, moves to a uniformly chosen neighbor-
ing vertex. This chain is irreducible, recurrent, aperiodic, and reversible with
respect to m. The distribution of Z, therefore converges to 7 regardless of
the distribution of Zy. We present two methods to quantify this convergence.
The first uses coupling and the coupon collector of Section 1.5. The second,
sharper method uses the spectral decomposition of R. Write dyr (-, ) for the
total variation distance studied in Section 1.3.

1
R(2,9) = 5 lyms) + 5Q,9).

Theorem 9.3 (Long-time behavior and the coupon collector). For every
n=0,

max dyt (R"(z,-),7) < P(T, > n),

zeF
where T, is the completion time of a collection of a coupons.

2 A chain that may stay at its current state.
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Proof. Fix n > 0. By Theorem 1.5, for every = € F,
dyr (R"(z,-),m) = dvr (R"(z,), WR")
fEJR,xy > @ )R" (@)

yGF z'eF

S IIPIL]

yEFm €F
S H/lg%{dVT (Rn(xa ')aRn('rlv ))

YR (x,y) — R"(az’,y)‘

To bound dyt (R"(x,-), R™(z',)), construct a pair (Z, Z') of Markov chains
Z = (Zn),> and Z' := (Z},),5, With the same transition matrix R and
initial states Zp = x and Z{j = 2’, whose trajectories coincide after a random
(coalescence) time that we can control. More precisely, take two indepen-
dent sequences of independent random variables (Up),,5 and (Vi),5, with
respective distributions Bernoulli Ber(1/2) and uniform on {1,...,a}. For
every n > 0 and 1 < i < a, set

Zn+1 (Vn) - Un7 n+1(Vn) n
Zir (i) = Zu(i) si i £ Vi, nﬂmzzxmw¢w.

It is easy to check that Z and Z’ are Markov chains with transition matrix
R. At each time, a coordinate is chosen uniformly and assigned the same
random value in both chains. If the coordinates were equal, they remain equal;
otherwise, they become equal. The distribution of the global coalescence time

=inf{n>0:2,=2}

depends only on the number d := d(z,z’) of differing coordinates between x
and z’. For every function f : F — R, writing A,, := f(Z,) — f(Z],) gives

E(A,) = E(ALi7,<ny) + E(AnLi1,5n)) = E(AnL{7,50))s
T—/
hence E(A,,) < 2| f||,,P(Ta > n), and therefore, by Theorem 1.5,
dVT (R"($7 ')7 Rn(l‘/, )) = dVT (LOi(Zn), LOI(Z;L))
1
=5 s BU(Z) - 1(Z,)
£l oo
< P(Td > n)
Alternatively, use Theorem 1.9 and the definition of T}:

dyr (Loi(Z,), Loi(Z.,)) < P(Z, # Z.) < P(Ty > n).
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To bound the tail of Ty, first observe that T, is precisely the first time at
which all coordinates in I := {i € {1,...,a} : z; # x}} have been updated at
least once. We have card(I) = d. To simplify notation, suppose I = {1,...,d}.
If the random variables (7;), ;. denote the successive times at which a new
coordinate is modified, then T; = 74, and the random variables (Gi)1<i< d
defined by G; = 1 and G; = 7; — 131 for 2 < i < d are independent and
geometrically distributed with respective parameters (d+ 1 —1)/d. This is the
coupon collector of Section 1.5. It only remains to observe that P(T; > n)
increases with d and attains its maximum at d = a, corresponding to z =
0,...,0) and 2’ = (1,...,1). O

Theorem 1.14 ensures that, for every real ¢ > 0,
P(T, > alog(a) + ca) < e~ T/,

The next theorem refines this estimate of max,cr dyt (R™(z,-), 7).

Theorem 9.4 (Long-time behavior). If

1
n:%g(a)—i-ca avec ¢ =0

then
—c

e
max d R™"(z,),m) < —.
max dyt (R"(,-), ) 7

Proof. Equip R¥ = R?" with its usual inner product, denoted by (-,-). The

stochastic matrix R is symmetric3; its spectrum is real and contained in

[-L1]=RnN{zeC:|z] <1}

Moreover, there is an orthonormal basis of RF consisting of eigenvectors
(fi)1<jcoa Oof R associated with the eigenvalues (A;), ; <y in decreasing or-
der. In particular, \; equals 1 and f; is the constant function equal to 279/2.
Recall that 7 is the uniform distribution on F', which has cardinality 2%, so

m(x) = 272 for every x € F. For every function f from F to R and z in F,

2% 2¢

R™(f)(x) = > _(f Fi)Fi @A) = 7(f) + D (f, £i) i (@)AF

j=1 =2

For the function z € F' — f(z) = 1,(), we obtain the spectral decomposition

1 <
R"(z,y) = 57 + > Fi@) )]
=2

3 For any transition matrix on a finite state space, the uniform distribution is
invariant (respectively reversible) if and only if the matrix is doubly stochastic
(respectively symmetric).
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By Theorem 1.5 and Schwarz’s inequality,

ddyr B (e, ), 7)) =( 30 R (@) - 7)) <2° 3 R (w.y) - w(w)]

yeFr yeF
Since (f;), is an orthonormal basis, the spectral decomposition gives
> R (z,y) — 7( Z Fil@) f5(@) i, AN = Zfz 2\,
yer 4,j=2

By symmetry of F' and R, the quantity ° . |R"(z,y) — 7(y))* does not
depend on x € F. Summing over x € F' gives

g0
20 IR (a,y) — n(y)[* = DA
yeF i=2
which yields the upper bound
4dyr (R™(z, Z A2n,

One can show that the eigenvalues of R are the real numbers (1 — k/a)j¢;.<,
with respective multiplicities (Z) for 0 < k < a. Hence

ddyr (R™(z,-),m)" < Z (1 N ,;)% <Z)

k=1
@ a
< €—2nk/a (a) _ <1 +6—2n/a) —1.

Choosing n = (1/2)alog(a) + ca gives

—2¢c a
4dyt (R"(x, ~),7r)2 < (1 + ¢ ) —-1< .

We have e¢ ~* — 1 < 2e72¢ whenever ¢ > 0, which proves the result. a

Another way to avoid the periodicity of the matrix Q is to introduce a
continuous-time version (Z;),, of the chain (Y;,),,. Suppose each coordi-
nate flips* from 0 to 1 or from 1 to 0 at random times. More precisely, let
(N (i))l@ga be independent Poisson processes with the same intensity 1/a.
Set A

Z4(i) = Zo(i) + N mod 2.

4 Changes to the opposite value.
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Fach coordinate changes independently of the others at exponential times
with parameter 1/a. This dynamics can be summarized by the infinitesimal
generator of the process L = Q — I: for every function f from F' to R and
every x € F|

L) = S (F) ~ F(@) =

y~z

SR

Z(f(x(i)) - f(x))

where x(;) € F' is obtained from x by flipping coordinate i°The uniform dis-
tribution 7 solves 7Lk = 0 and is the invariant distribution of Z.

Theorem 9.5 (Long-time behavior of the continuous-time model). For every
t>0,

max dyt (Loi(Zy | Zg = z),7) < P(S, > t)

HAS

where Sy '= maxigica i and Ey, ..., E, are i.i.d. real random variables with
distribution Exp(2/a).

Proof. We use the coupling proof of Theorem 9.3. First, in the same way, for
every x € F|

dyr (Loi(Z; | Zo = 2),7) < max dyt (Loi(Z; | Zo = z),Loi(Z; | Zo = 2')).
'€

Then construct a coupling as follows: the coordinate pairs (Z.(), Z/(i)), <;<,
evolve independently, and for each 4, Z;(i) and Z}(i) are independent until
they meet and remain together thereafter. The infinitesimal generator IL of
the process ((Zt, Z{)),s is given, for every function f from F' x F' to R and
every (z,2') € F x F, by

Lf(z,a') = %Z((f(x(i),x’(i)) — F (2 gyt
=1

+ (F(@ay ') = f (@0 ey )

It coincides with L when f depends only on the first or only on the second
variable: Z and Z’ are chains with generator L. Take the initial condition
(Zo, Z) = (x,2"). As in the coupling proof of Theorem 9.3, the distribution
of the global coalescence time

Sy:=inf{t >0: 2, =27}
depends on (z,z’) only through d := d(z,z’), and

dyT (LOI(Zt | Zy = 1‘), LOi(Zt | Zoy = .’L'I)) < IP(Sd > t).
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To bound the tail of Sy, we seek a more convenient representation. Initially,
there are a — d+ 2d = a+ d possible transitions, all with rate 1/a, of which 2d
cause a new coordinate coalescence. This gives a total rate of A = (a + d)/a
and a coordinate coalescence probability of p = 2d/(a + d). The construction
of trajectories® and a property of exponential distributions® show that the
first coordinate coalescence occurs after a random duration Fy exponentially
distributed with parameter

2d a+d 2
A= = —d.
b a+d a a
More generally, for every i € {1,...,d}, coordinate coalescence i°® occurs after

a random duration Fy_,;,; exponentially distributed with parameter
2(d—i+1 d—i+1 2
( ot ) a+d—i+ 24t
a+d—i+1 a a
These durations are independent, and the global coalescence time

Sg:=inf{t >0: 2, =Z,}

has the same distribution as Fy 4+ --- + Fy, where Fy,...,F; are indepen-
dent real random variables with Fj, ~ Exp(2k/a) for every k € {1,...,d}.
Rényi’s lemma 11.3 states that Fy; + --- + F; has the same distribution as
max(Ey, ..., Ey), where Ey, ..., E; are i.i.d. real random variables exponen-
tially distributed with parameter 2/a.

Sy 9 hax E;.
1<i<
For every t > 0, the quantity P(Sy; > ¢) increases with d and attains its
maximum P(S, > t) at d = a, corresponding to z = (0,...,0) and 2’ =
(1,...,1). O

The random time S, is easier to study than the collection completion time
T,, although they have the same asymptotic behavior, as the following result
shows.

Theorem 9.6 (Long-time behavior of the continuous-time chain).

Sa — (a/2) log(a) 1o Gumbel
a/2 a—» 00

where the Gumbel distribution has distribution function t € R — e’

5 If Z is a continuous-time Markov chain on a discrete state space E with infinites-
imal generator G = (G(z,y))s,ycE, then, given that the chain is at  at time ¢,
the next jump occurs after an exponential time with parameter —G(z,z) and
goes to y # x with probability —G(z,y)/G(z, ).

5 Lemma 11.4 states that if G, Fy, Es, ... are independent random variables, with
G geometrically distributed with parameter p and E1, Es, ... exponentially dis-
tributed with parameter A, then the random sum E; + - - - + E¢ is exponentially
distributed with parameter pA.
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As for T, (Theorem 1.17), S, exhibits cutoff around (a/2)log(a) with a
window of width a.

Proof. For every a > 1 and r > —log(a),

]P(Sa— (c;//22)10g(a) <T> :]P(max (E) < C”“Jrak%(“))

Thus, for every r € R,

IP(Sa —(a/2)loga < 7“) e

a/2 a—00

which is the stated convergence. a

9.2 The Ehrenfest urn

Observing the evolution of the chain Y would require determining the posi-
tion of every molecule, which is physically impossible since a is of the order
of Avogadro’s number”. The macroscopic quantity of interest, which we can
measure, is the proportion or number of molecules in urn A. To simplify some
expressions, we shall sometimes assume that a is even. The letter b will then
always denote the integer a/2. To the Markov chain Y describing the system
microscopically, we associate the process (Xn)7120 taking values in

E:={0,1,...,a}
where

X, = z‘l: Y. (%)
i—1

is the sum of the coordinates of Y,,, describing the system macroscopically.

Theorem 9.7 (The Ehrenfest chain). The process (Xn)n>0 is a Markov chain
on E with transition matriz

z/a sid/ =x—1;
P(z,2')=<X1—-x/a siz' =x+1; pour tousz,z’ € E,

0 sinon,

7 This number, approximately 6.022 x 10?3, defines the mole and corresponds to the
number of atoms in 12 grams of carbon 12. It is also approximately the number of
molecules in 22.414 liters of an ideal gas under standard conditions of temperature
(0°C) and pressure (1 atmosphere).
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that is irreducible, recurrent, and has period 2. The binomial distribution
Bin(a, 1/2) is invariant and reversible.

Proof. Let F,, and G, be the sigma-algebras generated by the sequences
(Xk)ocren and (Yi)ocpens respectively, and let S(y) = y(1) + -+ + y(a)
for every y € F. Since X,, = S(Y,,), the sigma-algebra F,, is contained in G,,.
Therefore, for every function f from E to R,

By definition of X and since Y is a Markov chain,

E(f(Xn41) [Gn) = E(f(S(Ynt1)) | Gn) = B(F(SVn41)) [ Yn)-
Finally,

B 1) = (1= 2020 ) s 40+ (202 s - ),

Hence

B 0|7 = B( (1- 2 ) 06+ 0+ (22 ) 500, - 1)1 7,

- <1 - )i")f(Xn +1) + <)i">f(Xn - 1),

and thus X is a Markov chain with transition matrix P. It is irreducible
because ¢ and ¢ + 1 communicate for every 0 < ¢ < a, with the convention
a+1 = 0. Since the state space is finite, the matrix is (positive) recurrent. For
every n, X,, and X, have opposite parity, while P%’O > 0, so the chain has
period 2. Note that, in general, the image of a Markov chain under a function
is not a Markov chain. a

9.3 Pressure over time

The pressure at time n in urn A is of the order of

We study the first two moments of this random variable.

Theorem 9.8 (Mean and variance of the pressure). For everyn € IN, writing
a=1—-2/a and f =1—4/a,

E(P,) = % + <]E(P0) - ;)gy”

n 2
Var(Py) = 2+ var(ry gt - (B(R) - 5 ) (02 - )

2
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Proof. By conditioning,

(X1 X,) = (Xo +1) (1 - )Z) X -

=aX, +1.

Taking expectations yields a recurrence for the sequence (IE(P,)), which

immediately gives the formula for the mean. Similarly,

n’

X, Xn
E(X2 1] Xn) = (X, +1)° (1 - a) + (X — 1)27

4
= (1—)X§+2Xn+1.
a

This implies

Var(X 1) = BVar(X,) + 5 B(X,)(a ~ B(X,)

= BVar(X,) +1— %(E(Xo) _ g)zazn,

A straightforward calculation then gives the variance formula. O

Remark 9.9 (Eigenvalues and eigenvectors). Let f be the function on E
defined by f(x) = x — b, where b = a/2, identified with the column vector
(=b,—b+1,...,b—1,b)T. A direct calculation gives Pf = (1 —2/a)f. Thus,
for every n = 0 and every x € E,

E(X, | Xo = 2) — b = B(f(X,) | Xo = ) = P"f(2) = a" f(2) = a"(z — b).

Taking expectations with respect to the distribution of Xy recovers the mean
relation in Theorem 9.8. More generally, one can show that if a = 2b is even,
then the eigenvalues of P are the rational numbers (i/b) ;-

By Theorem 9.8, if urn A is initially empty, then Xy = 0, Py = 0, and the
mean pressure [E(P,) at time n converges geometrically to 1/2 as n — oo.
Moreover, Var(P,) < 1/(4a) since Var(Py) = 0 and o > 3, and Chebyshev’s
inequality gives )

P(IP, —B(P)| 2 €) < 75
Since a is very large, the variable P, is practically deterministic, in agreement
with experiment. Figure 9.2 shows a trajectory of (Pn)n>0 for various initial
conditions.
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Fig. 9.2. Evolution of the proportion of molecules in urn A for initial values 0, 0.25,
and 1, with @ = 4000 molecules.

9.4 Fluctuations around the mean at equilibrium

Suppose the system is at equilibrium: X has the binomial distribution
Bin(a, 1/2). By the central limit theorem, P = X/a satisfies

x -~ . 2 —:c2/2
]P<|P 1/2] > 2\/&) g 21 (@) < e,
where @ is the distribution function of the standard Gaussian A(0,1).

A nonasymptotic bound on this probability can also be obtained using
Chernofl’s inequality. More precisely, if (Z;) 1<i<n are independent identically
distributed random variables with Rademacher distribution (1/2)(d_1 + 1),
then, for every r > 0 and every A > 0,

]P(% il Zi> r) - IP(exp()\i Zi) > e*”’“) < e MTch(A)".

Since ch()) < exp (A%/2) (as follows, for example, from a power series expan-
sion), optimizing over A, which leads to choosing A = r, gives

1 — 2
]P(f Z; > )g —nr?/2
n; r)<e
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This ensures that )
P(|P—1/2] >r) <2 /2.

If a = 6x 102, then taking 7 = 10~ shows that the probability of a fluctuation
exceeding one billionth is less than 2e~3*10”, This extremely small probability
makes the event unobservable.

9.5 When will the urn be empty again?

The Ehrenfest chain (X,,),,5 is irreducible with a finite state space, so it vis-
its every state, and the hitting time of each state is integrable (in particular,
almost surely finite). This may seem paradoxical in view of macroscopic irre-
versibility. Let us therefore estimate these mean hitting times. It is simplest
to start with return times. On the event {Xy = i}, the return time T}; to i is
the random variable

Ty =inf{n >1: X, =i}.

Theorem 9.10 (Mean return times). If a is even and b := a/2, then
E(Too | Xo =0) =2 et E(Ty|Xo =b) ~ Vrb.

Proof. The first result follows from Lemma 9.1. We know that E(T;; | Xo = )
equals 1/7(4), where 7 is the invariant distribution, namely Bin(a, 1/2). We
have m(i) = 27%(%), so the result is immediate for i = 0 and follows from
Stirling’s formula for ¢ = b. ad

We must therefore wait an immense time before the initially empty urn
A becomes empty again! We now seek more precise estimates of the hitting
times of 0 and b starting from 0 or b. Let

m; ;= E(lnf{n 2 0: Xn = j} | X() = ’L)

be the mean hitting time of j for the chain starting from i. Starting from ¢ +1,
the chain must pass through ¢ to reach 0, so, for 0 < i < a,

Mir1,0 = Mit1,45 + My o-
By symmetry, for 0 < i < a,
M i+1 = Ma—i,a—i—1 = Ma—i,0 — Ma—i—1,0-

Thus the numbers (m; ;);; are determined by (m; o);. Now observe that X,, =
0 if and only if Y,, = (0,...,0). Hence the mean time taken by X to go from ¢
to 0 equals the mean time taken by Y to go from any element of F' at distance
i from (0,...,0) to (0,...,0), namely m;. Theorem 9.2 therefore gives, for
0<1<a—1,

a—i—1

a—1
a a a
mMii+1 = Ma—4,0 — Mag—i—1,0 = E Qa—k - E Qa—k = Qi-
k=1 k=1
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Corollary 9.11 (Mean hitting times). We have

)
() s
Q

N}

‘/

<.
|

a .. .
_ E X s11 <
mi,j = £~ k 7
=1
a—j—1
Qf sii>j.
k=a—1i

Theorem 9.12 (Mean hitting times). If a is even and b := a/2, then

1 1 1
a(2 log(2) — 5) —2<mgyp < a(Z + B log(a)>,

1 2
201+ <moe <241+ .
a—1 ’ a—1

Proof of the second pair of bounds in Theorem 9.12. For every 0 <i < a—1,

=t (£ () £ () -

and

Hence

mo,p + Mp0 = 2° E

a—1\"
= ()
Moreover, since my o = My, q, We have

b—1
Mo,q = Moy + Mpq = 2° E

= ()

Separating the first two terms from the rest of the sum gives

1 1 1 b—1
1+ < — <1+ + o
TS S )
which yields the desired bounds. a

Theorem 9.12 shows that the time needed to go from a state of complete
imbalance to perfect equilibrium is utterly negligible compared with the time
needed for the reverse evolution. With 100 molecules, mg 50 is bounded above
by 256, whereas msg ¢ is of the order of 103, or a few thousand billion billion
billion.
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9.6 Further reading

The mixing time of the random walk on the discrete cube exhibits cutoff
around (a/2)log(a) with window a: within an interval of length of order a
around (a/2)log a, the total variation distance between R"(z,-) and 7 drops
from near 1 to near 0. The upper bound is provided by Theorem 9.4, which
can be supplemented by the following estimate from the book by David Levin,
Yuval Peres, and Elizabeth Wilmer [LPWO09]: if n = (1/2)alog(a) — ca with
¢ > 0, then

max dyp (R"(z,-), 1) > 1 — 8¢~ (2c+1),

zEF
This result appears to originate in work by Persi Diaconis and Mehrdad
Shahshahani [DS87]. The eigenvalues and eigenvectors of the transition ma-
trix P of the Ehrenfest chain were obtained by Mark Kac in [Kac47]. They
can also be obtained from those of the transition matrix R of the microscopic
model (the walk on the discrete cube), described in Levin, Peres, and Wilmer
[LPWO09, Example 12.15].

The classical relation between expected return times and the invariant
distribution used in the proof of Theorem 9.10 is established, for example, in
James Norris’ book [Nor98a]. Theorems 9.2 and 9.12 are taken from the book
by John Kemeny and Laurie Snell [KS76].

Molecules move very rapidly between the urns. Microscopic time therefore
differs from macroscopic time. Suppose one unit of macroscopic time corre-
sponds to a urn changes. How does pressure evolve on this new time scale?
Theorem 9.8 immediately implies that, for every t > 0,

1 1\ _ -
E(Plary) =2, 5+ <E<Po>—2)e * et B(Viwy) — Var(Xo)e ™,

since |at]/a tends to ¢. This convergence is only the tip of the iceberg: suitably
rescaled in time and space, the Ehrenfest chain converges in distribution to
the Ornstein—Uhlenbeck diffusion process, as presented in Chapter 27.
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Records, extremes and recruitment

Keywords. Extreme; order statistic.

Tools. Piecewise deterministic Markov process; martingale; random per-
mutation; centred series theorem; Lindeberg-Lévy theorem; exponential dis-
tribution; Pareto distribution; Laplace transform.

Difficulty. **

A headhunting firm wishes to assemble an outstanding team through se-
quential recruitment: each candidate receives a score after an interview, and
the recruiters decide immediately whether to hire them. The aim is to re-
cruit a team that is both excellent and large. In this chapter we compare two
recruitment policies: under the first, a person is hired if their score exceeds
all previous candidates’ scores; under the second, if it exceeds the average
of these scores. The more flexible second procedure should lead to more re-
cruitment, but perhaps lower quality. We model successive candidates’ scores
by a sequence (Xn)n>1 of independent real random variables with common
distribution g and distribution function F. To avoid special cases, we assume
F' is continuous on R. The right endpoint of the support of u is denoted by
Tp:

zp =sup{z € R : F(z) <1} € RU{+o0}.

10.1 Elitism

For every n > 1, the relative rank of X,, among X1, ..., X, is given by
n—1
R,=1+ Z ]l{X“>Xk}~
k=1

Candidate n is hired if their rank is n, that is, if their score breaks the previous
record. The number of records, or people hired, up to time n is given by
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n
Zn = {r—q
i=1

We also define the record times recursively:
Ty =1 et,pourj>1, Tj41 =inf{n>T;:X, > X, pouri<n}.

Lemma 10.1 (Rank distributions). The random variables (R»),, are in-
dependent and, for every n € WN*, R, is uniformly distributed on {1,... ,n},

n

— log(n) + 7+ O(1/n),

and

k-1 w2
Var(Z,) = Z 5 T log(n) +v — 5 + O(1/n),
k=1

where v denotes Fuler’s constant.

Proof. The distribution function F of u is continuous, so for any distinct
integers ¢ and j, P(X; # X;) = 1. In particular, for n > 1, almost surely there
exists a unique (random) permutation o of {1,...,n} such that

Xg(l) << Xa(n).

Moreover, this permutation is uniformly distributed on S,,. Finally, the corre-

spondence between a vector (Ry, ..., R,) and the permutation o is bijective,
hence 1
IP(Rl :Tl,...,Rn:Tn) = 7'
n!
for every (r1,...,7y) satisfying 1 < r; < ¢ for 1 <4 < n. The random variable
Z, is therefore the sum of n independent Bernoulli random variables with
parameters 1, 1/2,..., 1/n. Its expectation and variance follow. O

Note that the sequence (Z,,), -, has the same distribution as the sequence
(|Bnl),>1 of the Chinese restaurant process in Chapter 14; see also Theorem
13.5 on the sequence (Kn)n>1 counting alleles in a sample, obtained when
studying the genealogy of the Wright-Fisher model.

Theorem 10.2 (Asymptotic behaviour of the number of records).

Zn .S. Zn -1 oi
pa g gy Zn1080) do e gy,
log(n) n—oo log(n) n—ee

Proof. Almost sure convergence relies on the centred series theorem recalled
below.
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Theorem 10.3 (Centred series). Let (Qn),>; be a sequence of independent
centred random variables and (bn)n21 a strictly increasing, unbounded (deter-
ministic) sequence of strictly positive real numbers.

b% n—00

. EQ2) 1 ¢ p.s,
Si Z < oo, alors EZQ’“ = 0.
n=1 k=1
We apply this theorem to the sequence (Qn),s, defined by @, =
1{r,=ny — 1/n for n > 1, with b,, = log(n), noting that

Var(Q,)  n—1

b2 n2log(n)?

is the general term of a convergent series.

The second part follows from the Lindeberg-Lévy central limit theorem
recalled below. This extends the central limit theorem to sequences of in-
dependent square-integrable random variables that need not be identically
distributed. The Lindeberg condition means that the total variance is asymp-
totically well distributed.

Theorem 10.4 (Lindeberg-Lévy). Let (Yi);5, be a sequence of independent,
square-integrable, centred real random wvariables. Write S, = Y1 + -+ + Y,
and denote its standard deviation by s, . If the Lindeberg condition holds: for
every € > 0,

1
nIEIéCQZ;EW]l{mpesn}] =0,

then g
2n oL a0, 1).

Sy N—00
Apply this theorem to the variables Y,, = 1(g, —n} —1/n for n > 1, noting
that 1¢}y;|>es,) = 0 for sufficiently large n. a

Remark 10.5 (Using martingales). Theorem 10.2 can also be proved using
the law of large numbers and the central limit theorem for martingales. Set,

forn =1,
L 1
imn:Zn_§ EZE IL{Rk:k}_% .

Then (Mn)n>1 is a square-integrable martingale with increasing process

(M), =3 5t = Ollog(n).
k=1

Thus M, = o(log(n)) almost surely. Convergence in distribution also follows
from the central limit theorem for (M), -
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10.2 Above average

We now construct the sequences (Yy),,5, (Y, Jns1 and (), recursively
by: -
Y1 = )(17 Yl == Yl et T1 = 1,

and then, for every n > 1, by

n+1
. . = = 1
Tht1 =1nf{z>Tn : X, >Yn}7 Yop1=Xr,,, et Y, = n—l—lgn'

For every n > 1, Y, is the performance of the n-th successful candidate, T,
is the number of candidates interviewed to hire n, and Y, is the average
performance of the first n successful candidates.

Theorem 10.6 (Towards maximum quality).

.S.
Y. p_> Tp.

n— oo

Proof. The sequence (?n)n>1 is increasing by construction. It therefore con-

verges to a random variable Y taking values in R. We use the following for-
mula: Y, = Ele(Y] —Y;_1)/j. Now let © < zp and € > 0 be such that
x+e<zp. I xp = 400, we may take e = 1. On the event {Y < z}, since
?j <Y < x, we have

X~ oo

y=y Bl 5 Gl 5 S,

Jj=1 Jj=1 Jj=1

Fork>1,set My =#{j <k : Y;>a+ecland Ny =#{j <k : X; > ax+e}.
Then My > Ny, for every k > 1 and Liviserey = M; — M;_y. Thus

o Lyviserey M- Mi o~ M
) B D B DY Fay

j=1 J j=1 J Jj=1
253 Nj ZiNj—Nj,l :i]l{Xj>x+E}.
IO+ T P

It remains to note that almost surely the series with general term 1(x, >, 1¢} /7
diverges, since the associated centred series converges but the series of expec-
tations does not. In particular, it diverges on {Y < z}, implying that this set
has probability zero. O

We now consider the number of candidates that must be interviewed to
form a team of a given size. The following result provides an answer under an
assumption on the convergence of the sequence (?n)n>1 that is fairly often
satisfied in practice.
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Theorem 10.7 (Asymptotic behaviour of the number interviewed). Let the
sequence of random variables (P,,)7121 be defined by Py = 1 and, forn > 2,

P,=1—F(Y,—1). If there exist a real & > 0 and a random variable W such
that P(0 < W < 00) =1 and n“P, % W, then
n (oo}

notl nooo (a4 1)W'

Proof. The idea is to apply Theorem 10.3 conditionally on the sigma-field F
generated by the sequence (Y',),,-, setting, for n > 1,

bn = Z F et QTL = Tn - Tnfl - F avec TO = O
i=1""

n

The sequence (by,),,, is strictly increasing and tends to +oo, since 1/F; is of
order i®/W. More precisely, a sum-integral comparison gives

na+1
by ~ ————.
" (a+ D)W
Moreover, T,, — T,,_1 has a geometric distribution with parameter P,, so

2= 1-P, (a+1)2
53 17) = 5

b2 P? n—oo n?

which is the general term of a convergent series. The centred series theorem
(Theorem 10.3) therefore ensures that

1 & T, s
FZQ,C:—A 2500,
™ =1

by, n— o0

The asymptotic equivalent of b,, gives the claimed result. O

10.3 The exponential distribution case

Theorem 10.8 (Evolution of the average and team size). Suppose the random
variables (X»), >, have an exponential distribution with parameter . Then
there exists a random variable G with a Gumbel distribution, with distribution
function x — exp(—e™%), such that

= 2 = s. Tn .S. G
XY, —log(n) 25 G, AV, —log(n) 2% G, et Py C

n— oo n— oo n2 n—oo 2
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Fig. 10.1. Almost sure convergence of the sequence (Y, — log(n)),,>a-

Proof. By considering the sequence (/\Yn)n>17 we may assume A = 1. With
the convention Yo = 0, set, for every n > 0,

MNn = Yn41 _?n - (n + 1)(Yn+1 _?n)~

Thus Y, = > i=1mj-1/j. Write F, for the sigma-field generated by
(Y1,...,Y,). For every n > 1, the conditional distribution of 7, given

F, equals that of Y, ; — Y, given Y,, and {Y,,; > Y,}; hence, by the
memoryless property of exponential distributions,

P, >a|Fn) =PV >Y,+2|Y,, Yo >Y,) ="

The random variables (1,,),,-, are therefore independent and identically dis-
tributed, with exponential distribution of parameter 1. With h,, = >"}_; %,

we have .
- Me—1 — 1
Y, —h,= —_

The sequence (Y,, — hn),>; is a martingale (partial sums of independent in-
tegrable centred random variables). It is bounded in L? since

(T, = o)) = 3 B < - 1) <0
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Fig. 10.2. Histogram of the almost sure limit of the random sequence (Y, —logn),
and density of the Gumbel distribution.

There therefore exists a random variable G such that Y, — h, converges to
G in L? and almost surely. We now show that (Y, —log(n)) n>1 Converges
in distribution to the Gumbel distribution. It will follow that G = G — v,
where G has the Gumbel distribution and v = lim,,_, o (h,, —log(n)) is Euler’s
constant.

The Laplace transform of Y ,,, denoted by H,,, is, for every 6 > 0,

H,(0) = E(e’(’?"> _ knl % - nz<H(k+0)> .

k=1

Now let (Z,),,», be a sequence of i.i.d. real random variables with exponential
distribution of parameter 1. For every n > 1, let Z(,,y = max(Z1,...,Z,). We
compute the Laplace transform L, of Z,. The density of Z,) is ne™*(1 —
e_z)”_lll[o)Jroo)(z), since P(Z,,) < 2) = P(Z1 < 2)---P(Z, < 2) = (1 -
€ *)"1[0,4-00)(2). Integration by parts gives

Ln(0) := E(e%%m)

= / efoznefz(l — efz)nfl dz
0
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o0
n —0z —2z —z\n—2
= e n—1)e 1—e dz
T /0 (n—1)e*( )

n
= an—l(Q +1),

and a straightforward induction gives

n n -1
Lo(6) = Wm(]‘[(me)) .

k=1 k=1

Hence Y, and Z(n) have the same distribution. In fact, this is only part of
Rényi’s lemma 11.3. Thus, for every real x,

n n—o0
which completes the proof of the first two statements. For the last one, we
have

nP,=n(l—F(Y,-1)) = e~ (Yn—log(n)) P-3 e ¢,

n— oo

which gives Ty, /n? 23 €& /2 by Theorem 10.7. O
n—roo

10.4 The Pareto distribution case

Theorem 10.9 (Evolution of the average). Suppose the random variables
(Xn),>1 have the Pareto distribution with parameter (6, 8), where 6 > 0 and
B > 1, that is, they have the following distribution function:

Fla) = [1 - <§)B] Lo s (@):

Then there exists a random variable Y such that P(0 <Y < c0) =1 and

Yn p-s.
D) e L
Proof. If X has the Pareto distribution with parameter (6, ), then X/6 has
the Pareto distribution with parameter (1,3). We therefore assume 6 = 1 in
the remainder of the proof. Moreover, if X has the Pareto distribution with
parameter (1, 3), then the distribution of X given X > ¢ is that of ¢X. Writing
F, for the sigma-field generated by (Y1,...,Y,), we have, for every x > 1,

P(Y,>aY, 1| Fn1)=P(X>z2Y, 1| X>Y, 1,Y, 1)=a".

where X is a random variable with Pareto distribution of parameter 3, inde-
pendent of F,,_1. In other words, the distribution of Y,,/Y,,_1 given F,_1 is
Pareto with parameter 5. Consequently,
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— n—1Y, 1 +EY,|Y._ n—1+EX)=
E(Ynlfnq):( ) 1n Yo lYno1) _ - ( )YTH.

Set, forn > 1,

—1+EX 1 1
avL:L()Zl‘Fi et bn:n7~
Hj:laj

n n(f—1)
The sequence (Mn)n>1 defined by M,, = b,Y,, is a nonnegative martingale
with expectation 1. It therefore converges almost surely to a nonnegative
random variable M in L'. We omit the fairly technical proof that P(0 < M <
o0) = 1. Finally, note that

— Zlog(H ) —ew(- BZ::; ).

In other words, n'/(8=Dp, converges to a strictly positive real number. O

Corollary 10.10 (Recruitment time). There exists a random variable T tak-
ing values in (0,00) such that

T,
ST ot
Proof. For every n > 1, we have P, = (Y,,_1)~?. The preceding result ensures

that nf/(B=D P, converges almost surely to a random variable W satisfying
P(0 < W < 00) = 1. We conclude using Theorem 10.7. O

10.5 Further reading

One may also study the number M,, of candidates hired after n interviews
and the average A,, performance of the candidates hired after n interviews.

This chapter is mainly based on an article by John Preater [Pre00] for
the exponential distribution case, and an article by Abba Krieger, Moshe
Pollak and Ester Samuel-Cahn [KPSCO08] for the general case. Proofs of
the centred series theorem (Theorem 10.3) and the Lindeberg-Lévy theorem
(Theorem 10.4) can be found, for example, in William Feller’s indispensable
book [Fel68].

Theorem 10.2 can be supplemented with non-asymptotic deviation in-
equalities, in contrast to the convergence-in-distribution theorem. Since the
random variables (R,),,; take values in [0, 1], (Wassily) Hoeffding’s inequal-
ity ensures that, for every r > 0,

"1 272
P(Z,— ) —>r]< —— .
< ;k‘ 7") exp< n)
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This inequality is not very sharp here, since it does not adequately account
for the fact that the variances of the increments of (Z,),-, tend to 0. A
finer lower-tail result follows from (Andreas) Maurer’s inequality for sums of
nonnegative random variables [Mau03], which gives, for every r > 0,

21 r?
P(Z, -y - <—r]< . —
( ,;k ) eXp( 210g<n>)

Finally, we mention the famous secretary problem! which is delightfully
described in an article by Thomas Ferguson [Fer89]. The setting is the same as
in this chapter, but only one person is hired from n candidates. The question is
to find the strategy that selects the best candidate with maximal probability.
The first step is to show that the optimal strategy necessarily has the following
form: fix r between 1 and n, reject the first » — 1 candidates, then select the
first candidate whose score exceeds all their predecessors’. Under this strategy,
the best candidate is hired at rank j (between r and n) if and only if the best
candidate arrives in position j and the candidates numbered r to j — 1 are
worse than one of the first 7 — 1. Thus,

1r—1

P(j est le meilleur et il est sélectionné) = — = .
nj—

and the probability of hiring the best candidate with this strategy is

n n
1r—1 r—-1 1
P =2 07T, Zj—l'

j=r j=r

For z €]0, 1],

The maximal probability is therefore 1/e for an optimal choice of r ~ n/e.

! This optimal stopping problem is a classic of stochastic control and decision
theory. It is also known, among other names, as the marriage problem.
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Fig. 10.3. Convergence of the optimal probability of choosing the best candidate
(crosses) and the ideal proportion (solid line) to 1/e.
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M /M /Infinity queue

Keywords. Exponential distribution; binomial distribution; Poisson distri-
bution; queue; invariant distribution.

Tools. Continuous-time Markov chain; Poisson process; coupling; Wasser-
stein distance; semigroup; infinitesimal generator; generating function;
Markov’s inequality.

Difficulty. **

Queues® are among the most widespread and useful random models. Per-

haps the simplest example is the following: customers queue in front of a
counter called a server. The times separating successive customer arrivals are
modeled by i.i.d. real-valued random variables with exponential distribution of
parameter A, while successive service times are modeled by i.i.d. real-valued
random variables with exponential distribution of parameter p. The expo-
nential distribution is justified by its memoryless property, which suits many
practical situations. We study the number X; of customers in the queue at
time ¢. The process (X¢),, is a continuous-time Markov chain with state
space IN. In Kendall’s notation, this is an M/M/1 queue with rates A and
p: the first M indicates memorylessness? of interarrival times, the second M
memorylessness of service times, and the final 1 a single server. More gen-
erally, M/M/s queues can be defined for any integer s. More generally still,
M/M/s/K includes a maximum queue size K, modeling a waiting room with
limited capacity. An M/M/K/K queue models, for example, a parking lot
with K spaces. Additional phenomena such as impatience, priority, and ser-
vice discipline® can be included. Queues can also be arranged in tandem or
in networks. Finally, it is sometimes more realistic to let arrival rates A and
service rates p vary over time, naturally leading to point processes.

L Called “files d’attente” in French.
2 M stands for “Memoryless”.
3 The standard service discipline is FIFO, for “First In First Out”.
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This chapter treats the M/M/oo queue, arguably the simplest queue to
study and a discrete-state analogue of the Ornstein—Uhlenbeck process. In
the M/M/oo model, customer interarrival times are i.i.d. exponential with
parameter A. Each customer has a dedicated server and begins service im-
mediately upon arrival. Service times are i.i.d. exponential with parameter g,
independent of the arrival process. A special feature of the M/M/co queue is
that the number of customers in the queue always equals the number currently
being served.

The M/M/co queue is a simplified version of M/M/K/K when A/u is
negligible compared with K. It models, for example, the number of cars in
a very large parking lot: cars are customers, parking spaces are servers, and
a car’s service time is its parking duration. Many practical situations can be
modeled by an M/M /oo queue.

To construct the process (Xt)t>0 rigorously, first assume that the queue
is initially empty: Xo = 0. Customer interarrival times are modeled by a
sequence (En)n>0 of i.i.d. real-valued random variables exponential with pa-
rameter A. Customer number n¢ thus arrives at time 7T, := E1 + --- + E,,
which has distribution Gamma(n,\). For every real ¢ > 0, the number of
customers arriving in the time interval [0, ] is

Nt = Z 1{Tn<t}'

n=0

The counting process (Nt)t>o is a Poisson process starting from 0 with inten-
sity A. For every integer n > 0, denote by S,, the service time of customer
n®, who leaves the queue at time F, + S,. The sequence (Sn)n>0 consists
of i.i.d. real-valued random variables exponential with parameter p. Assume
that the random variables Xj, (Sn)n20, and (En)n20 are independent. For
every t € Ry, the number of customers in the queue at time ¢ is

o0
Y r <45}

n=0

In the general case where X, need not vanish, introduce a sequence
(S;l)n>0 of i.i.d. real-valued random variables exponential with parameter p,
independent of X, and model the service times of the initial customers by
Shy .-+ %, Assume that Xo, (Sn),>0: (Sp)ns0s and (En),, are indepen-
dent. For every real ¢ > 0, the number of customers in the queue at time ¢ is

therefore
Xo o0

X = Z ]1{5;L>t} + Z 1{Tn§t<Tn+Sn}'

n=0 n=0
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11.1 Exponential distributions

The following lemmas are useful far beyond queueing theory. In particular,
they play a role in the structure of Markov processes.

Lemma 11.1 (Memorylessness). If Ey and Es are independent exponential
random variables with respective parameters A1 and Ao, then

LOi(EQ — F; | Ey > E1) = EXp(AQ) = LOI(EQ)
that is, P(Ey — By > t| Ey > Ey) = e~ 2! for everyt > 0.

Proof. For every t > 0, we have P(Ey > Ey +t| Ey > E;) = e~ 2! because

A
P(Ey > Ey) = " —1-1)\2

while P(Ey > Ey +t,FEy > Ey) = P(Ey > Ey +t) equals

A
// Ae MU hge 2 dudy = L et
v>g3t A+ Ao

O

Lemma 11.2 (Competing exponential clocks). If (E;);.; is a finite or count-
ably infinite family of independent real-valued random variables with exponen-
tial distributions of respective parameters (N;);cz, with X == Y7, .7 A\ < o0,
then the random variable M := inf,c7 E; has exponential distribution Exp(\).
Moreover, almost surely the infimum is attained at a unique random integer
1, independent of M, whose distribution is given by P(I = i) = X\;/\ for every
1el.

Proof of Lemma 11.2. For every i € T and every =z € Ry,

]P(I]glélll(Ek) >E >x)= )\i/z IgP(Ek >y)e MY dy = Xe_m.

This is the formula for P(I = i, M > x), giving the distribution of the pair
(I, M). O

Lemma 11.3 (Rényi’s lemma on exponential order statistics). If Eq,..., E,
are i.i.d. real-valued random variables with exponential distribution Exp(A
and

min(Ey, ..., E,) = Eqy < -+ < By = max(Ey, ..., E,)

is the increasing rearrangement (order statistics) of E1, ..., Ey,, then
loi El E1 En
(Eay, - Emy) <n, ,n+ +1)
In particular, for every 1 < k < n, with the convention Ey := 0,
loi El Ek Ek
Egpy=—+4++——=F;_ _
(k) n+ +n—k+1 (k 1)_|_7”L—/€—i-1



138 11 M/M/Infinity queue

Proof. To see this, for every bounded measurable function ¢ : R — R,
changes of variables give

E((‘O(E(]-)’ e E(n))) = /[0 ) @(1‘1(1)7 T 71‘(11)) A’ne*)\(ﬂ?1+--<+zn) dl’l R dl‘n

B n'/ So(yl, s ayn) )\ne—A(y1+~~+yn) dyl e dyn
0<y1 < <Yn

/ o(z1, .y 21+ 4 2Zn) nIA e Anzittlzn) dz,
[07w)n’

where dz := dz; - - - dz,. This means that the random variables
Ey, E@ = Eqy, -5 Em) = En-1)
are independent with Ey — Eg_q) ~ Exp((n —k +1)A), 1 <k < n. O
Note that the distributional identity for the minimum

i1
min(Ey, ..., E,) = By 2 B

is a special case of Lemma 11.2 with I = {1,...,n} and A\; =--- = \,. The
identity for the maximum
i B E,
max(Ey, ..., Ey) = By 2 =2 4. 4 =2
n 1
is proved differently in Theorem 10.8 (using Laplace transforms) and Theo-
rem 13.4 (through the density, by induction on n). It also appears in Chap-
ters 1, 9, and 17 (Yule process). We use it in the next section for the half-life.

Lemma 11.4 (Stability under geometric summation). Let G, Ey, Es, ... be
independent random variables, with G geometric of parameter p €10,1] and
FEh, Es, ... exponential of parameter \. Then the random sum Fy + ---+ Eg
is exponentially distributed with parameter pA.

Since Fy + - -+ + E, ~ Gamma(n, \), a geometric mixture of gamma dis-
tributions with the same scale parameter is therefore exponential.

Proof. For every t € R and every k > 1, we have E(e®F*) = X\ /(X — it) and

o0
E(etFrt+Ea)y — Z E(eFrt+EP(G = n)
n=1

= 3 B (1 - p)"
pE(e"™)
=B )1 p)
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__
o \p—it

O

Lemma 11.4 says that accepting each customer of the Poisson arrival pro-
cess (with parameter A)) with probability p produces a “thinned” Poisson
process of intensity pA.

The following lemma completes our short catalogue of fundamental
exponential-distribution properties. For example, it implies that the sample
paths of the Poisson process (N¢),, are well defined (they do not explode).

Lemma 11.5 (Zero-one law). If (E,), -, are independent real-valued random
variables with exponential distributions of respective pammeters (/\n)n>17 with
0 <\, < oo for everyn > 1, then the event {d> >~ = oo} has probability
0 orl and

(o)
1
IP(ZZO:l E, = oo) =1 si et seulement si Z =
n=1""

The series Y.~ | E,, diverges a.s. if and only if it diverges in mean.

Proof. The variable To, = Y..° | E, takes values in Ry U {oo}. Mono-
tone convergence gives E(Ts) = Y .o 1/A, in Ry U {co}. Consequently,
if Y07, 1/A, < oo, then E(T,) < oo and hence P(T, = o0) = 0. Indepen-
dence has not been used. Conversely, monotone convergence and independence

give
oo o] -1
1
-T -E
“T[E[e 2] =T (1+—) .
=Iee = ()
Now > >° 1/, = oc if and only if []°2, (1 + 1/A,)~* = 0, since for every
sequence (), of nonnegative real numbers, the product [T'2,(1 + ay)
converges if and only if the series Y, a,, converges. Thus, if > ° 1/\, =
00, then E(exp(—Ts)) = 0, hence P(To = o0) = 1. O

11.2 Half-life of the initial customers

If 4 = 0, the process (X¢),, coincides with the Poisson process (Xo + Nt);
starting from Xy with intensity A, where (Nt)t>0 is the Poisson arrival process,
hence X; — +o0 a.s. abt—>001on>0and/\>0

In this section, consider instead the case A = 0 and Xg = N. The queue
contains N customers at time ¢t = 0, and no new customers arrive. The process
(Xt);>0 is then a pure death process, and X; has distribution Bin(V, e Ht),
hence Xy — 0 a.s. ast — oo if u > 0 or Xy = 0. In the introductory notation,
the service times of the N initial customers are S7, ..., S} . Successive service
(N)

)

completion times are denoted by (Tn""); ¢, < n:
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min(Sy,...,S)) = Tl(N) <0< TI(VN) = max(S],...,9)).

We have X; =0 if ¢ > TJ(VN). Rényi’s lemma 11.3 states that the real-valued
random variables

(T enen ot TN =T~ et T =0
are independent and exponential with respective parameters

(N =n+Dp)cnen

We study the half-life TEJJ\\,]/)2 | the time by which half of the N initial customers

have left the queue.
Theorem 11.6 (Convergence of the half-life). We have

T(N) p-s. 10g(2)
IN/2) NS

Proof. For simplicity, omit the superscript “(N)”, assume that N is even, and
set M := N/2. First observe that

N/2 N/2

E(Ty/2) = ZE(Tn) = % Z: N%n—kl
_1 _ _ log(2)
- H(H(N) H(N/2)) . +o(1),

where H(n) is the harmonic series. Moreover,

M
Ty — E(TM) = Z(Tn - ]E(Tn))’

n=1

where the variables (7, — E(Tn))n>1 are independent and centered, and 7, —
E(7,) has the same distribution as (E — 1)/u(N + 1 — n), where F is ex-
ponential of parameter 1. To establish convergence, use Markov’s inequality
with a sufficiently high-order moment. The moment of order 4 is controlled
as follows:

M
E[(Ty - E(Tu))'] = Y E[(r — E(a))*]
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(B[ -7’ 3

4

n? m?2
1+ M<m#n<N

N N 2
9 1 6 1
<% > hek(> &,
since E((E —1)?) =1 and E((E — 1)*) = 9. Thus

E[(TM - E(TM))AL} =0(N7?).

Markov’s inequality then gives, for every r > 0,

C
P(|Th — E(Ta)| = 1) < ANT
Finally, the Borel-Cantelli lemma gives T Ng log(2)/p. O
—00

Remark 11.7 (Half-life and radioactivity). The lifetime of carbon-14 atoms
is well modeled by an exponential random variable with half-life 5734 years.
This allows archaeologists to date organic material samples.

11.3 Distribution of the number of customers

This section computes the distribution of X; using two different methods.

Theorem 11.8 (Distribution of X;). For every k € IN and every t > 0,

Loi(X; | Xo = k) = Bin(k, e ") * poi<A(1 _ e_m))
W

with the convention Bin(0,p) = §y. Moreover, if Xo ~ Poi(a), then

X~ Poi(i(l — e*’“) + ae“t>.

Proof. Use the introductory notation. By independence,

X() o0
LOi(Xt ‘ X() = k’) = Loi (Z ]l{ST/L>t} XU = k) * LOl( H{Tn<t<Tn,+Sn}> .
n=0

n=0

Again by independence (this time of Xo and (5},),,5¢),

Xo k
LOi(Z Lisy >t ‘Xo = k) = LOi(Z ]1{5;>t}> = Bin(k,e™")

n=0 n=0
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since Lygr>ty, ..., Lisy>ey are i.i.d. Bernoulli random variables with distribu-
tion Ber(e™#?). It remains to show that

. oY \ -
Loi(Y;) = P01<M<1 —e “t)) oun Y;:i= Z Lyr, <t<Tnt5,1}-

n=0

Recall that (Nt is the Poisson process counting the times (75,),,,. For
t > 0, the random variable N; = card{n > 1 : T,, € [0,t]} has Poisson
distribution of parameter At. Moreover, conditional on Ny = n, the n jump
times have the distribution of a sorted sample of n i.i.d. real-valued random
variables uniform on [0,¢]. A customer arriving at a random time uniform on
[0,¢] is still in the queue at time ¢ with probability

1 1

o) =1 [ 1= Fulo)ds = 1= ),

where F), is the distribution function of Exp(u). Independence thus gives, for
every k € IN,

P(Y:=k) = iP(Yt =k| Ny =n)P(N¢ =n)
n=~k

=5 () )atra -ty te B0
n==k

n!
— o~ Ma(t) (Atg(t))
B K
showing that Y; has Poisson distribution of parameter A(1 — e~ %)/ p. O
Remark 11.9 (Arbitrary service distribution and the M/G/oco queue). If
service times are i.i.d. with an arbitrary distribution function F, the proof of

Theorem (11.8) shows that the conditional distribution of X; given Xoq =0 is
Poisson with parameter

¢
)\/ (1 - F(s))ds.
0
This is called an M/G /00 queue, where G stands for “General”.

Theorem 11.8 can also be obtained using the Chapman—Kolmogorov equa-
tions. This approach applies to continuous-time Markov chains far beyond the
particular case studied here.

Theorem 11.10 (Chapman—Kolmogorov equations). For all t € Ry and
n € N, let py(t) := P(X; = n). The functions (pn),c are of class C* and
satisfy the infinite system of linear differential equations

VnelN, p(t)=—(A+nu)pn(t) + Apn_1(t) + (n + 1) pupps1(t),

with p_1(t) := 0 for every t > 0, for a given initial distribution (pn(0)),,cp-
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Proof. To compute p,(t + h), observe that if X;,j = n, one of the following
mutually exclusive conditions holds:

1. X, = n for every u € [t,t + hl;

2. X; = n — 1 and exactly one transition (n — 1 — n) occurs in the time
interval [t,t + hl;

3. X; = n+ 1 and exactly one transition (n + 1 — n) occurs in the time
interval [t,t + h];

4. at least two transitions occur in the time interval [t,¢ + h].

By Lemmas 11.1 and 11.2, the process remains in state n for an exponential
time of parameter A+ ngu, then jumps from n to n —1 or n+4 1 with respective
probabilities np/(A+nu) and A/(A+np). Conditioning on the event {X; = n}
gives

pn(t + h) = pn(t){l — Ah — nuh} + /\hpn—l(t) + (n + 1)Mhpn+1(t) + O(h)
Letting h tend to O yields the desired result. a

The following corollary of Theorem 11.10 states that the generating func-
tion of X; solves a partial differential equation. It therefore provides a new,
analytic proof of Theorem 11.8, based on generating functions (or Laplace
transforms). For all t € Ry and s € [—1,1], let

G(s,t) :=E(s*") = an(t)s".
n=0

Corollary 11.11 (Generating function of X;). If Gg is the generating func-
tion of Xo, then for every t > 0 and every s € [—1,1],

G(s,t) = Go(1 — e M 4 se™H) exp (:(1 —e M) (s — 1))

Proof. By the Chapman—Kolmogorov equations (Theorem 11.10),

0,G(s,1) = 3 1, (1)s"

n=0
[e%S)

> (A + n)pa(t) + Ap—1(t) + (0 + 1) ppp 41 ()™

n=0

-A(1-y9) an(t)s” +p(l—s) Z npn(t)s™ L
n=0 n=0

The function G therefore solves the partial differential equation

0tG(s,t) = (1 — s)[u0sG(s,t) — AG(s,)].



144 11 M/M/Infinity queue
Set H = log(G), then change variables to (s,7) = (s, (1 — s)e™#t). Writing J
for the function such that H(s,t) = J(s,7), the function J takes the form
A
J(Sa T) =—s5+ h(T)a
7
where h remains to be determined. Equivalently, H has the form
A —put
H(s,t) = =s+h((1—s)e ").
1
Conclude by observing that h is characterized by H(s,0) equaling log(Go(s))
for every s € [—1,1]. O

The process (Xt)t>0 is a continuous-time Markov chain. Its Markov semi-
group is the family of operators (Pt)t>0 defined as follows: for all t > 0 and
f:IN—= R, P.f is the function N — R given by

Pif(n) = E(f(X:) | Xo = n).

If v is a probability measure on IN, denote by v P, the distribution of X; when
Xy has distribution v. For every bounded function f,

vPif =) wv(n)Pif(n

nelN

By Theorem 11.8, the probability measure P;(-)(n) is the distribution

Bin(n, e ") x P0i</\(1 - e_“t)>.
w

Remark 11.12 (Fundamental properties of the Markov semigroup). The
semigroup (Pt)t>0 satisfies the following fundamental properties:

1. Identity: Py = I, meaning Pof = [ for every f;
2. Positivity and normalization: if f > 0, then P,f >0, and P,1 =1;
8. Semigroup property: for every function f and all s,t > 0,

Prysf = (PioPy)f;
4. Chapman—Kolmogorov equation: for every function f,
OPf=LPf=PLf;
where L is called the infinitesimal generator of X and is defined by

Lf(n) :=A(f(n+1) = f(n)) +nu(f(n—1) = f(n)).
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Formally, everything behaves as if P, = et™. The first two properties are
immediate. The third follows from the explicit formula for P, and restates the
Markov property. The last follows from 8 and an argument analogous to the
proof of Theorem 11.10.

Remark 11.13 (Reading the dynamics from the infinitesimal generator).
Define the transition kernel

A N

Vim —2 G+ —H 5
@n.-) A+np +1+/\+7w

1

and the holding rate D(n) := A+nu. The infinitesimal generator then becomnes

Lf(n) = D(n) / (f(m) — (1)) Q(n, dm).

The generator reveals an algorithm for simulating sample paths: conditional on
being at n, the process X jumps after an exponential time of parameter D(n)
to n+1 with probability \/(A+nu) and to n—1 with probability nu/(A+nw).
Another example appears in Chapter 9, page 114. Note that L can be viewed as
a matriz with infinitely many rows and columns by setting L(n,m) := L1, (m),

so that Lf(n) =3, - L(n,m)f(m).

Any reasonable Markov process has an associated semigroup and infinites-
imal generator. While the latter is often explicit, the measures P;(-)(x) rarely
are. In this respect, the process studied here is remarkable.

11.4 Long-time behavior

Use the notation

A
p:=— et m:=DPoi(p).
0

If Xo ~ 7w, Theorem 11.8 ensures that X; ~ 7 for every ¢ > 0. Thus the
distribution  is invariant under P;. Equivalently, 7L = 0. As for all birth-and-
death processes, the invariant distribution 7, if it exists, is also reversible for L
(or P,): L and P, are self-adjoint in L?(r). Finally, for any initial distribution
(of Xo),

loi
Xy — .
t—o0

We now aim to quantify this convergence in distribution.

Let P;(IN) be the set of probability measures v on IN having a moment
of order 1, namely those v : IN — [0,1] satisfying >  yv(z) = 1 and
Y osew Zv(x) < oo. The Wasserstein distance on Pi(IN) is defined, for all
v, € P1(IN), by the variational coupling formula

Wi (v, 7) :=inf {E|X — X|: X ~v, X ~7}.
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Relate this distance to the total variation distance introduced in Chapter 1.
For integer-valued random variables, X # X implies | X — X| > 1. Thus

dVT (V, 17) < Wl(l/, 17).
Theorem 11.14 (Wasserstein contraction). If v,» € P1(IN), then
Wi (vP;, 0P;) < e MWy (v, 1),

where, for every n € P(IN), nP; is the distribution of X; when Xy has distri-
bution n.

Proof. Use coupling. First suppose that v = 4,, and 7 = §,, with m < n.
Let X, have distribution d,, P; and let B; have distribution Bin(n —m, e‘“t),
independently of X;. By Theorem 11.8, the random variable X, = X, + B,
has distribution 6, P;. Thus

EX, — X| = E(By) = (n —m)e ™.
Since (Xt,f(t) is a coupling of (0,, P, 6, P;),
W1(0m P, 6, ) < e (n—m) = e W1 (5, 0n).

Now conclude in the general case. Let v and & belong to P;(IN), and let
(Xo, Xo) be a coupling of v and . As above, construct (X;) and (X;) such
that
Loi(|X; — X;|| X0, Xo) = Bin(|Xo — Xo|, e **).
We deduce that
Wi (vP,, vP;) < e M| Xy — Xo.

Taking the infimum over all couplings of X, and X gives the desired property.
O

This contraction result bounds convergence in Wasserstein distance of the
distribution of X; to the invariant distribution 7 of X. The resulting conver-
gence rate does not depend on the birth rate A!

Corollary 11.15 (Convergence to equilibrium). If v € P;(IN), then
Wi (vP;, ) < e MWy (v, 7).

Remark 11.16 (Optimal convergence rate). The constant p in the expo-
nential convergence to equilibrium at rate e Mt is optimal. Indeed, suppose
convergence held with a constant p' > p. Taking initial distribution v = 6,
with n greater than the mean p of the invariant distribution w, and denoting
by X a random variable with distribution 7, we would have

(n—ple ™ =E,(X;) — p < Wi (6, P, ) < e *'Wy(v,7) = Eln — X|e ",

. . . — ! —
a contradiction, sincen —p >0 and e #**/e”H — 0.
t—o0
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Similarly, one can show that the function P;f converges to the constant
equal to the integral of f under m by proving that its (discrete) gradient
converges to 0.

Theorem 11.17 (Commutation). If f : IN — R, then for every t > 0,
DP,f(n) = e"""P(Df)(n),

where Dg is the function defined on N by Dg(n) = g(n+ 1) — g(n).

Proof. By Theorem 11.8,

Pifin+ 1) =Ef(Z1+--+Zpt1+Y),

where Zi,...,Z,4+1 are independent random variables with distribu-
tion Ber(e™#!), independent of Y with Poisson distribution of parameter
p(1 — e #). Thus
Pifin+1)=E(f(Z1+  + Znt1 +Y))
=e ME(f(Z1+ -+ Z, +1+Y))
+ (= e E(f(Z1 4+ Za+Y)
= e " P(Df)(n) + Pif(n),

which proves the result. a

If f is 1-Lipschitz, meaning that |Df(n)| < 1 for every n € IN, the preced-
ing theorem ensures that P, f is e #!-Lipschitz. This recovers convergence in
Wasserstein distance through the Kantorovich—Rubinstein dual formulation:

Wi (v, v) = sup {/f dv — /f dv : f 1—lipschitzienne}.

Remark 11.18 (Queues, births, and deaths). Figure 11.1 compares sample
paths of M/M/1 and M/M/co queues. These queues are birth-and-death pro-
cesses®, namely continuous-time Markov processes with state space N and
nearest-neighbor transitions. Their infinitesimal generator has the form (with
the convention pg = 0)

Lf(n) = A(f(n+1) = f(n)) + pn(f(n = 1) = f(n)).

The M/M/1 case corresponds to constant n € N — X\, and n € N* — p,,
whereas M/M/oo corresponds to constant n € N +— X\, and pu, = nu for
every n € IN. The case of linear n — A, and p = 0 is the Yule process (a
continuous-time Galton—Watson process with offspring distribution ds ).

4 Also called “life-and-death processes”.
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M/M/1 and M/M/infinity paths with equal means
100 T T T

| O S o ST Ly B I ool
20 30 40 50 60

Fig. 11.1. Initial sample-path segments of an M/M/1 queue with parameters 1
and 3 and an M/M/oo queue with parameters 1 and .5. Both start from 100. The
first process has invariant distribution geometric on IN with parameter 1/3; the
second has Poisson invariant distribution of parameter 1/.5 = 2. In both cases, the
invariant distribution has mean 2. The first path exhibits linear behavior and the
second exponential behavior.

11.5 Further reading

Classical results about exponential distributions can be found, for example, in
James Norris” book [Nor98a]. Geoffrey Grimmett and David Stirzaker’s book
[GS01] studies a discrete-time version of the process X. Amusingly, it can
model the number of typos remaining in a manuscript after n proofreading
passes: in each pass, the author independently corrects each typo with prob-
ability p and inadvertently introduces a Poisson-distributed number of new
ones (the law of rare events or law of small numbers).

Suitably rescaled, this discrete-state process converges to the Ornstein—
Uhlenbeck process studied in Chapter 25. See, for example, Philippe Robert’s
book [Rob00]. More generally, that book gives an accessible and fairly general
study of queues using martingales and point processes. See also the book by
Frangois Baccelli and Pierre Brémaud [BB03].

Many other results can be established for the process X. For example,
[Cha06] gives functional inequalities related to its long-time behavior. The
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commutation relation in Theorem 11.17 is a remarkable semigroup property.
The Ornstein—Uhlenbeck process satisfies the same relation with the discrete
gradient D replaced by the usual gradient on R. This connection is an instance
of a more general phenomenon treated in Chapter 27. Slightly weaker versions
for more general processes provide estimates of convergence to the invariant
distribution; see, for example, the article by Pietro Caputo, Paolo Dai Pra,
and Gustavo Posta [CDPP09].
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Wright—Fisher model

Keywords. Population dynamics; population genetics.

Tools. Markov chain; martingale; optional stopping theorem; spectral de-
composition.

Difficulty. **

This chapter considers models of genotype evolution across generations
in a population of constant size. The starting point is the Hardy—Weinberg
law, related to Mendelian theory in an infinite population. We then present
classical finite-population models: Moran’s model, followed by Wright—Fisher
models. The final section treats Cannings’ model, which generalizes them.

12.1 Hardy—Weinberg law

Mendelian theory ensures the preservation of genotype variability.

Theorem 12.1 (Hardy—Weinberg law for Mendelian theory). Consider al-
lele frequencies for a geme with two possible alleles A and B in an ideal
hermaphroditic diploid® population:

1. generations are separate (they do not coexist);
2. the population is infinite;

3. individuals mate randomly (no mate choice);
4. there is mo migration, mutation, or selection.

If p € 0, 1] is the proportion of A alleles in the initial population and 1 —p the
proportion of B alleles, these proportions remain the same in each subsequent
generation. Moreover, if r, s, and t are the respective proportions of genotypes

! Hermaphroditic: each individual can be male or female (bisexuality).
2 Diploid: possessing two sets of similar chromosomes.



152 12 Wright-Fisher model

AA, AB, and BB in the initial population, with r + s +t = 1, then the
frequencies of AA, AB, and BB in every subsequent generation equal

52 s s 5\2
o) 20 g)leg) ()
(r+3) r+3)(t+3). (t+3
Note that p = r + s/2 (contributions from AA and AB normalized to 1).

Proof. An individual of type AA arises

o with certainty from a pair AA and AA, which forms with probability 72;
o with probability 1/2 from a pair AA and AB, which forms with probability
2rs;
o with probability 1/4 from a pair AB and AB, which forms with probability
2
s°.

The frequency of genotype AA in generation 1 is therefore

r2+rs+£ = <r+f>2.
4 2
By symmetry, the frequency of genotype BB is (¢ + 5/2)2. The remaining
frequency follows by subtraction. Applying these formulas again shows that
the proportions are constant from the first generation onward. The frequency
of allele A in the initial population is 2r + s (normalized to 2 because each
individual has two alleles). In the next generation it is

5\2 s s
2r+3) +2(r+3)(t+5) =2 +s

and is therefore constant over time. O

The Hardy-Weinberg law generalizes to a locus® with several alleles

Aq,...,A;. Dominance relationships between alleles do not affect allele-
frequency evolution. In practice, Hardy—Weinberg behavior is observed in
many populations beyond the assumptions made here. Substantial departures
from these assumptions are needed to break this equilibrium and produce
evolution across generations. This motivates the models studied in the rest of
the chapter, describing finite-population evolution.

12.2 Moran model

The Moran model is an extremely simple model of changes in the frequencies
of different alleles of a gene over time. In this section, consider two alleles A
and B in a hermaphroditic population of constant finite size N, with separate
generations and no migration, mutation, or selection. To move from generation

3 Locus: the precise location of a particular gene on a chromosome.
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n to generation n+1, sample two individuals with replacement from generation
n: the first has two offspring, both inheriting its allele, the second has no
offspring, and every other individual has exactly one offspring. Denote by X,
the number of A alleles in generation n. The number of A alleles

« increases by one if the sample with replacement gives (A, B);
o decreases by one if the sample is (B, A);
e otherwise remains constant.

We can realize (Xn)n>0 as a random recurrent sequence as follows. Let
(Un),s1 and (Vy,),,5, be two independent sequences of 1.i.d. real-valued ran-
dom variables uniform on [0, 1]. Let X be a random variable taking values in
{0,1,..., N}, independent of those introduced above. Set

Xn+1=Xn + Ly, . <x. /Ny — Liv <X, /N}-

The sequence (Xn)n>o is a Markov chain on {0,1,..., N} with transition
matrix P given, for all z,y € {0,1,..., N}, by

(N —x) si |z —y| =1;
Pz,y) = 3z (o*+ (N —2)* siy=u
0 sinon.

States 0 and N are absorbing. The others lead to {0, N} and are therefore
transient. The first time at which only one allele is present is denoted by

T:=inf{n>0: X, € {0,N}}.

We call T' the fization time. Since the state space is finite, the hitting time
T of {0, N} is almost surely finite and integrable:

P(T<oo)=1 et E(T) <.
Moreover, X7 has a Bernoulli distribution supported on 0 and N, and

X, 25 X

n—oo

We have P(X7 = 0) + P(Xr = N) = 1. The event {X1 = N} (respectively
{Xr1 = 0}) means that allele A (respectively B) becomes fixed.
Use the standard notation P, = P(-| Xo = z) and E, = E(-| Xo = z).

Theorem 12.2 (Fixation state and time). For every z € {0,1,...,N},

P.(X7=N)=1-P,(Xr =0) = %

Moreover, for every p €]0, 1],

E,n (T) ~ —N?*(plogp+ (1—p)log(l—p)).
N—o00
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Proof. Consider the case Xg ~ d,. We have P, (T < oo) = 1, and since T is a
fixation time, (X,), -, converges a.s. to Xr. The bounded state space allows
dominated convergence, so convergence holds in L', hence

lim E,(X,) = E(X7) = 0P, (X7 = 0) + NP, (X7 = N) = NP, (X1 = N).

n—oo

The formula for P gives, for every n > 1,

(x(N —2)(z—14+2+1)+ (2% + (N — 2)?)x)
N2

E(X, | X1 =2)= =,

hence
E(X,) = B(E(Xy | Xn-1)) =B(Xn1) = = E(Xo) =,

which finally yields P, (X7 = N) = z/N =1 — P,(Xr = 0). These formulas
can also be obtained from the linear system satisfied by the vector of hitting
probabilities for the Markov chain (X5,), 5.

Denote by m(z) = E,(T) the mean fixation time of the chain starting
from 2. We have m(0) = m(N) = 0 and m(z) = 1+ Zg:OP(x,y)m(y) for
every « € {1,..., N — 1}. This gives the three-term recurrence

N2

m(z+1) —2m(z) + m(z—1) = “aN—a)

‘We deduce that

T N2 N—-1 z
m(az)zN(ZNy—i- Z y)
y=1 y=z+1

Let 0 <p < 1. For every N > 1, set xy = |[pN|. Then

m(fEN):isz:N—$N+i TN
N2 N N-y N Yy
y=1 y=zN+1
—1 N —1 N—1
N 1-N-1y N N-1y
y=1 y=zNn+1

P |
— (1-— —dt ~dt .
N p)/olft +p/pt

=—((1—p) log(1—p)+plog(p))

Thus, in a population of size N with large N, the mean absorption time
starting from z = pN with 0 < p < 1 is of order

—N?(plogp + (1 — p)log(1 — p)).
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The function p € [0, 1] — —(plog(p) + (1 —p) log(1 — p)) is the Boltzmann
or Shannon entropy of the Bernoulli distribution Ber(p). It is continuous,
strictly concave, nonnegative, symmetric about 1/2, and attains its maximum
log(2) at p = 1/2 and its minimum 0 at p =0 and p = 1.

Remark 12.3 (Martingale). Let F,, = o(Xo,...,Xy) for every n > 0. Re-
turning to the proof of Theorem 12.2, for every n > 1 we have

E(Xn |]:n71) = E(Xn ‘ anl) =Xn_1.

Thus, besides being a Markov chain, the sequence (Xn)n>0 is a martingale for
its natural filtration (Fy), - In particular, E(Xo) = E(X,) for every n > 1.
The optional stopping theorem states that (XnAT)n>0 is also a martingale, so

E(Xo) = E(Xua7),

which converges to E(Xr) by dominated convergence as n — oo, since T
is finite a.s. and X is uniformly bounded. Since T is a fization time, in
fact X,, = Xpyar. One can also apply the theorem on almost sure and LP
convergence of martingales bounded in LP with p > 1.

12.3 Wright—Fisher model and fixation

The Wright—Fisher model is a simple model of allele-frequency evolution
across generations. Assume a hermaphroditic population of constant finite
size, with separate generations, no migration, and mating independent of the
trait under study.

Initially, ignore mutation and selection. Denote the population size by
N € IN* and successive generations by n = 0,1,2,.... At the locus studied,
two alleles, A and B, are possible. The random variable X,, counts A alleles in
generation n. The population in generation n + 1 is obtained from generation
n by sampling with replacement N individuals from generation n, where the
probability of obtaining A is X,/N. We can realize (X,),, as the random
recurrent sequence defined by

N
. x
Xnt1 = Z]I{Unﬂ.k@l)xn} ol thy 1= N
k=1

where (Umk)nZl,lgng are i.i.d. random variables uniform on [0, 1], indepen-
dent of Xg. For all xg,...,x,, we have

Loi(Xp41 | Xo = o, ..., Xn = @) = Loi(Xp41 | Xpn = z) = Bin(N, ¢,,).

Remark 12.4 (More than two alleles). The Wright—Fisher model with £ > 2
alleles Aq,..., Ay involves the multinomial distribution. More precisely, X,
takes values in {x € N : z; +---+ x4 = N} and

Xn
Loi( X1 | X0, -, Xn) = Loi( Xy 11 | Xa) = Mul(N, 57).
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The sequence (X,,L)n>0 is a Markov chain with state space {0,1,..., N}
and transition matrix P given, for all z,y € {0,1,..., N}, by

P(r,y) = P(Xpp1 = y| X, = o) = (jyv )wzu )N,

States 0 and N are absorbing (two singleton recurrent classes), whereas all
other states lead to {0, N} and are transient. As in the Moran model, when
only one allele remains in the population, it is said to be fixed. The fization
time is

T:=inf{n>0:X, € {0,N}}.
Since the state space is finite, the hitting time T of {0, N} satisfies

P(T<oo)=1 et E(T) < oco.

Moreover, (X,,,)n>0 converges a.s. to the random variable X7, whose Bernoulli
distribution is supported on 0 and N. We have P(X7 = 0)+P(Xp = N) = 1.
The event {Xp = N} means that allele A becomes fixed, while {X; = 0}
means that allele B becomes fixed.

Fisher-Wright size N=100 init X0=25 tmax = 200

Population size

150 200

Fig. 12.1. Some sample paths, up to time ¢ = 200, of the Wright—Fisher chain for
a population of size N = 100, all starting from X, = N/4 = 25.

Use the notation P, = P(-| Xy =z) and E, = E(-| Xy = ).
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Theorem 12.5 (Fixation probability). For every z € {0,1,..., N},
x
=¥
Proof. The proof is identical to that for the Moran model (Theorem 12.2),
since Loi(X,, | X,,—1) = Bin(N, X’;\;l ), hence
Xn—1
N

P,(Xr=N)=1-P, (X7 =0)

E(Xn) = E(E(Xn ‘ anl)) = E(N ) = E(anl) == E(XO) =,

O
Remark 12.6 (Martingale). All of Remark 12.3 (Moran model) remains valid
for the Wright-Fisher model, since for everyn > 1,
anl

E(Xn|]:n71) :E(Xn|Xn71> =N N = An—1,

where F,, := o(Xo,...,X,) for everyn > 0.

Remark 12.7 (Coupling with coin tossing). A geometric random variable
can bound T through coupling. First observe that for every x and every n,

P(X,41 € {0,N}|X,, =z) =P(x,{0,N}) = p.
where

= i — 3 _ N N > —N+1
ps = min Pz, {0,N}) = min (1—s)" +1;" >2
and the minimum is attained at ¥, = 1/2. Thus the chain reaches an absorbing
state O or N before a coin tosser obtains the first heads wusing a coin with
heads probability 2~ N1, To make this argument rigorous, construct the pair of
processes (coin tossing and the Wright—Fisher chain) on the same probability
space. Represent the Markov chain as a random recurrent sequence: for every
x€{0,...,N}, let (Iw,y)ogygN be a partition of the interval [0,1], with I,
of length
|Ir,y| = P(I, y)7

and let (Un)n>1 be a sequence of i.i.d. random wvariables uniform on [0, 1],
independent of Xg. Realize (Xn)n>0 using the recurrence

Xnt1:=y ouy=y(Xn, Upt1) est tel que Uptq € Ix, 4.

One can draw a tower of N + 1 copies of the interval [0,1] with its N + 1
partitions. In this construction, the intervals can always be ordered so that I o
and I, n are the first two from the left. By construction, p, = mingg,<n |Iz,0U
I, n| and

T:=inf{n>0: X, €{0,N}} <Ti:=inf{n>1:1y,<,., =1}

and T, has the geometric distribution Geo(p.). In particular, T is integrable
and hence finite a.s. This coupling method more generally provides geometric
bounds for hitting times of sets by Markov chains.
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The speed of fixation can be quantified by heterozygosity, the probabil-

ity that two genes sampled randomly without replacement from the whole
population in generation n have different alleles. It is given by

H, =

2X, (N -X,) 2
NN=T) N_lVar(Xn+1|Xn).

We have H, = 0 if n > T, hence H, =% 0. The following theorem shows
n—oo

that mean heterozygosity IE(H,,) decreases exponentially over time.

Theorem 12.8 (Mean heterozygosity). For every n > 1,
1
E(H,) = hoA" ot ho = E(Ho), Ai=1-~ €]0.1]

and
Var(X,,) = E(Xo)(N — E(X))(1 — A") + A" Var(Xj).

Proof. 1t suffices to show that for every n > 1,

B(X, (N - X,)) = (1 - jv)nE(Xo(N - Xo).

We have
Then write

E(X7 | X-1) = Var(X,, [ X, 1) + (B(X, | X, 1))

anl
- Xn_l (1 - N> + XfL—l

Collecting terms gives
1
E(X,(N—-X,)) = <1 — N)]E(an(N - Xn1)),

which yields the formula for E(H,,). For the variance, use the formula*
Var(X,,) = E(Var(X,, | X;,—1)) + Var(E(X,, | Xp,—1))-

O

4 More generally, if @ is convex, then Var(p(X) =
Jensen’s inequality, and Var?(X) = E(Var? (X
Var? (X |Y) = E(&(X)|Y) — $(E(X|Y)). If &(¢
ance.

E(2(X)) — ¢(E(X)) > 0 by
|Y)) + Var®(E(X | Y)) where
(t) = 2527 we recover the vari-
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As in the gambler’s ruin problem (Theorem 2.2) and the Moran model
(Theorem 12.2), we seek the mean exit time as a function of the starting
point. For every 0 < « < N, write m(z) = E,(T). Then m(0) = m(N) =0
and, by the (weak) Markov property, we obtain a system of linear equations:
for every 0 < x < N,

N

N N
m(z) =Y Bo(Tlix,=yy) = D (L +E(D)P(z,y) = 1+ Y m(y)P(z,y),
y=0 y=0 y=0

whose unique minimal nonnegative solution is m. Although m can be com-
puted numerically, there is no simple explicit expression for m as for the exit
time from an interval of the simple random walk (Theorem 2.2) or for the
Moran model (Theorem 12.2). Nevertheless, an asymptotic equivalent of m
can be found as the population size N tends to infinity: for every 0 < p < 1,

m(INpJ) |~ —2N(plog(p) + (1 — p)log(1 — p)),

reminiscent of the Moran model (Theorem 12.2). The key is to show that the
sequence of processes Y (V) defined by

1
YW = (=X
( N LNtJ )t€R+
and taking values in [0, 1], converges in distribution as N — oo to a diffusion
process Y on [0, 1] solving the stochastic differential equation

dY, = \/Yi(1 - Y,)dB,.

Details are given in Chapter 27.

Remark 12.9 (Connection with the Moran model). For the Wright—Fisher
model, the expected absorption time is of order N, whereas for the Moran
model it is of order N? (see Theorem 12.2). This is because a Moran transition
changes only one allele, while a Wright—Fisher transition affects all of them.

12.4 Wright—Fisher model with mutation

Now suppose that before the sampling with replacement that produces the
next generation, each individual can mutate independently: allele A mutates
to B with probability u € [0, 1], and B mutates to A with probability v € [0, 1].
The transition between generations thus amounts to first applying a mutation
operator, then an inheritance operator (reversing this order would produce
a different process). This mechanism defines a new process (X)), taking
values in {0,1,..., N} and satisfying

LOi(Xn+1 | Xo, ce ,Xn) = BlIl(]V7 ’L/)Xn)
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where now

x(1—u)+ (N—a:)v.

wz: N

The process X is a Markov chain with state space {0,1,...,N}.

If u = v = 0, we recover the model without mutation. States 0 and N are
absorbing, while {1,..., N — 1} is a transient class. The set of invariant
distributions is {(1 —p)do +pdn : p € [0, 1]}, and starting from z the chain
converges in distribution to (1 — py)do + p.dn, where p, = z/N;
ifu=0and 0 < v < 1, state N is absorbing, while the state set {0,..., N—
1} is a transient class, and the chain converges in distribution to its unique
invariant distribution dy;

if 0 <u < 1and v =0, state 0 is absorbing, while the state set {1,..., N}
is a transient class, and the chain converges in distribution to its unique
invariant distribution dg;

if w=v =1, then {0, N} is a recurrent class of period 2, while the state
set {1,..., N —1} is a transient class. The chain is almost surely absorbed
by {0, N} and then oscillates periodically between states 0 and N;
f0<u<land O <wv<l,orif0 <wu<1and 0 < v < 1, the chain
is irreducible. Since the state space is finite, it is positive recurrent and
has a unique invariant distribution p, which assigns positive mass to every
state. The law of large numbers for Markov chains states that, regardless
of the initial distribution, a.s. for every z € {0,1,..., N},

d{0<k<n: X =
lim 2T {0 n:Xi=x} — u(a).
n—00 n+1

Moreover, the transition matrix has a nonzero diagonal entry, so the chain
is aperiodic and converges in distribution to y from any initial distribution:
for every z € {0,1,...,N},

lim P(X, =) = p(x).

n—oo

The distribution p can be computed numerically but has no simple for-
mula. Its mean m, for example, can nevertheless be determined explicitly.
Indeed, since p is invariant,

N N N N N
m=> yply) =D yy wa)Pz,y) = ux)) yP(zy).
x=0 Yy y=0

=0 x=0 x=0

Since P(z,-) = Bin(N, %), we have

ZyP(w,y) =(1—-u)x+v(N —2x).
y=0

This formula, affine in x, gives a closed equation for m:
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N
m= Z((l —u)x + (N —2))p(z) = (1 —u)m + v(N —m),
=0
hence
_ Nv
m=

For the variance o2 of u, calculation gives

N2uv
o= (u+v)2(2N(u +v) + 1) + 0N 00 (IV).

Note that if © = v, then m = N/2 no longer depends on u and v. Beyond
the first two moments, one can show, as in Chapter 27, that the process

1
YW = (=X
(X ), g,

converges in distribution as (N, Nu, Nv) — (00, a, 8) to a diffusion process
Y on [0, 1] solving the stochastic differential equation

dY; = /Y (1 = Y})dB; — aYidt + 5(1 — Y3)dt,

whose invariant distribution is a Beta(23, 2a) distribution, with mean and
variance
B af

B PO T T P SR

12.5 Wright—Fisher model with selection

Biologically, alleles A and B may confer different abilities on their carriers:
viability, attractiveness, and so forth. This asymmetry drives natural selection.
For simplicity, consider the model without mutation. A selective advantage of
allele A can be incorporated by transforming generation n before constructing
generation n + 1: replace each individual of type A by (1 + s) individuals of
type A, where s > 0 is fixed (think of an urn). This amounts to taking

Loi(Xpi1| Xo - -, Xn) = Loi(Xpi1| X,) = Bin(N, 1y, )

with, this time,
B z(1+s)
S z(l+s)+N-—-2

Va

The process (Xn)n>0 is a Markov chain. Its expectation does not satisfy a
linear recurrence, since v, is not linear in z (unlike the no-selection case
s =0). States 0 and N are absorbing, while {1,..., N —1} is a transient class.
Since 1, is no longer linear in z, the method used without selection (s = 0)
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Fig. 12.2. Invariant distribution and histogram of a sample of size 10000 from Xio0
with Xo = 50, for a population of size N = 100 and mutation rates u = v = 0.05.

no longer computes the fixation probability. Let P be the transition matrix
of X and
m(z) =P, (Xyr =N)

the fixation probability of allele A. We have

N
w(2) = 3 Pla,y)n(y).
y=0

An asymptotic equivalent of 7w can be found as the population size N tends
to infinity and s is close to 0. More precisely, Chapter 27 shows that if Ns —
a > 0, then for every 0 < p < 1,

1 —e 2P

(PN ;2 T o=

Thus, changing s = 0 to s > 0 substantially alters fixation probabilities.

12.6 Cannings model

In the Wright-Fisher model, generation n produces generation n + 1 by sam-
pling with replacement N individuals from generation n. This assigns a num-
ber of offspring to each individual in generation n, with offspring inheriting
the parent’s allele. If y,...,yn denote the offspring counts of individuals
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in generation n (numbered from 1 to N), then y; + --- + yy = N and
(y1,-..,yn) has the symmetric multinomial distribution of size N and pa-
rameter (1/N,...,1/N). This corresponds to rolling N times a fair die with
N faces. This mechanism associating each individual in generation n + 1 with
an individual in generation n can study gene transmission with any number of
alleles: offspring inherit the parent’s allele. Cannings’ model goes beyond this
symmetric multinomial structure by allowing dependence among individuals
in the same generation. It assumes only that the vector (y1,...,yn) satisfies
y1+---+yny = N and has an exchangeable distribution: for every permutation
T € Sn,

loi

(y17 R yN) = (y‘r(l)v s 7y'r(N))'

In particular, the yi,...,yny have the same distribution. Since y; + --- +
yn = N, we deduce that E(y;) = 1 and write 02 = Var(y;). We also deduce
Cov(y1,y2) = —02/(N — 1) because

0= Var(y; +---+yn) = NVar(y1) + N(N — 1)Cov(y1, y2).

Remark 12.10 (Moran model). Like the Wright-Fisher model, the Moran
model is a special case of Cannings’ model. It corresponds to the following
distribution of (y1,...,yn): to pass from generation n to generation n + 1,
sample two individuals with replacement from generation n; the first has two
offspring, the second none, and all others exactly one.

With two alleles, this transition mechanism yields, as for the Wright—Fisher
model, a Markov chain (Xn)n>0 with state space {0, 1, ..., N} given, for every
x€{0,1,...,N}, by

Loi(X,41 | X =) = Loi(yr + -+ - + ).

States 0 and N are absorbing, whereas all other states lead to {0, N} and
are therefore transient. Note that E(Xp41| X, = x) = 2 hence (Xp),, is a
martingale. Moreover,

Var(X,11 | X, = 2)

Var(y1 + -+ + yaz)
= z0” + z(z — 1)Cov(y1,y2)

s  x(z—1)0?

- N_1
_ _2x(N-x)
N-—-1 "~

Remark 12.11 (Multinomial distribution). Let n,d € N* and (p1,...,pq) €
[0,1]¢ with p; + -+ + pa = 1. The multinomial distribution of size n and
parameter (p1,...,pq) is the distribution on the finite set

{(n1,...,na) €N :ny + - dng=n}
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given by (e1,...,eq is the canonical basis of R?)

n!
(pléel +"'+pd58d)*n = E nl'nd'p?l "'pgd(s(nl,...,nd)~
(nh...,nd)E]Nd
ni+--+ng=n

It encodes n rolls of a die with d faces and outcome probabilities p1,...,pq.
It is “symmetric” when py = --- =pg = 1/d. If (X1,...,Xq) has distribution
Mul(n, (p1,...,pq)) and I1, ..., I is a partition of {1,...,n}, then

(X[l,...,X]T) NMU](TL, (p[l,...,pjr))

X7 ::ZXi et pr:= Zpl-.

il i€l
If 1 c {1,...,n}, then X; ~ Bin(n,ps). Thus the marginal distribu-

tions of a multinomial distribution are binomial. We identify Bin(n,p)
with Mul(n, (p,1 — p)). If (X1,...,X4) ~ Mul(n,(p1,...,pq)), then

where

Theorem 12.12 (Spectrum of the transition matrix). The eigenvalues of the
transition matriz of Cannings’ model are

)\0:1 et )\j:]E(ylyQ"'yj) pour 1<]<N

In particular, for the Wright—Fisher model, A\g = 1 and, for 1 < j < N,

)\j:N(N—l)-].\}j(N—j—&-l):(1_;]>m(l_jgfl).

Proof. Consider the Vandermonde matrix

00 0 -- 0
112 13 ... 1N
2 22 923 ... 2N
3 32 3% ... 3V | € My vi1(R).
1N N2N3... NN
Let P € Myy1,nv+1(R) be the transition matrix of Cannings’ model. For all
i,7€{0,1,...,N}, we have

N N
(PV)ij = PisVi; = Pipk! = B(X]| X, =4).
k=0 k=0

Moreover, since
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there exist real numbers b; ; such that

J—1
E(X{ [ Xo =) = B((y1 + .- +3:)) = iV E(yrys - y;) + D bisi”,
k=0

where ,

=i —1)(i—2)---(i—j+1).
To see this, use induction on j, observing that the distribution
Loi(y1,...,yi|yx) is exchangeable. There is therefore an upper triangu-

lar matrix T' € My 41,541 (R) such that Ty o =1, T ; = E(y; - - - y;) for every
je{l,...,N}, and, for all 4,5 € {0,1,..., N},

J
E(X{ | Xo=1i) =Y _ T i* = (VT)i;.
k=0

Thus
PV =VT,

and since V is invertible, the matrices P and T have the same spectrum. O

We have E(y;) = 1, so 1 is an eigenvalue of multiplicity 2, corresponding
to the two recurrent classes {0} and {N}. The second largest eigenvalue is

0.2

2 = B(y1y2) = Cov(yn, y2) + Blyr)” =1 - -

12.7 Further reading

Genetic mechanisms have been widely discussed since their discovery by Gre-
gor Mendel in the nineteenth century. Godfrey Harold Hardy and Wilhelm
Weinberg independently discovered their law at the beginning of the twen-
tieth century. Ronald Aylmer Fisher and Sewall Wright’s model dates from
the 1930s. John Moran’s model dates from the 1950s, while Chris Cannings’
model dates from the 1970s. These models and their extensions are stud-
ied, for example, in the books by Jean-Frangois Delmas and Benjamin Jour-
dain [DJ06], Rick Durrett [Dur08], Warren Ewens [Ewe04], and Simon Tavaré
[Tav04], and in Sylvie Méléard’s lecture notes [Mé13]. They continue to in-
spire research combining biology and mathematics. Diffusion approximations
of Markov chains are treated in Chapter 27. The genealogy of the Wright—
Fisher process is studied in Chapter 13, leading to the Chinese restaurant
process of Chapter 14.
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Genealogies and coalescence

Keywords. Tree; branching; genealogy; Kingman’s coalescent.

Tools. Geometric distribution; exponential distribution; multinomial dis-
tribution; Poisson distribution; Ewens distribution; Galton—Watson process;
Wright-Fisher model.

Difficulty. **

In this chapter, we study the genealogy of the Wright—Fisher process from
Chapter 12, relating it in particular to the Chinese restaurant process of Chap-
ter 14. This study leads to Kingman’s coalescent process.

Consider the evolution of a population of finite size N, constant across
generations. Assume that generations do not overlap and that, for every n >
0, generation n dies while giving birth to generation n + 1. The transition
mechanism is Markovian: generation n + 1 depends on generation n and an
independent source of randomness. In each generation, number the individuals
from 1 to N. For every n > 0, let a?™" be the number of the parent of
individual 4 in generation n + 1. This parent belongs to generation n. Assume
that the random variables af*', ... ,a;i;rl are ii.d. uniform on {1,...,N}.
Denote by v]* the number of descendants in generation n + 1 of individual ¢
alive in generation n. The random variables (v}), <i<n are not independent,

since they satisfy v{* +--- 4+ v} = N. We have

N

n __

v, = E ]]'{a;“rl:i}'
Jj=1

Consequently, the random vector v = (v, ..., v} ) has the multinomial dis-
tribution of size N and parameter (1/N,...,1/N), that is,

i . N! \v
P =n1,...,vy =ny) = '(N> L4 dny=N}-

n!...ny!
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If each individual is represented by one allele, A or B, of a two-allele gene, and
the number of A alleles in generation n equals x, then the number of A alleles
in generation n + 1 has binomial distribution Bin(N,z/N). We thus recover
the Wright—Fisher model of Chapter 12. The connection with the multinomial
distribution was already observed when studying Cannings’ model in Chap-
ter 12. Here we constructed the Wright—Fisher model backward through gen-
erations, as illustrated in Figure 13.1. Each individual of generation n+1 has
an ancestor in generation n chosen independently of the others and uniformly
on {1,...,N}. Some members of generation n therefore have no descendants

in generation n + 1, causing the phenomenon of genetic drift (fixation of an
allele).

Remark 13.1 (Poisson and multinomial distributions). If Y7,...,Yn are
independent Poisson random variables with respective parameters 01, ...,0n,
then

Loi((Yy,...,Yn)[Y1+ -+ + Yy = N) = Mul(N, (p1, ..., pn))

where py, = O /(61 + - + On) for every 1 < k < N. In particular, if 01 =
<+ = 0Oy, then py = -+ = py = 1/N. Thus the Wright—Fisher model is
a Galton—Watson process with Poisson offspring distribution, conditioned to
have a fixed population size; see Chapter 3.

The Wright-Fisher model without mutation exhibits genetic drift: one
allele prevails over the other, and the population becomes homozygous after a
random but almost surely finite number of generations. Likewise, after some
number of generations, all individuals descend from a single ancestor. We now
aim to describe and quantify this phenomenon.

Since individuals choose their parents independently and uniformly, the
probability that two fixed individuals have distinct parents (in the preceding
generation) equals N(N—1)/N? = 1—1/N. These parents in turn choose their
own parents independently, so the probability that the first common ancestor
of two given individuals lies more than r generations in the past is (1—1/N)".
The time T to the most recent common ancestor (MRCA) therefore has a
geometric distribution on IN* with parameter po = 1/N. Now consider three
individuals and denote by T4 the time to an MRCA for at least two of them
(the first coalescence time among three individuals). We have

P(T;>1)=

Parental choices are independent in each generation, hence, for k > 1,

3 2\*
P(Tg>k):(1—N+N2> .

Thus T4 has geometric distribution of parameter p3 = 3/N — 2/N?2. Denote
by T5 = T4 + T4 the time to an MRCA for all three individuals (here Ty :=
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Fig. 13.1. In the Wright—Fisher model, everything behaves as if, in each gener-
ation, each individual independently chose a parent uniformly from the preceding
generation and inherited from it. The diagram illustrates these parent-offspring re-
lationships over several generations for a population of size N = 5. This genealogical
viewpoint is central to the chapter.

T3 — T4). If the MRCA of two individuals is the MRCA of all three, then
T, = 0. Let us determine the distribution of T3. The probability that three
distinct individuals have the same parent is 1/N?2. The probability that T4 is
zero conditional on T4 = k therefore equals

P(T;=0,T5=Fk) (1—ps)*'(1/N?) 1
/ /! _ 2 9 3 o _
P(Ty =0]T3 =k) = P(T} = k)  ps(1—p3)k-t 3N -2

Since parental choices are independent across generations, the first part im-
plies that the conditional distribution of T4 given T4 = k and Ty > 0 is
geometric with parameter py. Thus, conditional on T4 = k, the variable T}
equals in distribution UV, where U and V are independent with respective
distributions Ber(1 — 1/(3N — 2)) and Geon~(p2).

More generally, the number of distinct parents of a group of k individuals
can be viewed as the number of occupied urns after k balls are thrown inde-
pendently and uniformly into N urns. For every j € {1,..., k}, the probability
that this number equals j is

(N

NN—-1)---(N—3j+4+1)Sk;
gk,j) = P(kindividus ont j parents distincts) = ( ) I+ DSk ,

Nk
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where Sy, ; is a Stirling number of the second kind'. Indeed, there are exactly
N(N —1)---(N —j 4+ 1) ways to choose j distinct parents among N, and
Sk,; ways to associate with these j parents k children; finally, N k counts the
ways to assign k children to their parents. Now define the ancestral process
(AN (7)), e by letting ALY (r) be the number of distinct ancestors in generation
—r of a group of size n at time 0 (time runs backward here). The sequence
(AN (7)), en is a Markov chain on {1,...,n} with transition matrix

Gy ::<9§%)1{j<k})

For this chain, state 1 is absorbing, while states 2,...,n are transient since
they all lead to 1. Fine properties of this chain, such as the hitting time of
state 1, are difficult to study. We therefore replace this discrete-time model
by a simpler continuous-time model.

1<j5,k<n

13.1 Continuous-time genealogical model

Consider the continuous-time Markov chain (A(?)),, on IN* whose infinites-
imal generator is given, for all j, k € IN*, by

() sijz2etk=j-1,
L(jky=4—() sij=2ethk=14
0 sinon.

It is a pure death process on IN* (only jumps from n to n— 1), with absorbing
state 1. The holding time in n has exponential distribution of parameter (72’)
This admits the following interpretation: each pair of individuals seeks a par-
ent independently of all other pairs and finds one after an exponential time
of parameter 1. For n individuals, there are (g) distinct pairs. The minimum
of (Z) independent random variables with common exponential distribution
Exp(1) has distribution Exp((})) (see also Lemma 11.2). Denote by (A4n())s>0
the process starting from n, taking values in {1,...,n}.

We now show that the rescaled discrete-time process converges to the
continuous-time process. Consider the limiting case of large N, with time
measured in units of N generations. The time to the MRCA of two given
individuals is then T4/N, where Ty has a geometric distribution on IN* with
parameter po = 1/N.

Lemma 13.2 (Exponential distribution as a limit of rescaled geometric distri-
butions). If (Vn)n>1 s a sequence of geometric random variables with respec-
tive parameters (,un)n>1 such that limy, oo nu, = u > 0, then (n_an)n>1
converges in distribution to the exponential distribution of parameter u.

! The number of ways to partition a set of k elements into j nonempty sets. These
numbers also appear in Chapter 1 in the study of the coupon collector!
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Proof. Use characteristic functions. If V'~ Exp(u), then

it/n
PV fnlt) = 17— (f”fun)e,.t = [L‘(ﬁ”_ T 5 E = ov(t),
Alternatively, for every = > 0,
P(n~V, > ) = P(V, > nx) = e Hnlnzl 5 g7,
O

For a population of N individuals and a time scale with one unit equal to
N generations, the time 75 to the MRCA of two given individuals is approxi-
mately exponentially distributed with parameter 1. In particular, E(7%) = 1.
We have therefore shown that

(A (INE)) im0 722 (Aa(t)) 0.

Consider the genealogical tree of three individuals. As N tends to infinity,
T3 /N converges in distribution to Exp(1). Similarly, (T4/N,T45/N) converges
to (Ty,T3), where To and T3 are independent with respective exponential
distributions Exp(1) and Exp(3):

ory/n,Ty Ny (8, 1) = E(exp(isTy/N + itTy/N))
= E(E(exp(isTy/N)|T3) exp(itTs /N))

- el ¢ (e

and Lemma 13.2 shows that (A3 (| Nt])),s, converges in distribution to the
process (A3(t));5, as IV tends to infinity. In other words, as N tends to infinity
with time measured in units of IV generations, the mechanism producing the
MRCA of three distinct individuals in the limiting process is as follows:

o after an exponential time 75 ~ Exp(3), a common ancestor of 2 individuals
appears;

o the common ancestor then appears after a time T ~ Exp(1);

e the random variables T5 and T3 are independent.

In particular, in the limit, the probability that the first common ancestor is
common to all three individuals is zero. The result generalizes as follows.

Theorem 13.3 (From discrete to continuous time). For every n > 2, the
following convergence of processes holds in the sense of marginal distributions:

ANz o (An(®)50-

e el
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Proof. We give only an outline. First consider the behavior of the transition
matrix of G for large N. Since Sy r—1 = (g), for every 2 < k < n,

N
gl(c,k)_l = Skk—1

1 -2
NF 9 N-i—(’)(N )

N(N—-1)---(N—-k+1) (k) 1
while for j < k — 1, we have

N N(N—=1)---(N—j+1) _
9 = Sk N = O(N72).

Finally,

k\ 1
g =NTFN(N—1)-- (N—k+1)=1- <2>N +O(N72).
Thus Gy = I+N~1Q+O(N~2). The rest of the proof, omitted here, identifies
the limit of (G )V, 0

13.2 Length of the genealogical tree

The continuous-time process (A, (t))tZO with state space {1,...,n} is a pure
death process: its piecewise continuous sample paths are nonincreasing. It
starts from A,,(0) = n and decreases only through jumps of size —1. For every
k > 2, conditional on the process being in state k, the waiting time T} before
entering state k — 1 (the only possible transition) has distribution Exp((g))
Moreover, the random variables (T), <, are independent. The time to the
MRCA W, can therefore be written as

Wn:Tn++T27

where the (Tj)2<k<n are the holding times in states 2,...,n. In particular,
= 1 - 1 1 1
E(W,) =2 — =2 ) =2(1=-=) =2
W =23 gy =20 (1) =21 )
k=2 k=2
and, since the T5,..., T, are independent, also

Var(W,) = > _ Var(Ty)
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n—1
1 4 1
:8;]{:2—&-712—4—8(1—”).

We have Var(W,,) * % — 12 ~ 1.16 (note that Var(T3) = 1). An explicit
expression for the density of W,, can be obtained by observing that P(W,, <
t) = P(A,(t) = 1) and computing the transition matrix of the ancestral
process (a rather unexciting task).

The genealogical tree of a group of n individuals consists of all their an-
cestors across all generations, including themselves, up to the first common
ancestor of every individual. Denote by L,, the length of the genealogical tree,
the random variable equal to the sum of the lifetimes of all individuals in the
tree. The tree length L,, can be expressed through the times at which common
ancestors appear:

Ly, =215+ ---+nT,.

In particular, since T5, ..., T, are independent with T}, ~ Exp((g)),
E(L 21 t Var(L 2
(L) ~_2log(n) e Var(L,) ~ 2

Theorem 13.4 (Length of the ancestral tree). The random variable L, has
the distribution of the mazimum of n — 1 i.i.d. real-valued random variables
with exponential distribution of parameter 1/2. Moreover,

Ln .S. Ln oi
2259 et =2 —log(n) 29 Gumbel
log(n) n— 00 2 n—00

where the Gumbel distribution has distribution functiont € R — e

Proof. The random variable L,, is the sum of independent random variables
2Ty, ..., nT, with distributions Exp(1/2),...,Exp((n—1)/2). The first result
follows from the following property: if Ey,..., E, are independent random
variables with distributions Exp(\), Exp(2X),...,Exp(n\), then their sum
Sy := E1 + -+ 4+ E, has the same distribution as M,, := max(Fy,...,F,),
where Fi,..., F, are i.i.d. random variables with distribution Exp(}\). The
density of M, is

fu(x) = (P(M,, < x))/
= ((1—e ) "Ig, (2))

=n\1—e )" e Mg, (2).

Let us show that S, has density f,. This holds for n = 1. By induction, if it
holds for n, then the density of S,,11, writing gy for that of Exp()), is

Y
fn * g(n+1)/\(y) - (TL + 1))\/ fn(x)efA(”Jrl)(y*‘T) dx
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y
=An+ 1)n/\e_)‘("+1)y/ (M — 1) 1M dy
0

(n+ 1)e M+ Dy(edv _ 1)n

=
= An+1)e (1 —e ™) = frp(y)-
In fact, this property is only part of Rényi’s lemma 11.3.

To establish the theorem’s second result (almost sure convergence), use
the following fact?: if (X,,), are independent centered real-valued random
variables satisfying > E(X?2) < oo, then > X, converges almost surely
and in L?. With X,, = nT,, — E(nT},) = nT,, — 2/(n — 1), we have E(X,,) = 0

and
Y EXD) =) Var(X,) = ﬁ < 00

n=2 n=2 n=2

so y_, X, converges a.s., hence

L 1 n 1 n
r = X+ E(kTy
log()  Tog(n) 2 * log(m) 2 KT
n n—1
1 2 1 ps
= X+ - — 2.
log(n) kz::2 b log(n) = k n—oo

For the third result (Gumbel fluctuations), use the fact that L,, and M,, have
the same distribution and write, for every ¢t € R,

1 n—1
P(L, — 2log(n) < 2t) = (1 _ 6—5(2t+210g(n)))

e_t " t
= (1 - ) — e ¢ .
n n—o0

13.3 Mutations

To account for diversity within a population, we must consider possible DNA
mutations, particularly during replication. Mutations generate genetic diver-
sity among the offspring of a single individual. The mutation rate of a base? is
very small. For simplicity, assume that this rate depends neither on the base
nor on its position in the DNA strand and remains constant over time. Thus,
in each generation, an individual has probability p of a mutation distinguish-
ing it from its parent. For a sequence of m bases, the probability that two
mutations occur at the same position is 1/m. Since mutation probabilities are

2 A special case of the convergence theorem for martingales bounded in L2.
3 A DNA strand is a sequence of letters from the alphabet {A, C, G, T}.
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small, this is very rare. We therefore assume infinitely many possible alleles,
with each new mutation affecting a different site. A mutation thus always
produces a new allele. The waiting time for a mutation in an individual’s an-
cestral lineage has a geometric distribution of parameter p. Set § = 2uN and
assume that 6 is of order 1. In the limit as N — oo, the mutation process
becomes a Poisson process. More precisely, equip each branch of the tree with
a Poisson process of parameter 6/2 counting mutations. The coalescence and
mutation processes arise from different sources of randomness, and we take
them to be independent.

Theorem 13.5 (Distribution of the number of alleles in a sample). If K,
denotes the number of distinct alleles in a group of n people, then

Knlgln1++nn

where (i), are independent random variables with ny, ~ Ber(0/(k—1+10)),
k>1.

Note that 777 = 1 almost surely. The random variable K, corresponds
to the number of tables in the Chinese restaurant process of Chapter 14. In
particular, its first two moments can be computed, and its asymptotic behavior
(convergence and fluctuations) is known.

Proof. For a group of n individuals, consider the first time (backward into
the past) at which a coalescence or mutation occurs. Everything behaves as
if U,, were the minimum of 7,,, the first coalescence time (with distribution
Exp((g))), and Ry,..., R,, the first mutation times of individuals 1,...,n,
with common distribution Exp(6/2). Since these real-valued random variables
are independent, their minimum has exponential distribution with parameter

(Lemma 11.2)
n 0 _nn—1+6)
2) "2 T 2

and the probability that this first event is a coalescence is

(3) n—1

”(n—21+9) Cn—1+6

Similarly, the probability that it is a mutation is

B n—1 0
n—1460 n—-1+4+6

1

Set n, = 1 if this first event is a mutation and n,, = 0 if it is a coalescence. The
random variable 7, thus has Bernoulli distribution of parameter 6/(n—1+6).
Consider what happens after time U,,:

e Ifn, =0, the number of ancestors at time U,, is n — 1, and the number of
distinct alleles in this group of n — 1 individuals is K,,_1 = K.
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e Ifn, =1, the individual that mutated at time U,, gives rise to a different
allele. In the initial population of n individuals, this corresponds to an
allele distinct from all others. Moreover, this allele occurs only once in
the population of n ancestors. We therefore obtain a population of n — 1
individuals with K,,_1 = K,, — 1 distinct alleles.

In either case, we have obtained K,, = K,,_1 + 7, and, from time U,,, consider
a population of n — 1 individuals with K, _; distinct alleles. Induction gives
the decomposition of K, as a sum of Bernoulli random variables. The Markov
property of the coalescence process and memorylessness of the mutation pro-
cess ensure independence of the random variables (7). O

We can describe the allele structure of a population of n individuals more
precisely. In the infinite-alleles model, a sample of size n can be represented by
a configuration ¢ = (¢1, ..., cy,), where ¢; is the number of alleles represented ¢
times and |¢| = ¢; +2¢2++ - - +nc, = n. Denote by e; = (0,0,...,0,1,0,...,0)
unit vector number i°. We now seek an equation satisfied by the probabilities
(q(e)) where g(c) is the probability that a sample of size |¢| drawn under
the stationary distribution has configuration ¢. Set ¢(e;) = 1. Suppose that
the configuration is c. Tracing the sample genealogy backward to the first
change reveals either a mutation or a coalescence (a common ancestor of two
individuals). Analyze these two events:

o The first event (mutation) has probability (Lemma 11.2)

nd/2 B 0
nf/2+n(n—-1)/2 O+n—-1

The configuration b that led to configuration c is

— b = c if the mutation occurred in one of the ¢; singletons (with prob-
ability ¢;/n);

— b= c—2e; +es if the mutation occurred in an allele represented twice
(with probability 2by/n = 2(cy + 1)/n);

— b=c—e; —e;j_; +e; if the mutation occurred in an allele represented
J times (with probability jb,;/n = j(c; +1)/n).

o The second event (coalescence) occurs with probability (n—1)/(0+n—1).
In that case, the preceding configuration had the foom b =c+e; — e;41:
an allele present j times (among the ¢; +1) was duplicated, changing from
¢j + 1 to ¢; the number of alleles present j times, and from cj4; — 1 to
¢j+1 the number of alleles present j + 1 times. This event has probability

b/ (n—1) = jl¢; +1)/(n = 1).

We recover the Chinese restaurant process of Chapter 14, which shows that
¢ has the Ewens distribution. In genetics this is called the Fwens sampling
formula®: for all integers a1, ..., a, satisfying a; + 2as + - - - + na, = n,

4 Abbreviated as ESF.
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~

q(c) =P(ci(n) =ay,...,cn(n) =an

n! = /0N\Y 1
b sy Ee— j) o

j=1

13.4 Kingman’s coalescent

Kingman’s coalescent is a continuous-time process taking values in the set &,
of equivalence relations on [n] = {1,...,n}, or equivalently partitions of [n].
It describes the genealogy of a population of size n. So far, we have modeled
the evolution of the number of ancestors of a given initial population. We now
refine the description by keeping track of relationships among all individu-
als. Number the individuals from 1 to n. At time ¢, define the equivalence
relation ~ on [n] by i ~ j if and only if individuals ¢ and j have the same
ancestor at time ¢t. Each equivalence class corresponds to an ancestor of the
initial population and consists of all its descendants. Let C(¢) be this random
partition.

Suppose that C(0) = a € &, and denote by k its number of classes (writ-
ing |o| = k). As t increases, we move into the past and the process remains
constant until a common ancestor of the ancestors of two classes appears.
When this happens, the two ancestors, and therefore all their descendants,
share that common ancestor. The two equivalence classes merge (coalesce).
This event occurs at rate 1. The process (C(t)),, is the continuous-time
Markov process on &, with initial state C'(0) = A = {{1},{2},...,{n}} (no
one is related to anyone else) and generator @

—(g) sia=f et |a| =k,
Q(avﬁ): 1 SiO‘NB7

0 sinon,

where o ~ 8 means that partition § can be obtained from partition a by
merging two equivalence classes. The process C is called the coalescent or
n-coalescent. To determine its distribution, first study the embedded chain
(Clicnc)k:n,n—l,....l' This chain starts from A and has transitions

) ) A sia~ fetl|al =k,
1P<c£f1—ﬁ|c,z“—a>—{<’%> “

0 sinon.
The process C' therefore evolves along a sequence
A=C°~ O ~ -~ O =0,
where © is the trivial partition, and moves to partition Ci*¢ after an expo-

nential time of parameter (g) Transition rates depend on a partition only
through its cardinality, and
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|C(1)| = An(t),

, since the classes of C(t) correspond bijectively to the ancestors at time .
Thus the processes (A (t)),5, and (Cjre),. are independent and, for every
t>0,

More precisely,

P(C(t) = a) = P(Au(t) = [a) P(CI = a).

Theorem 13.6 (Distribution of Kingman’s coalescent). Let 1 < j < n and let
a be a partition of [n] whose equivalence classes have cardmalztzes /\1, Co A
Then

Proof. Proceed by downward induction. The result is clear for j = n (if « is
not the partition A, its probability is zero, and A is the only partition with
n classes, all singletons). Suppose the result holds for j > 2. Then

pi—1(B) = P(C}", = B)
= pi(@P(CP =B|C = a)

a€c,
=D pila) ==
= e 1)
Denote by Aq,...,Aj_1 the sizes of the equivalence classes of 5. Those of o

are
)\1, .. .,)\l_l,m,)\l —m, /\l+17 .. ~7>\j—1

forsome 1 <l <j—Tland 1 <m< A —1. Set
Tlm = )\1' . ')\lfllm!()\l — m)!)\l+1! tee )\];1!.

By the induction hypothesis®,

Il G — 1) A
pi-1(8) = 5 > Z_: - — i))rf'(gz - 1))! e ("Q

=1 m=1 ‘7(‘]
1a-1
(n =)' = D'G - 2)! T
- nl(n —1)! A 1'221
I=1 m=1
(n—j+ DG -D'G—2)
- n!(n —1)! At Ay
because Y37/ SN =N+ Ny —jHl=n—j+1 =

5 The initial factor 1/2 comes from interchanging m and A; — m. To understand it,
consider the examples \; = 2 and \; = 3.
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13.5 Further reading

In biology, phylogeny is the study of evolutionary relationships among living
organisms. Stochastic modeling in phylogeny is discussed, for example, in the
books by Warren Ewens [Ewe04], Rick Durrett [Dur08], and Jean-Frangois
Delmas and Benjamin Jourdain [DJ06]. Statistical aspects are treated in Si-
mon Tavaré’s course [Tav04]. John Kingman studies the process bearing his
name in [Kin93]. His work led to many developments, including a theory of
fragmentation and coalescence connected to branching processes, Lévy pro-
cesses, and random partitions. See the books by Nathanaél Berestycki [Ber(9]
and Jean Bertoin [Ber06], Jim Pitman’s Saint-Flour course [Pit06], and Sylvie
Méléard’s lecture notes [Mé13].
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Chinese restaurants

Keywords. Random partition; random permutation; Ewens distribution;
Fisher—Yates—Knuth algorithm; Bell numbers; Stirling numbers.

Tools. Combinatorics; symmetric group; Markov chain; martingale;
Markov’s inequality; Poisson distribution.

Difficulty. **

This chapter studies remarkable properties of the Ewens distribution,
which appeared in Chapter 13 as the distribution of the partition of a pop-
ulation according to the alleles of a single gene in an infinite-alleles model.
These properties are presented through the playful description of the so-called
Chinese restaurant process, but the biological connections mentioned above
provide its actual original motivation.

For every integer n > 1, denote by S,, the set of permutations of {1,...,n}
(the symmetric group). The Chinese restaurant process is a nonhomogeneous
Markov chain (an)n>1 with state space U,,>1S,, where o, takes values in S,
for every n > 1, with initial value o7 = (1) and transition kernel given, for all
(0,0") € §p X Spy1, by

1 C s .
si o/ s’obtient en insérant n + 1
0+n
dans 'un des cycles de o;
0
Plopi1 =0 o, =0) = si o’ s’obtient en ajoutant
0+n
le cycle (n+1) a o3
0 sinon;
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where 6 > 0 is a fixed parameter independent of n. This is indeed a transition
kernel because the sum of the cycle lengths of ¢ is n. The process takes its
name from interpreting the cycles of o, as circular tables occupied by the n
customers of a Chinese restaurant, where strangers share tables. Initially, at
time 1, the restaurant has a single table occupied by one customer numbered
1. Recursively in n, at time n+1 and conditional on the entire past o1, ..., o,,
a new customer numbered n + 1 enters the restaurant. They either join an
occupied table (a cycle of o,,), with probability proportional to its size (the
cycle length), at a uniformly chosen seat, or sit at an empty table (creating
a new cycle of length 1 containing n + 1). This gastronomic interpretation
assumes that customers never change tables, that tables can accommodate
arbitrarily many customers, and that the restaurant can contain arbitrarily
many tables.

oNeNe
123456
o6 = (1,6,3)(2,4)(5) = (6 1125 3) and g = {{1,6,3},{2,4},{5}}

Fig. 14.1. A configuration with n = 6 customers at 3 tables in the Chinese restau-
rant.

Associate with the random permutation o, the random partition m, of
{1,...,n} given by its cycle supports. Each block of m, consists of the cus-
tomers at one table. We have m; = {1}, and for every n > 1, m, takes values in
the set IT,, of partitions of {1,...,n}. In general, a function of a Markov chain
is not a Markov chain'. Here, however, (Tn),>1 is a nonhomogeneous Markov
chain on Uy,,>1 11, with transition kernel given, for all (7, 7’) € II,, x II,,11, by

1A criterion due to Dynkin gives a sufficient condition on the function.
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bl o
7T si ' s’obtient en insérant n + 1
n
dans le bloc b de T;
— _ — 0
P(mpr =7 |m = 7) = 0T si ' s’obtient en ajoutant
n
le bloc singleton {n + 1} a m;
0 sinon;

where [b| denotes the cardinality of b. We have >, |b| = n, where b € m,
means that b is a block of m,.

Remark 14.1 (Extreme cases). When 6 = 0, we have m, = {{1,...,n}},
whereas if 0 = oo, then m, = {{1},...,{n}}. These probabilities are monotone
in 0. The larger 0 is, the more customers tend to sit at empty tables instead
of joining occupied ones.

Remark 14.2 (Going backward in time). From this initial segment of a
sample path of (7n)n>1,

™ = {{1}}

m = {{1},{2}}

T3 = {{133}3{2}} ,
T4 = {{173}7{2}7{4}}

we immediately see that time can be reversed. For example, from w4 we recover
w3 by locating the block containing 4, then mwo by locating the block containing
3, and then m by locating the block containing 2. More generally, for every
n > 1 and every 7' € Il 11, there exists a unique w € II,, such that P(m,4q1 =
7’| m, = m) > 0. All information about T, is contained in 7,11 without any
loss. The process carries its entire past with it.

14.1 Ewens distributions

Denote by |7| the number of blocks in the partition 7 € II,, and by |o| the
number of cycles in the permutation o € S,,. Thus |7,| = |0, for every n > 1.
Theorem 14.3 (Ewens distribution on S,,). For every o € S, we have

glel
DG 1)

P(o, =

Proof. The formula holds for n = 1. Proceed by induction on n and assume
it holds for n > 1. Let ¢’ € S,,11. First observe that there is a unique o € S,
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such that P(o,41 = 0’ |0, = 0) > 0.If |0/| = |o|+1, then P(op41 =0 |0, =
o) =0/(0+n), and if |o'| = |o|, then P(o,41 =0'|op =0) =1/(0+n). In
either case,

glo’]

P(ons1 =0') =Plon = o) Plons1 = 0’| on = 0) = gram—y—=

O

Remark 14.4 (Random walk, transpositions, and uniform distribution on
Spn). Conditional on {0, = o}, we can construct on41 from o by first choosing
a random element K of {1,...,n+1}, equal to n+1 with probability 6/(0+n)
and to 1,... n with probability 1/(0 +n), then adding n+ 1 to the cycle of o
containing K if K < n, or creating a new cycle (n+ 1) if K =n+ 1. This
amounts to constructing from o an element o' of S,11 by adjoining to o the
cycle (n+1), then computing the product o't in S,41, where T is the random
transposition (n+ 1, K). Thus

loi

(Un)n>1 = ((1? Kl) U (TL, Kn))n}l
where (Kn)n>1 is a sequence of independent random variables with Ky = 1
and, for everyn > 1, K, 41 having distribution G)J%nél—i—- . -—I—GJ%TL(%—&-Q%Z%H.
The process (an)n>0 is a time-inhomogeneous random walk on S,, on the
Cayley graph of S,, generated by transpositions. If 0 = 1, then for everyn > 1,

K, is uniformly distributed on {1,...,n}, while oy, is uniformly distributed
on Sy, and we recover the Fisher—Yates—Knuth algorithm of Theorem 4.1.

Theorem 14.5 (Ewens distribution on I1,,). For every 7 € II,,, we have

g~
B =) = 51 0 +n=1) [T =

ben
Proof. Theorem 14.3 gives
P P o E
(mp, =7) = Z (o =0) = 9(0+1).'.(9+n71)| xl

oc€E,

where F is the set of 0 € S,, whose cycle decomposition induces the partition
7. There are (k—1)! cycles of length k on a set of k elements, so the cardinality
of By is [[pe.(|0] = 1)L O

Remark 14.6 (Ewens and uniform distributions on II,,). For n > 3, re-
gardless of 0, the Fwens distribution on II, is mever the uniform distri-
bution studied in Chapter 4. Indeed, write m = {{1},{2},...,{n}}, n' =
{{1,2},{3},..., {n}}, o = {{1,2,...,n}}. Then P(n, = 7) = P(m, = 7)
only for 6 =1, and in that case P(m, = 7) # P(m, = 7).
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For every time n > 1 and every 1 < k < n, let A, ; be the number of
tables of size k at time n, that is, the number of blocks of size k in the random
partition m,. We have

n= An,l + 2An,2 + -+ nAn,n et |7Tn‘ = An,l + -+ An,n~

Theorem 14.7 (Ewens distribution on blocks). For every n € N* and every
(a1,...,a,) € N satisfying a; + 2as + - - - + na, = n, we have

n' n 1 9 aj
Pl =i o = 0) = Gy g 1) Ha]'<) '

J=1
Proof. Theorem 14.5 gives

9a1+ t+an

IP(An,l :ala---aAn,n:afn) = 9(9+ ) 9+’I’L—]. H .7_1 aJ|Hn(a')|

where IT,,(a) denotes the set of m € II,, containing ay, blocks of size k for every
1 < k < n. The set IT,,(a) has cardinality

n!
[T ()i,
which yields the formula. O

Remark 14.8 (Appearance and persistence of small tables). The Chinese
restaurant process allows small tables to appear and persist over time because
tables are chosen in proportion to their size!

14.2 Number of tables

At time n > 1, the restaurant contains |m,| occupied tables.
Theorem 14.9 (Number of tables). For every n > 1, we have

n—1

0
E(|m|) = e 0log(n) + Onoo(1) ~ Olog(n),
k=0
and
n—1 Ok
Var (|| ((E = 0log(n) + Opo(1) o 0log(n).
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1000
E
2 500
)
0
0 10 20 30

Cycle length

Fig. 14.2. Histogram of a sample of size 5000 from the Ewens distribution of size
n = 1000 and parameter 8 = 1.

Proof. The Markov sequence (7y,),,», has the same distribution as the random
recurrent sequence defined by m = {{1}} and, for every n > 1, by

Tn4+1 = fn (7Tn, En+1)

where (€5),,, are i.i.d. random variables uniform on [0, 1], and f, (7, ) is the
element of II,, 1 obtained from 7 € II,, either by adding n + 1 to block by, of
mife € [(|br]+- -+ |bk=1])/(@+n), (|b1]|+-- -+ |bk|)/(0+n)] with 1 < k < |n],
where by, ..., b5 are the blocks of 7, or by adding the block {n + 1} to the
partition 7 if € € [n/(0 +n), (0 +n)/(0 +n)]. Recall that n = [by|+-- -+ [bj|.
Then |7, =& + -+ &, for every k > 1, where

§ei= Ly o i obniny.

O0+k—1260+k—1

The sequence <§k)k>1 consists of independent Bernoulli random variables, and
for every k > 1,

0

P& =1)=1-P(& =0) = 5077

The event {£, = 1} means that customer n starts a new table, while {¢, = 0}
means they join an existing table. In particular, &5 = 1 a.s. This gives the
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sum formulas for E(|m,|) and Var(|m,|). Recall the following sum-integral
comparison: if f : Ry — R, is continuous and nonincreasing, then

n+1 n n
/0 FO@< 310 < 50+ /0 £t)dt.

Thus E(|m,|) and Var(|m,|) equal 8log(n) + On_o0(1) ~noo 0log(n). O

Remark 14.10 (Inhomogeneous coin tossing). By construction, (|mn|)n>1
s a.s. nondecreasing and has only jumps of size +1. It is the counting pro-
cess starting from 1 of events separated by independent random waiting times.
However, these times are neither identically distributed nor geometrically dis-
tributed. It is instead a coin-tossing game whose winning probability changes
at each toss. Although (mp)n>1 is nondecreasing, its growth slows in a sense,
since the quantity

P =P(Imns1| = |7l +1) = P(€na =1) = 0(0 +n) ™"

decreases as m increases. Nevertheless, the mean and variance of |m,| are
asymptotic to 8log(n) as n tends to co. This differs from the coupon collector
in Chapter 1, where the winning probability changes after each success.

Theorem 14.11 (Asymptotics of the number of tables). We have

2
M LN 9 eten particulier M P9
log(n) n—oo og(n) n—oo

Proof. By Theorem 14.9, as n — oo,

E (( 7 _9>2> _ Var(m) + (B(m) ~ 6log(n))?

log(n) (log(n))?
1
<log(n)> o)
Convergence in probability follows from Markov’s inequality. O

The following result states that convergence holds almost surely. The
bound O(1/log(n)) obtained above by the second moment method is not
summable, so the Borel-Cantelli lemma cannot directly yield almost sure
convergence. This nevertheless suggests considering a higher-order moment.
Alternatively, one can try to reduce the problem to a result about martingales.

Theorem 14.12 (Asymptotics of the number of tables). We have

|7Tn| p-S,
— 0.
log(n) n—oo
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Proof. Let (fn)n>1 be as in the proof of Theorem 14.9. Then

|7Tn| ) 101
(10g(n) n>2 <log Z€k>n>2'

Note that & =1 a.s. and therefore & — E(&;) = 0. For every n > 2, we have

n n

1 <« 1
log(n) ’;&C - log(n) ’;(gk — B(& log ZE

k:l

The second term on the right converges to 8 as n — oo by Theorem 14.9.
It therefore suffices to show that the first term converges almost surely to 0.
Now, if

- & — E()
Shn :;Yk avec Y} ::IclT(k)k

then (Sy),,5, is a martingale bounded in L* because (Theorem 14.9)

o Var (&) . 4
B(SD = 2 log(h)? < 2 0+ k=D (log0) <™

k=2

Recall that the Bertrand series

> 1
,;2 k(log(k))?

converges if and only if 3 > 1. Being bounded in L?, the martingale (Sn)n>2
converges a.s. (and in L?) to a random variable in L? (hence finite a.s.).
Kronecker’s lemma? then ensures almost sure convergence to 0 as n — oo of

n n

! 1
Tog(n) kzﬂlog(k)Yk = Toa0) ];Z(gk —E(&)).

Alternatively, instead of the martingale theorem, one could use the centered
series theorem (Theorem 10.3). O

Theorem 14.13 (Distributional asymptotics of the number of tables). We
have

ral ~E(ml) i,y 1)

Var(|m,]) -~

Moreover, E(|m,|) and Var(|m,|) can be replaced by 0log(n).

21f 3 an converges, then limp oo by ' D 1 brwk =0 as 0 < by 0o.
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Proof. First note that E(|7,|) and Var(|m,|) can be replaced by 6 log(n) using
Slutsky’s lemma and Theorem 14.9.

The result follows from the Berry—Esseen theorem of Section 1.6, applied
with X = & Bernoulli of mean 6/(60+k—1). This even gives a uniform rate of
convergence for the distribution functions! The result can also be obtained us-
ing the Lindeberg-Lévy central limit theorem for sums of independent random
variables that need not be identically distributed, or the central limit theorem
for square-integrable martingales normalized by the increasing process.

An alternative proof uses the strengthened Le Cam inequality from Sec-
tion 1.6, with pr, = 0/(0 + k — 1). Indeed, this gives dvr (tn, Vn) = 0n—oo(l),
and consequently, for every bounded continuous function f : R — R, with
0% = Var(|m,|), we have

() (B2)) et

where P,, denotes a random variable with Poisson distribution of mean \,, =
p1 + -+ + pn. On the other hand, the central limit theorem, Theorem 14.9,
which gives v/A, /o, — 1, and Slutsky’s lemma yield

Pn_)\n Pn_)\n\/)\n loi
= — N(0,1).
On VAn, Op n—oo 0.1)

O

The preceding proof shows that Poissonization is useful even when the
mean diverges: A\, = p; + -+ + p, — 00. On the other hand, we have p? +
<-4 p2 4 0, so Le Cam’s inequality dyr (tin,,vn) = O(pF + -+ + p2) does
not suffice.

14.3 Extreme tables

At time n, the restaurant has A, ; tables with a single customer. Combina-
torics provides the distribution of A,, ;. Here we consider only the first two
moments.

Theorem 14.14 (Solitary customers). At every time n > 1, the number A, 1
of tables containing a single customer satisfies

no nn—1)(n — 2+ 260)0

E(A,,) = —20 ¢ Apr) = .
) =Ty @ Vel = O g1

In particular, if 6 = 1, then E(Ay 1) = Var(A, 1) = 1 for every n > 1, while
for every 6,

lim E(A,1) =146 et lim Var(4,.)=296.

n—oo n— oo
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Note that for § = 1, the random permutation o,, is uniformly distributed
on S, and has |o,| = |m,| ~ log(n) cycles and on average E(A, 1) = 1 fixed
point for every n > 1.

Proof. We seek the distribution of the first component A,, ; of a random vector
A, in IN" having the Ewens distribution. However, it is more convenient to
view A, 1 as the number of blocks of size 1 in m,. We have A;; = 1 and
0 < A1 < nfor every n € IN*. Moreover, for all integers 1 < ai,...,a, <N
and 0 < ap41 <N+ 1,

P(Apt110=ans1| A1 =0a1,..., A1 =an) =P(Ant11 = ant1|An1 = an)

)

which equals

0
si ap41 = an + 1 (S"attabler seul & une table vide);

0+n

n si apy1 = a, — 1 (rejoindre la table d’un solitaire);
0+n
n—a, .. .

G in Sons1=an (rejoindre une table comptant 2 clients ou +);
0 sinon.

In particular, (A, 1)n>1 is a nonhomogeneous Markov chain with state space
IN. We obtain the remarkable affine formula®

al@+n—1)+6
IE(An+1,1 ‘An,l = a) = %

This gives (n+6)mp41 = (0+n—1)m, +6, where m,, := E(A, 1). The stated
formula for m,, follows. The variance calculation is similar but more involved,
using

Var(X) = E(Var(X |Y)) + Var(E(X | Y))
where Var(X | Y) := E(X?|Y) — E(X | Y)? is the conditional variance. O

The integer A,, ,, represents the number of tables containing n customers,
or equivalently the number of blocks of size n in 7,,. When such a table exists,
it contains every customer and is therefore the unique table. We have 4,, , =1
if and only if |m,| = 1. The following theorem makes this precise and shows,
in particular, that asymptotically the Chinese restaurant model does not have
a unique table.

3 A martingale is hidden in the Markov chain!
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Theorem 14.15 (Unique table). We have A1 = 1 and A, , € {0,1} for
every n = 1. For every n > 2, the probability of having only one table is

n—1
k
k=1

Finally, the sequence (Apnn)n>1 decreases almost surely to 0.

Proof. The first assertions follow directly from the definition of m,. The ex-
pression for the probability P(4,, , = 1) follows by observing that P(4,,,, =
1) =P =0,...,& =0) =P(§& = 0)--- P(§, = 0). For almost sure conver-
gence, first note that, since > 0, the infinite product [[;—, (1+6k~") diverges
because the harmonic series diverges, and consequently lim, ., P(A4,, =
1) = 0. On the other hand, the sequence of events (E,)p>1 defined by
E, = {A, = 0} is nondecreasing, so

P(RILII;O Apn=0)=PUsE,) = nhﬁrr;() P(E,) =1- HILH;O P(A,,=1) =1
In fact, Ay, = Lpery, where T := inf{n > 1:§, = 1} is the time of the
first success in a coin-tossing game whose winning probability changes at each
toss and decreases to 0 over time. However, the decrease is slow enough to
ensure success with certainty. Indeed, {T' < oo} = US2, E,,, hence P(T <
o0) = 1. Alternatively, apply the Borel-Cantelli lemma to the independent
events F,, = {&, = 1}, which satisfy

0
ZIP(Fnzl):Za+n:oo

n>1 n>1

and o
lim F,, = {Z Te, =13 = 0o} C{T < oo}.

n>1

14.4 Additional combinatorics

The cardinality of B, is Bell number n, denoted by B,, (Chapter 4). We have
n n
m-2{i)
k=1

where the notation in braces denotes a Stirling number of the second kind,
counting partitions with k blocks of {1,...,n}. The recurrence formula is

U=t )
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with boundary conditions

(i} -

, since choosing a partition of {1,...,n} with & blocks amounts either to
choosing a partition of {1,...,n—1} with k—1 blocks and adding the singleton
block {n}, or to adding the element n to one of the k blocks of a partition of
{1,...,n—1} with & blocks. If X is a random variable with Poisson distribution
of parameter A, then

n

B(X") =" {Z}Ak en particulier E(X") =B, si\=1.
k=1

We also have the explicit formula

(i} =g ()

which follows from the inclusion-exclusion principle, since a Stirling number of
the second kind equals the number of surjections from {1,...,n} to {1,...,k}
divided by k!.

A partition of {1, ..., n} specifies cycle supports but not the internal struc-
ture of each cycle. Several permutations can therefore correspond to a given
partition. The number of permutations of {1,...,n} with exactly k cycles is
the unsigned Stirling number of the first kind, denoted by

)

, equal to the coefficient of 2* in the Pochhammer polynomial

Ty =x(x+1)---(x4+n—1).

14.5 Further reading

Most of this chapter is drawn from the expository article [CDM13]. Warren
Ewens is a professor of mathematical biology born in Australia in 1937. In
the late 1960s, he discovered the distribution now bearing his name while
studying a sampling problem in population genetics related to the Wright—
Fisher model discussed in Chapter 12. The parameter € appears as an allele
mutation rate, as explained in Chapter 13. Overviews can be found in his
book [Ewe04], those of John Kingman [Kin80] and Rick Durrett [Dur08], and
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Sylvie Méléard’s lecture notes [Mé13]. Many statistical aspects are discussed
in Simon Tavaré’s course [Tav04]. Ewens’ work generated a vast literature
in quantitative biology and probability. The Ewens distribution appears in a
broad range of so-called logarithmic discrete random structures, from combi-
natorics to number theory; see the book by Richard Arratia, Andrew Barbour,
and Simon Tavaré [ABT03]. The name Chinese restaurant process seems to be
due to Jim Pitman. It appears under this name in a course by David Aldous
[A1d85]. Fred Hoppe showed in [Hop84] that it can be related to a Pélya-type
urn model. It can also be related to Dirichlet processes and random parti-
tions of [0,1] (see below). Today, the Chinese restaurant process and Ewens
distribution are standard examples in a more general theory of (fragmentation
and) coalescence. See the books by Kingman [Kin93], Jean Bertoin [Ber06],
Pitman [Pit06], and Nathanaél Berestycki [Ber09].

Here are two further remarkable representations of the Ewens distribution:

1. If Z1,...,7Z, are independent Poisson random variables with means
0/1,...,0/n, then
Loi(Z1,...,Zn | Z1 +2Z3+ -+ nZ, =n) ~ Ewens(n,0);

2. Let (P,)r>1 be the random distribution on IN* generated from the follow-
ing random partition of the interval [0, 1], viewed as a stick of chalk®:

P =W, Po=(1-W)Wy, P3=(1-Wy)(1-Wy)Ws,...

where (W,.),>1 are i.i.d. random variables with distribution Beta(1,6) and
density w — 0(1 —w)e_lll[o,l] (w). Conditional on (P,),>1, let Xq,..., X,
be i.i.d. random variables on IN* with distribution (P,),>1. The sequence
X1,...,X, contains at most n distinct integers. Their counts turn out to
have distribution Ewens(n, 6)!

Finally, one can show that for all 0 < k < n,

, o
Pllmal =0 = 3| s

and obtain a similar formula for the distribution of the pair (A,,, |7,|); see the
article by Ewens and Tavaré in [JKB97].

4 This construction is known as stick breaking.
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Reinforcement

Keywords. Reinforcement; urn; random graph; preferential attachment;
power law.

Tools. Markov chain; martingale; random walk; exchangeability; exponen-
tial distribution.

Difficulty. **

The phenomenon of reinforcement is widespread in nature, particularly
in genetics, statistical physics, sociology, psychology, and neuroscience. This
chapter presents three emblematic models: Pélya’s urn, the Barabasi—Albert
preferential attachment random graph, and a reinforced random walk. It
concludes with Rubin’s theorem on generalized Pdlya urns. Other instances
include the Wright—Fisher and Moran models (Chapter 12), Ewens’ model
(Chapter 14), certain growth models (Chapter 6), and the Ehrenfest model
(Chapter 9). In Markovian models, reinforcement often occurs in connection
with a partial monotonicity property in a random recurrence.

15.1 Pélya’s urn

Pdélya’s urn is a simple reinforcement model describing, for example, how
success or wealth amplifies itself over time.

At time n = 0, prepare an urn containing a > 0 silver balls and b > 0 white
balls. To obtain the configuration at time n = 1, draw a ball at random,
then return it to the urn along with a new ball of the same color. Repeat
this mechanism independently to obtain the urn’s configuration at every time
n € IN. Denote by M,, € [0, 1] the proportion of silver balls at time n € IN. At
time n € IN, the urn contains a4 b+n balls, of which (a+b+n)M,, are silver.
Conditional on M, a silver ball is added at time n + 1 with probability M,,.
Thus My = a/(a + b), and
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(a +b+ n)Mn + ﬂUn,+1<Mn

M1 =
+ a+b+n+1

where (Un)n>1 is a sequence of independent identically distributed random
variables uniform on [0, 1], the event {U,+1 < M,} corresponding to the
addition of a silver ball. The random recurrent sequence (M), is both
a nonhomogeneous Markov chain with state space [0,1] and a martingale.
Encode the result of draw number n by a random variable X,, taking values
in {«, 8}, where a and § indicate respectively that the drawn ball is silver or
white. Finally, denote by Y,, and Z,, the respective numbers of silver and white
balls added after the first n draws. At time n, the urn contains a+Y,,+b+2,, =
a+b+mn balls, including a+ Y, = a+ >, _; Lix,=a} = (a+b+n)M, silver
balls and b+ Z,, = b+ ZZ=1 Lix,=py white balls. We have Y,, + Z,, = n. The
sequence (X,,, Y, Zn)n>1 satisfies the random recurrence

Yo+ 1,2,) siUpyq < 2tXn
(Xoirs Vi, Zoin) = (a,Y, + ) ST +1 asbin
(ByYn, Zn+1) siUyyr > il

with the conventions Yy = 0 and Zy = 0 (there is no need to define Xj).

Theorem 15.1 (Martingale). The sequence (My),, is a martingale taking
values in [0,1] for the filtration (.7-"”)7@0 defined by F,, = o(Uy,...,Uy). In
particular, the mean proportion of silver balls is preserved over time: for every

n €N,
a

a+b

Moreover, there exists a random variable M, on [0,1] such that

lim M, = M.

n—o0

a.s. and in LP for every p = 1. In particular, E(My) = E(M,) = -

Proof. For every n € N, M,, is F,-measurable, takes values in [0, 1], and is
therefore bounded and integrable, and

b+n)M, + M,
(a+b+n)M, + M

E(Mn-i-l |]:n) = E(Mn-‘rl |Mn) = a+b+n+1 n:

Thus (My),s, is a martingale for (F,),,. The convergence theorem for
uniformly bounded martingales gives M,, — M, almost surely and in L7,
where M, is a random variable taking values in [0, 1]!. O

! The martingale is uniformly integrable. Alternatively, use the convergence the-
orem for nonnegative martingales to obtain almost sure convergence, then the
dominated convergence theorem for convergence in LP.
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Theorem 15.2 (Equilibrium). The random variable Mo, appearing in The-
orem 15.1 has the beta distribution on [0,1] with parameter (a,b) and density

uafl(l _ u)bfl

1
uel0,1)— Beta(a, b)

1
ot Beta(a,b) ::/ p* 11 —p)>Ldp.
0
In particular, if a = b =1, then My is uniformly distributed on [0, 1].

Proof. First recall that
I'(a)(b °
Beta(a,b) = Lla)I'(b) on I'(z):= / t* te™® da.
+ 0
Now, for all ¢ and k, write

B = (e 1) (et k—1) = (c+k—1)! _F(c—i—k).

(c—1!  I(c)
For all z1,...,z, in {0, 1}, writing k = 21 + - - - + x,, we have
a(F) p(n—Fk)
P(lix,—a} = 21, L{x,=a} = Tn) = [CEDICE
This probability is invariant under permutations of the z1,...,z,: the distri-
bution of the random vector (]l{XFa}, ..., Iyx,—4}) is exchangeable. Thus
the (random) number Y;, = > 1{x, —q} of silver balls drawn in the first n
draws satisfies, for every k € {0,1,...,n},
(k) p(n—k)
n\ a
IP(Yn = k) = (k) (a+b>(7l)
_(n\I'(a+k)[(b+n—k)I'(a+b)
- \k (@)L (b)) (a+b+n)
_ (n)\ Beta(a+k,b+n—k)
\k Beta(a, b)

W a1 =)t
N /0 (k)p (1=p) Beta(a, b) dp-
We say that Y,, has the beta-binomial distribution, a mixture of binomial
distributions of size n whose parameter p has the distribution Beta with pa-
rameter (a,b). We have M,, = (a +Y,)/(a + b+ n) with Yo = 0. When
a = b = 1, the formula for the distribution of Y,, shows that Y, is uniform
on {0,1,...,n}, so M, is uniform on {1/(n +2),...,(n +1)/(n + 2)}, im-
plying that M., is uniform on [0,1]. In the general case, the beta-binomial
correspondence (Chapter 1) shows that, for every ¢ € [0, 1],
P(My <t)= lim P(Y, < (a+b+n)t—a)

n— oo
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Polya urn, a=1, b=1
1.0

0.8

0.6

Mn

0.4
0.2

0.0

Fig. 15.1. Some sample paths of Pélya’s urn.

1 b b—1
= [ w1 W) du
Beta(a,b)/ou (1 =) "

O

Theorems 15.1 and 15.2 extend to the case where a and b are real numbers
> 0, which in particular motivates the use of gamma and beta functions
instead of factorials. In this case, the urn can be replaced by a partition of an
interval.

Remark 15.3 (Generalized Pélya urn). Generalize the reinforcement mech-

anism as follows: fix an integer r > —1, and at each draw return 1 + r balls
of the drawn color to the urn.

e Ifr =1, we recover the Pdolya urn studied above, for which Y, has the
beta-binomial distribution;

o ifr =0, we have sampling with replacement and Y, is binomial;

e ifr = —1, we have sampling without replacement and Y, is hypergeometric;
e in general, for every r > —1 and every k € {0,1,...,n}, we have
(k) p(r,k)
P(Y, =k)= m ot "M =c(ct+r)---(c+ (k= 1)r).

In this case, M, has the beta distribution with parameter (a/r,b/r).

An arbitrary number of colors can be considered, giving a model that includes

sampling from the multitype hypergeometric distribution. Many reinforcement
models can be obtained as generalized versions of Pdlya’s urn.
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Remark 15.4 (Replacement matrix). Let A = (a;;),¢; ;<) be a kxk matriz
of integers. Consider a generalized Polya urn with k colors evolving as follows:
draw a ball at random, note its color i, then return a; ; balls of color j to the
urn for every 1 < j < k. We call A the urn’s replacement matriz. For the
standard Polya urn studied above, k =2 and A = 215.

15.2 Barabasi—Albert graph

Random graphs model many natural phenomena, such as friendship struc-
tures in social networks, links between pages on the World Wide Web, collab-
oration structures in artistic and scientific production, regulatory structures
among proteins, connections between machines on the Internet, and so on.
The Galton—Watson trees of Chapter 3 provide a random graph model suited
to genealogical structures. The best-known and simplest random graph model
is probably the Erd6s—Rényi model discussed in Chapter 16: it is built recur-
sively by adding a new vertex and then independently tossing a coin to decide
its connection to each existing vertex. This model does not match real social
random graphs, where new vertices preferentially connect to the most impor-
tant existing vertices in terms of connectivity (degree). This is an instance of
reinforcement that must be specifically accounted for.

The Barabasi-Albert preferential attachment random graph is defined
as follows: at time n > 1, the graph contains n sites (vertices) and a certain
number of undirected links (edges) between them (see Figure 15.2). The degree
of a vertex is the number of edges incident to it. At time n = 1, vertex 1
is connected to itself. This initialization yields elegant formulas but is not
canonical; other initializations are possible. The degree of vertex 1 at time
1 is therefore 2. To evolve the graph recursively from time n to time n + 1,
consider the degrees d,, 1, . .., dy , of its n vertices at time n and the associated
probability distribution

dnk

5

pn,k == 4dn71 T r dnm,,

Then connect the new vertex n + 1 to a vertex chosen randomly and inde-
pendently among the n existing vertices, with probability distribution p,,_..
This mechanism gives dy; = 2, da;; = 3, da2 = 1, and, for every n > 1,
dp1+ -+ dpn = 2n (that is, n edges).

Remark 15.5 (Urn). This construction of the sequence (dy,.),, can be re-
alized (discarding the graph’s geometry) as a generalized Pdlya urn model: at
time n > 1 the urn contains 2n balls whose colors range from 1 to n. Draw a
ball at random; if its color is k, return 2 balls of color k together with a new
ball of color n+ 1. This reinforces the vertex of color k and introduces a new
vertex of color n + 1; in other words, the graph gains one vertex (n + 1) and
one edge (k< n+1).
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Fig. 15.2. A realization of a Barabédsi-Albert preferential attachment graph.

If the edge connecting 1 to itself is omitted, the Barabasi—Albert prefer-
ential attachment graph has no cycles: it is a tree.

Theorem 15.6 (Power law). Fiz k > 1. Let d,, , be the degree of vertex k
in the Barabdsi—Albert preferential attachment random graph with n vertices,
with n > k. Then the proportion dp p/(dn1 + -+ + dpk) converges almost
surely as n — oo to a random wvariable with beta distribution of parameter
(1,2k — 1) on [0,1] and density u € [0,1] = (2k — 1)(1 — u)2*=1),

The power law appearing in this preferential attachment model agrees well
with real social networks and differs from the subexponential behavior of the
Poisson distribution in Erdés-Rényi random graph models with nonpreferen-
tial attachment?.

Proof. As in Remark 15.5, encode the evolution of the degree sequence (ig-
noring the underlying graph structure) by an urn model. At time k, introduce
an additional coloring: the 2k — 1 balls whose color is less than k are white,
while ball number 2k is silver. At time n > k, track only the evolution of balls

2 In an Erdés-Rényi graph with parameter (n, p), each vertex has a random number
of neighbors with binomial distribution Bin(n — 1, p), converging to the Poisson
distribution Poi(\) if np — X as n — oo. Now, if X ~ Poi(\), then P(X > r) <
Cexp(—crlog(r)) for r > 1, where ¢ > 0 and C' > 0 are constants.
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with these colors. This corresponds to a Pdlya urn with initial composition
a=1and b =2k — 1. We can then apply Theorem 15.2. a

Theorem 15.7 (Power law at a fixed degree). For all n,d > 1, if N(n,d)
denotes the number of vertices of degree d at time n in the Barabasi—Albert
preferential attachment random graph with n vertices, then

) N(n,d)\ 4
nlinéoE< n >_d(d+1)(d+2)'

Thus, in a very large preferential attachment graph (n > 1), the proba-
bility that an edge has degree d decays polynomially in d=2 as d — co. The
heavy tail of the mean degree distribution is linked to the presence of highly
connected vertices caused by reinforcement.

Proof. The sequence (N (n, -))n>1 is a Markov chain. Conditional on N(n,-),
creating a new vertex of degree d requires adding an edge to a vertex of degree
d —1, which occurs with probability (d—1)N(n,d—1)/(2n), whereas a vertex
of degree d disappears from this category if an edge is added to it, which
occurs with probability dN(n,d)/(2n). Finally, a vertex of degree 1 is created
at each step by construction. Thus the mean number m,(d) := E(N(n,d))
of vertices of degree d at time n satisfies a linear recurrence, called a master
equation by Dorogovstev, Mendes, and Samukhin: for every n,d > 1,

d d—1
Mypt1(d) — my(d) = _%mn(@ + Wmn(d — 1)+ Loy,

with initial condition m; = 14—5. For d = 1, the equation becomes
b

Mpt1(l)=c+ (1= —)m,(1) avecc=1et b=1/2,
n

which gives

o=t (1 2)es (1) (1= 2 Yo

£ () i)

k=1 j=k+1 k=1
Now
ﬁ (1 — ) ~ exp| — z”: 9) ~ exp( — b(log(n) — log(k))) :(E>b,
j=k+1 k=k+1
hence " L .
mp(1) = cn” /0 s’ds =cn” b Tl b1
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so that ) )
My, c
li —.
e G, br1 3

More generally, for every d > 1, we have

nM+md)=(%ao+-<1—bS@)n%4¢

where g1 do1
b(d) =d/2 et M®={%@%fi,

and induction on d shows that ¢(d) = lim, o ¢, (d) exists and

Mo (d) c(d)
n noee bd) +1°

Next, setting
n(d
0d) = Tim "D

n—00 n

gives £(1) = 2/3, while for every d > 1,

@WDpd-1) d—1

{(d) = =
g+1 d+2

od—1).

Finally, the solution of this recurrence in d is (easy to check!)

4
R

15.3 Reinforced random walk

Reinforcement is at work in the formation of paths used by hikers in the
mountains or ants on the ground. Consider two distinct paths o and 8 con-
necting the same starting and ending points, used by successive passersby.
For every n > 1, encode by a random variable X, taking values in {a, 8} the
path used on passage number n. The random variables A,, and B,, encode the
attractiveness of paths « and 8 at passage (n+ 1)¢: for humans, this could re-
flect grass being worn away; for ants, the amount of pheromone. Fix (A4g, By)
and a function r :]0, co[— ]0, oo, called the reinforcement function, such that

r(z) = x for every x > 0, and model (X,),,, by

(Xng1, Any1, Bng1) = {

(0,7(Ap), By)  si Ungr < 5225
(B, An,7(By)) 8t Upgr > e,
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Geometrically reinforced random walks.
1.0

0.5

San/n

0.0

Fig. 15.3. Occupation of a path for the geometrically reinforced walk.

where (Un)n>1 is a sequence of independent identically distributed random
variables uniform on [0, 1]. The random recurrent sequence ((Xy, 45, Bn)),>0
is a Markov chain (the value of X plays no role in the recurrence). When
Ag, By, and r take integer values, everything behaves as if an urn contained,
at every time n, A, silver balls and B,, white balls: draw a ball at random
and then place r(A,,) balls of the same color in the urn. This gives sampling
without replacement if r(x) = z, Pélya’s urn if r(z) = 2 + 1, and a kind of
nonlinear Pélya urn in general.

The sequence (Xn)n21 is a non-Markovian random walk on the two-point
set {«, 8}. Its transitions depend on one another through the reinforcement
mechanism associated with the time spent at each site. It is called a vertez-
reinforced random walk. The reinforcement mechanism can also be viewed as
a kind of stochastic algorithm.

For simplicity, assume that Ag = By = 1 (X is unnecessary). The numbers
of passages along path o and path 8 at time n are given by

Y, = Z]I{Xk:oé} et Z,= Z]I{szﬁ}'
k=1 k=1

For convenience, set Yy = 0 and Zy = 0, so that Y,, + Z,, = n for every n € IN.
The following theorem describes the behavior of these two sequences for three
reinforcement functions 7.

Theorem 15.8 (Almost sure asymptotic behavior as n — o0).
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e No reinforcement. If r(x) = x for every x > 0, then almost surely
liminf |Y,, — Z,| =0, and

Yn_Z
limsupg =1

Yo ~
2nlog(log(n))

n n

Zoog oLl

2 ) n 2 9

e Linear reinforcement. If r(z) = x+1 for every x > 0, there exists a random
variable U uniform on [0,1] such that almost surely,

}/TL ZTL
— >U et ——>1-U.
n n

o Geometric reinforcement. If r(x) = px for every x > 0, where p > 1 is a
constant, then almost surely the random sequence (Xy),, s eventually
constant on n, and its limiting value has the symmetric Bernoulli distri-
bution on {a, B}.

Without reinforcement or with linear reinforcement, the frequency of use
of each path converges over time to 1/2 in the first case and to a uniform
random number on [0,1] in the second. Intuitively, superlinear reinforcement
might force these frequencies to converge to the extreme values 0 or 1. This is
confirmed for geometric reinforcement, where after some time one of the two
paths is always used.

The linear reinforcement model coincides with the Pélya urn studied above.
Geometric reinforcement is particularly appealing because a preferred path
emerges, chosen randomly through reinforcement. It is a kind of generalized
nonlinear, specifically superlinear, Pélya urn. Rubin’s Theorem 15.9 below
gives a criterion on the reinforcement for this phenomenon to occur.

Proof. We treat the three cases separately.

o No reinforcement. In this case, (A,),5q and (By), s, are constant se-
quences equal to 1. We recover sampling with replacement, or the Bernoulli
process (coin tossing). The sequence (Y,),, is a Bernoulli process on IN
starting from 0, whose increments have Bernoulli distribution on {0,1}
with parameter Ay/(Ap + By) = 1/2. By the strong law of large numbers,
almost surely Y,,/n — 1/2 and Z,/n =1 —-Y,/n — 1/2 as n — oco. The
sequence (Y, — Zy),,5, is a random walk on Z starting from 0, whose in-
crements have Rademacher distribution on {—1,1} with parameter 1/2. It
is an irreducible recurrent Markov chain: almost surely every state is vis-
ited infinitely often, particularly state 0, hence lim|Y,, — Z,| = 0 a.s. The
result concerning lim follows from Strassen’s law of the iterated logarithm;

e Linear reinforcement. In this case, A, = 1+Y, and B, = 1+ Z,, for every
n € IN. We recover Polya’s urn, and the desired result follows directly from
the uniform case in Theorem 15.2. Nevertheless, let us give the simplified
argument in the present notation. The relation Y,, + Z,, = n reduces the
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problem to studying Y,,. Let (]:n)n>o be the filtration defined by F, =
o(Uy,...,Upy). We have
E(l + Yn+1 |]:n) = 1 ‘|‘ Yn + E(IL{XnJrl:a} |fn)
=14+Y, +E(]I{Un+1§%} | Fr)

1+Y,
n+2

1+7Y,
24n’

=14Y,+ =(24+(n+1))
so ((1+7Yn)/(n+2)),s, is a martingale for (F,),-,. Taking values in
[0, 1], it is uniformly bounded and therefore converges almost surely (and
in mean) to a random variable U taking values in [0, 1]. Finally, induction
on n shows that (1 +Y;,)/(n + 2) is uniformly distributed on {1/(n +
2),...,(n+1)/(n+2)}

Geometric reinforcement. In this case, A, = p¥ and B,, = p%~ for every
n € IN. The random variable A,, :=Y,, — Z,, satisfies Ag = 0 and

An1 = A+ Ly, <1/(4p-20)) — Lu,a>1/(140-20))-
Set F, = o(Ux,...,Uy,). It follows that

|An]

_ . p
P(|Ani1] = |An| + 1| Fpn) = T+ ] Tia, 201 +1ga,—0y
1
P(|Ans1| = |An] = 1] Fn) = 1 +p|4n|]l{An¢0}‘

If f:IN — R satisfies f(1) > f(0) and, for every n > 1,

p"(f(n+1) = f(n)) = f(n) = f(n—1),

then
E(f(|An+1)) | Fn) = F(1An]) + Lia,=0y = f(|An]);

and (f(|Axn)),,>¢ is a submartingale. Now consider the special case f(0) =
0 and, for every n > 1,

Since f is bounded, the submartingale f(]4|) is uniformly bounded, so
it converges a.s. (and in mean). Since f is injective and |A| takes val-
ues in IN, the values taken by f(|4|) are discrete. Since f(|4|) converges

a.s., it can converge only to the sole accumulation point of f(IN), namely
limy, o0 f(n) = D pegp” S5 Thus as. lim,, 00 |An| = oo0. Now, for

all N,d > 0, the probability that the sequence |A| is nondecreasing from
index N onward, conditional on |Ayx| = d, is
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ad 1

The probability p; does not depend on N and increases to 1 as d — oo.
Thus the probability that | 4| is eventually nondecreasing (from a random
index onward) can be written as

P3N > 0,¥n > N : [Api1| = |An| + 1)

It is bounded below by

sup P(Vn > N, |An 11| = [An| +1) = sup > paP(|Ax| = d).
N>0 N>0,70

For every d > 0, we have limy_,o, P(|Ax| = d) = 0, since we know that
limy 00 |An| = o0 a.s. Consequently, for every D > 0,

sup > _paP(|An| =d) = sup > paP(|An|=d) = pp.
>0d:0 Z d=D

Since Pp — 1 as D — oo, it follows that almost surely |A| is eventually
nondecreasing, and hence the sequence X is absorbed at « or . The
distribution of the limit of X is symmetric by the model’s symmetry in «
and (3, since Ag = By.

O

15.4 Rubin’s theorem

This section is devoted to Rubin’s theorem on generalized Pdlya urns. Fix
two nondecreasing functions S,,Ss : IN — R4 such that S,(0) > 0 and
Sp(0) > 0. Construct a random recurrent sequence (X,),, taking values

in {a,B} as follows: for every n € W, conditional on Xj,...,X,,, writing
Y, = i1 L{x,=q} for the number of a and Z,, = n —Y,, for the number of
B,
: Sa(Yn
(,Y,+1,Z,) siU,p1 < Sa(Yn)S-Sg)(Zn)’

(XTL+17Y71+17271+1) - { : Sa(Yn)
(B,Yn, Zn +1) siUnis > o558,z

n

where (Up),,>; is a sequence of i.i.d. random variables uniform on [0, 1]. The
sequence (X,:)n>1 encodes successive draws from a generalized Pélya urn.
The model of Theorem 15.8, when (Ag, By) is deterministic, is obtained with
(S4(0),55(0)) = (Ag, By) and Sy (n) = Sg(n) = r(n) for every n > 0. If r is

linear, we recover the absence of reinforcement (sampling with replacement).



15.4 Rubin’s theorem 207

If r is affine, we recover linear reinforcement (the standard Pélya urn). Finally,
if r is a power function, we recover geometric reinforcement.

To study the general case, introduce the probability p, (respectively pg)
that the sequence (Xp),, contains only finitely many 3 (respectively ),
that is, only « (respectively only ) from some index onward on n. These
probabilities are given by

Pa = ]P(Un mk2n {Xk = Oé}) et Pp = IP(Un ﬁk}n {Xk = B})
We have p, + ps < 1. The following numbers in [0, co] play a crucial role:
= 1 = 1
Pa = — et pg = —_—.
; Sa(n) ’ 2 Ss(n)

Theorem 15.9 (Rubin). The values of pa,pg are related to oq, pp:

$pp < 00 Pp =
$a < 0|pa >0, pg >0, pa+ps =1|pa =1 (hence ps =0)
@Yo = 00| ppg=1 (hence p, =0) Pa=0,pg=0

Thus, whether the probabilities p, and pg are trivial depends only on
the asymptotic behavior of the reinforcement functions S, and Sg, and the
critical cases are linked to the criterion for convergence of a Riemann series.
Without reinforcement (S, and Sg linear) and with linear reinforcement (S,
and Sp affine), we have ¢, = g = 0o because the harmonic series diverges.
As soon as reinforcement is superlinear, ¢, < co and ¢g < oo, in particular
for quadratic reinforcement and, of course, geometric reinforcement.

Proof. Let (EY),~, and (EP )n>o be two independent sequences of indepen-
dent exponentially distributed random variables with, for every n > 0,

E(F2) = s;(n) et E(E,é):—sﬁl(n)

Now define the random sets

Az{ZE?:n}O} et Bz{ZEﬁ:n}O} et G=AUBRB.
k=0 k=0

Let &g < &1 < --- be the elements of G arranged in increasing order. Consider
the random sequence (X,), -, taking values in {a, 8} defined by X}, = o if
§n—1 € Aand X, = Bif {,—1 € B. The sequences (X,,),,-, and (X,,),5, have
the same distribution, by properties of exponential distributions including
memorylessness. Examine the equality in distribution of X; and X7{. If U and
V' are independent exponentially distributed random variables with means
1/u and 1/v, then P(U < V) = u/(u+v) and P(V < U) = v/(u +v), so

Sa(0)

P(X] =a) =P(¢ € A) = P(Ef <Eg):m

= IP(Xl = Ol).
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The same idea gives (with some work!) equality in distribution of (X,),,-,
and (X,),>-

Now a zero-one law for exponential distributions (Theorem 11.5) states
that p := P(}.," ES < 00) € {0,1}, with p = 1 if and only if ¢, < oc.
The same property holds for the sequence (E? )n>0 with ¢g. Moreover, we
have the formulas pg = P(}0_ (EY < >0 Ef) and p, = P32 EfS <
S0 E2). 0

15.5 Further reading

Pélya urns are studied in particular in the books by Hosam Mahmoud [Mah09]
and Norman Johnson and Samuel Kotz [JK77], and in the surveys by Samuel
Kotz and Narayanaswamy Balakrishnan [KB97] and Robin Pemantle [Pem07].
They are named after the Hungarian mathematician George Poélya. The
Hungarian school greatly developed random discrete mathematics, notably
through Paul Erdés and Alfréd Rényi’s celebrated work on random graphs
in the 1950s. The preferential attachment random graph model was intro-
duced by the Hungarian physicists Albert-Laszlé Barabasi and Réka Albert
[AB99, AB02]. Here is their heuristic for the behavior in d=3: if degrees and
time were continuous, we would have the evolution equation

dy g :dt,k
Yok dik 2t ’

giving the formula d;j, = (t/tx)'/?, where ¢, is the arrival time of vertex k.
Since vertices are added uniformly on [0, t], we obtain P(d; > d) = P(t; <
t/d?) = 1/d?, and differentiation yields the simple formula P(d; = d) = 2/d3,
the polynomial (power-law) behavior suggested by simulations. This ap-
proach lacks rigor; in particular, the constant 2 is incorrect. The Barabasi—
Albert model was subsequently studied by Béla Bollobés, Oliver Riordan, Joel
Spencer, and Gabor Tusnddy [BRSTO1]. It can be viewed as an instance of
self-organization. The topic remains active at the time of writing, as illustrated
by the article [BMR14] by Sébastien Bubeck, Elchanan Mossel, and Miklés
Récz, or [CDKM14] by Nicolas Curien, Thomas Duquesne, Igor Kortchem-
ski, and Ioan Manolescu. This chapter’s treatment of preferential attachment
random graphs is inspired by Thierry Bodineau’s course [Bod14] at the Ecole
Polytechnique and the books by Remco van der Hofstad [vdH14] and Rick
Durrett [DurlOb]. The Azuma—Hoeffding inequality from Chapter 20 can be
used to show that N(n,d) (without expectation) behaves polynomially in d
as n — oo. The preferential attachment rule can also be modified to obtain
polynomial behavior with degree other than 3, corresponding to a modified
(nonlinear) Pdélya urn. Preferential attachment also appears in the branch-
ing process of Herbert Simon and Udny Yule. The discrete distribution with
polynomial decay, the discrete version of the (Vilfredo) Pareto distribution, is
known as the (George Kingsley) Zipf distribution.

Ody , =
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The treatment of reinforced random walks is inspired by a text by Thierry
Lévy. More generally, we refer to Robin Pemantle’s survey [Pem07] on re-
inforced random processes and Pierre Tarres’ survey [Tarll] on reinforced
random walks. A recent result on reinforcement can be found in the article by
Margherita Disertori, Christophe Sabot, and Pierre Tarrés [DST14]. A contin-
uous reinforcement model is studied by Michel Benaim and Olivier Raimond
in [BR11]. Herman Rubin’s Theorem 15.9 appears in an appendix to an article
by Burgess Davis [Dav90].

Beyond these models, reinforcement plays an important role in learning
theory. It is also related to a range of stochastic algorithms, such as the
Robbins—Monro stochastic approximation algorithm, linked to dynamical sys-
tems and their attractors. Martingales are a central tool in the stochastic ap-
proach to game theory and strategies, briefly presented in the book by Michel
Benaim and Nicole El Karoui [BEKO05].
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Percolation

Keywords. Percolation; threshold phenomenon; random graph; random tree;
Bethe tree; Euclidean lattice; complete graph; Erd6s—Rényi random graph.

Tools. Coupling; Fekete’s subadditivity lemma; Kolmogorov’s zero-one
law; random walk; Galton—Watson process; martingale; optional stopping the-
orem; Markov’s inequality; Laplace transform.

Difficulty. **

Percolation originally refers to the passage of a fluid through a permeable
medium, such as water through coffee or oil through rock. One motivation
for the mathematical study of this phenomenon was the modeling of gas-
mask filters. Percolation can also model the spread of information through a
social network, for example: each individual is directly connected to several
others, and we seek to understand whom they are connected to in the overall
population through these local connections.

We begin by introducing percolation on a general graph. We then discuss
the relatively simple case of the Bethe graph (a tree), followed by the more
physical case of the Euclidean graph. We conclude with a few words about
a complete-graph model. These three settings can model the transmission of
information in a strongly hierarchical company (the first), in a social network
(the third), or the flow of a fluid through permeable rock (the second).

16.1 Percolation on a graph

An (undirected) graph is a pair G = (V, E), where V is a nonempty finite or
countably infinite set and E C P2(V'), where Py(V) is the set of two-element
subsets of V. The elements of V and E are respectively called! the vertices

! The notation comes from the words “vertices” and “edges”.
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and edges of the graph G. If the edge {z, y} belongs to F, we say that x and y
are neighbors and write  ~ y. The most immediate example is the Euclidean
graph & = (V, E), for which V = Z? and

E={{z,y} 2,y € Z% |z —y|, = |v1 — 1|+ + |za — yal = 1}

A path of length n in the graph (V, E) connecting a vertex = to a vertex
y is a finite sequence x = xg ~ -+ ~ x,, = y. If there is a path connecting x
to y, we say that x and y communicate (or are connected) and write z < y.
We never have x ~ z, but adopt the convention = < z for every x € V.
The binary relation <+ on V is an equivalence relation, and the equivalence
class (or connected component) of the point = is denoted by C(z). A path is
self-avoiding if all its vertices are distinct. If <+ y and = # y, there exists
a self-avoiding path from z to y, obtained from any path by erasing loops. A
path connecting a vertex to itself is called a cycle. We say that (V, E) is a tree
when it is connected and has no cycles, or equivalently when any two distinct
vertices are connected by a unique self-avoiding path.

In what follows, V is countably infinite unless stated otherwise. Let F' C FE.
We say that percolation occurs at € V' (for F) if the class C(x) of = in the
graph (V, F) has infinite size (|C(z)| = o0), and write x <> co. We identify
the set of subsets of E with the set

2:={0,1}%.

We shall choose F' randomly in §2, so that (V,F) is a random graph. We
construct F' from E by tossing a coin to decide whether to retain or delete
each edge of E. This amounts to introducing the probability distribution

P, = ® Ber(p)

eclE

on {2 equipped with its cylinder sigma-algebra F, where p € [0,1] is a fixed
parameter. Write IE, for expectation under IP,. To study how the parameter
p affects percolation under IP,, we distinguish a particular vertex @ € V,
called the root—we say that (V, E) is rooted at @—and define the percolation
probability under P, for @ by

0(p) :==P,(& < 00) =P,(|C(2)]| = o0).

Lemma 16.1 (Monotonicity). The function p € [0,1] — 6(p) is nondecreas-
ing, and
900)=0 et 6(1) =L

The monotonicity of 6 leads to the notion of critical probability:

Dc = sup {p € [Oa 1] : o(p) = 0} € [Oa 1]
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Fig. 16.1. A realization of the random graph (V, F) of the Euclidean graph &
under Py 5.

Proof. If p = 0, then F is empty and hence 6(0) = 0, whereas if p = 1,
then FF = E and 6(1) = 1. To establish monotonicity in p, we couple all the
distributions (IPP)pG[(),l]' Let (Ue).cp be ii.d. real-valued random variables
uniformly distributed on [0, 1]. For every p € [0, 1], realize P, as the distribu-
tion of Fy, := (Lir.<p}),cp- I p < P, then F, C Fy. Every edge of (V, F,)
is also an edge of (V,Fy). If z <> y for (V, F,), this also holds for (V, ).
Consequently,

0(p) = Py(2 + 50) < Py (2 5 00) = 0(p).
O

Remark 16.2 (Coupling and monotonicity). Equip {2 with the partial order
induced by inclusion in Po(V): F < F' if and only if every edge of (V, F) is
also an edge of (V, F'). For every bounded f : 2 — R, the coupling argument
in the proof of Lemma 16.1 ensures that if f is mondecreasing, then so is
pe 0.1 - By ().

16.2 Bethe graph (regular tree)

In this section, (V, E) is the Bethe graph B, of degree r > 2, namely the
infinite tree in which every vertex has r neighbors except one, which has only
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r — 1, denoted by 0 and called the root of the tree (see Figure 16.2). For
every p € [0,1], under P, the random graph (V,F) is a collection of trees,
sometimes called a forest. The percolation probability and critical probability
for the root vertex @ = 0 in B, under P, are respectively denoted by

0r(p) :=Pp(0 <> 00) = P, (|C(0)] = o0),
pe(r) :==sup{p € [0,1] : 6,.(p) = 0}.

Theorem 16.3 (Threshold phenomenon for percolation on a Bethe graph).
For every r > 2 and every p € [0,1], the quantity 0,(p) is the largest root in
0 € [0,1] of the equation

1—0=(1—po),

while
1
r—1°
Moreover, the function 0, is continuous, vanishes on [0, p.(r)], is strictly in-
creasing on [p.(r),1], and for r > 3 we have

pe(r) =

lim 0.(p) _ 2 _ 2(r —1)2
p=pe(r)t P = pe(r)  pe(r) (1 —pe(r)) r—2

If r > 3, then 0 < p.(r) < 1, indicating a threshold phenomenon for
percolation on the Bethe graph B,..

Proof. The Bethe graph B, coincides with the Galton—Watson tree with off-
spring distribution 6,_;. Under PP, we obtain a random tree in which each
vertex is connected to each of its r — 1 children with probability p. The num-
ber of these connections has offspring distribution Bin(r — 1, p) with mean
m = (r—1)p. According to Chapter 3, this tree is subcritical if m < 1, critical
if m = 1, and supercritical if m > 1. By Theorem 3.7, the population extinc-

Fig. 16.2. First branches of B4 with edges deleted by P, (dashed).
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tion probability is the smallest root s, of the equation g,(s) = s, where g, is
the generating function of the offspring distribution: g,(s) = (ps +1 —p)"~!
for s € [0, 1]. Extinction of the population is equivalent to finiteness of the
root’s connected component. Thus 6,.(p) = 1—s,, and 6, (p) is the largest root
in [0, 1] of the equation 1 — 0 = (1 — pd)"~1.

Let h, be the function defined on [0, 1] by h,(0) = (1 —pf)"~! — 1+ 6. It
vanishes at 0, is strictly positive at 1, is strictly convex if r > 3, and affine if
r = 2. Moreover, h;,(0) has the sign of 1 — p(r — 1). Thus, for p(r — 1) < 1,
hp vanishes only at 0 and 6,(p) = 0. Conversely, h, vanishes exactly once on
10, 1[ whenever p(r — 1) > 0. In conclusion, the probability 6, (p) is zero for
p < (r —1)7! and strictly positive for p > (r — 1)~1. The function p — h,(6)
is strictly decreasing and continuous. This ensures that the function 6, is
continuous on [0, 1] and strictly increasing on [p.(r), 1].

Finally, 1-0 = 1—(r—1)pf-+1 (r—1)(r—2)p?6>+0(6?). Since 0, (p.(r)) = 0
and 0,.(p) is strictly positive for p > p. = (r — 1)~!, simplification gives

o, (r=1)p—1 B 2
0-(p) = 2m +0(0-(p)) = W(P —pe) +0(6:(p)).
We conclude by observing that (r — 2)p. = 1 — pe. a
0r(p)
1

pe(4)  pe(3) Lop

Fig. 16.3. Percolation for B, with » = 3 (solid line) and r = 4 (dashed line).

Remark 16.4 (Explicit formulas in the cases r < 4). For r = 2, the Bethe
graph By can be identified with the graph of IN, and under P,, the random
variable |C(0)] has a geometric distribution with parameter 1—p, while 63 = 1
and p.(2) = 1. For r = 3 and r = 4, the equation satisfied by 6,.(p) in
Theorem 16.3 can be solved explicitly (see Figure 16.3):

2p—1 3p? — \/4p3 — 3pt
0s(p) = 71{p>1/2} et ba(p) = 98

Tip>1/3y-
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Remark 16.5 (Mean size of the root component). Return to the proof of
Theorem 16.3 and suppose that p < p.(r). Then |C(0)] < oo a.s. because the
root’s lineage dies out a.s. Moreover, by Section 3.3, the generating function
h of |C(0)| solves the equation

h(s) = s(ph(s) +1 —p) %

In particular,

1
E,(IC(0))) =4 1 —p(r—1)
00 st p = pe(r).

st p < pe(r),

On the other hand, if p €]p., 1], there are infinitely many infinite classes,
since individuals not connected to their parent are the roots of disjoint i.i.d.
random trees. This situation, due to the tree structure, differs greatly from
that of the Fuclidean graph studied below.

16.3 Euclidean graph (lattice)

In this section, (V, E) is the Euclidean graph &y:

d
V=27 et E:{{x,y}ePQ(Zd) : |x—y|1:2|xi—yi|:1}.
i=1

The percolation probability and critical probability for the root vertex @ =0
in £ under P, are respectively denoted by

04(p) :=P,(0 <> 00) = P,(|C(0)] = o0)
pe(d) :==sup{p € [0,1] : ba(p) = 0}.

For d = 1, the graph &; can be identified with the graph Z. For every z € Z,
under P, the random variable |C(x)| has the distribution of G_ + G4 — 1,
where G_ and G, are independent random variables with geometric distri-
bution of parameter 1 — p. Thus, for d = 1, we obtain ¢; = 1; and p.(1) = 1.

As soon as d > 1, the probability of the event {z > y} for £; under P, is
not explicit even for x ~ y, because every edge of the graph may play a role,
unlike the case of Bethe graphs. In terms of connectivity, the lattice is much
more complex than a tree because cycles allow detours.

Lemma 16.6 (Small class). For alld > 1, x € Z4, p € [0,1],
P,(C(z)={z}) = (1-p)* et P,(|C(x)] =2) =p(1 —p)>FY.

Proof. We have |C(z)| = 1 if and only if z is connected to none of its 2d
neighbors, whereas |C(z)| = 2 if and only if = is connected to just one of its
2d neighbors, which itself is connected only to . O
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Theorem 16.7 (Threshold phenomenon for percolation on a Euclidean
graph). For every 2 < d < d’', we have 04 < 04 and p.(d) < p.(d"). Moreover,
1 1 1
0< ;77— < 7575 <peld) <1 - — <
<377 Pe(d)

k(d) r(2)
where the constant k(d) is defined in Lemma 16.8.

The constant x(d) is called the connective constant of ;. For clarity, the
proof of Theorem 16.7 is split into four lemmas.

Lemma 16.8 (Connective constant). For all d > 2 and n > 1, let k,(d) be
the cardinality of the set C¢ of self-avoiding paths in Eq of length n starting
at the origin 0. We have

d" < kp(d) < 2d(2d — 1)" 1
Moreover, the sequence (/in(d)l/”)n>l converges, and its limit k(d) satisfies
d < r(d) <2d—1.

Proof of Lemma 16.8. The first edge of a self-avoiding path starting at 0 can
be chosen among the 2d edges leaving 0. Subsequent steps cannot backtrack,
hence k,(d) < 2d(2d — 1)"~!. The lower bound k,(d) > d" follows by ob-
serving that every path starting at 0 whose successive vertex coordinates are
nondecreasing is self-avoiding. The sequence (£, (d)),,, is submultiplicative:
for all n,m > 1,

Fngm (d) < Fin(d)fm (d),

because if (0,21,...,%ptm) € CL, ., then

(0,21,...,2,) €CL et (0,Zni1 — Tnyer oy Tpgm — Tn) € CY.

The sequence (log(rn(d))),,; is therefore subadditive, and Fekete’s lemma?

gives

1 Togn(d)

n—oo n n>=1 n
This gives x(d) = ¢, and the bounds on «(d) follow from those on x,(d). O
Lemma 16.9 (Lower bound). For every d > 2, we have p.(d) > 1/k(d).

Proof of Lemma 16.9. Let n > 1 and let IV,, be the random variable counting
the elements of C¢ contained in the random edge set C'(0) under P,,. If |C(0)| =
00, then N,, > 1. On the other hand, an element of C? starts at the origin and
has exactly n distinct edges. By independence, it has probability p™ of having
all its edges in C'(0). Thus

2 If Ungm < Un + um for all m,n > 1, then o — infpy 2 € [—o0, 00].
n— oo
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0a(p) < Pp(Np 2 1) = Ep(In,>1) < Ep(Ny) < p"rn(d).

Lemma 16.8 gives i, (d)'/™ = k(d) + 0, (1), hence 04(p) < (pr(d) + 0,(1))".
Consequently, if pr(d) < 1, we obtain 04(p) = 0 as n — oo. O

Lemma 16.10 (Monotonicity in dimension). If 2 < d < d', then 05 < 04
and p.(d") < pe(d).

Proof of Lemma 16.10. The idea is to use coupling, as in the proof of
Lemma 16.1. Since the graph &; can be identified with the subgraph of &y
corresponding, for example, to the first d coordinates in Z% , for every fixed
p € [0,1] we can couple the random graphs (Z%, F) and (Z%, F') of £; and
&y under P, so that

04(p) =P,(0 <> 400 dans &) < Pp(0 > +oo dans Ex) = 04 ().

In particular, p.(d) < p.(d’) follows. O
Lemma 16.11 (Upper bound). If d = 2, then p.(2) <1 —1/k(2).

Proof of Lemma 16.11. The dual graph & = (V* E*) of the graph & =
(V,E) is the translate of & by the vector (1/2,1/2) (see Figure 16.3). Each
edge e of the original graph intersects exactly one edge e, of the dual graph.
Construct the random graph (V*, F*) of £ from the random graph (V| F) of
&> under P, by declaring that e, € F'* if and only if e & F'.

A self-avoiding loop (or Jordan curve!) of length n is a path (zg, 1, ..., 25)
such that the path (zg,x1,...,2,—1) is self-avoiding and x,, = (. Its comple-
ment consists of two connected components, one bounded (called the interior)
and the other unbounded.

Let A(m) := [-m, m]?. Introduce the following events:

F,, := {A(m) est a I'intérieur d’une boucle

auto-évitante de &5 & arétes dans F*},
and
G, = {les arétes reliant les sommets de A(m) sont dans F'}.

Percolation occurs at 0 on the event F, N G,,, and since F, and G, involve
disjoint edge sets, they are independent under IP,. Now consider a loop 7y
whose interior contains A(m). Its length n must exceed 4m. Moreover, it must
contain at least one vertex of the form (1/2+%,1/2) with 0 < k < n. Let zg be
the rightmost such point. Number the elements of v by traversing the curve
counterclockwise so that v = (zg,21,...,Zn—1). This path is self-avoiding.
There are at most nk,(2) self-avoiding loops of length n surrounding A(m).
Thus, if M,, is the number of self-avoiding loops of length n surrounding A(m)
with all edges in F', we have
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Py(Fp) <P, Y My>1] < Y Ey(My)< Y nen(2)(1—p)™

nz=4m nz=4m nz=4m

Since £,(2)Y/" = K(2) + on(1), the series above (on the right-hand side)
converges whenever £(2)(1 — p) < 1, and therefore, for sufficiently large m,
P,(F,) < 1/2. For such m, we have

lpélm2

0.
5 >

02(p) = Pp(Fy, N Gm) = Py (F) Py (Grn)

WV

Thus, if (1 — p)x(2) < 1, then O2(p) > 0, hence p.(2) <1 —1/k(2).
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Fig. 16.4. Left: the Euclidean graph &> (solid lines) and its dual £ (dashed lines).
Right: a finite component and its surrounding loop.

O

In the supercritical regime p > p.(d), the class C(0) of the origin 0 may
be infinite. The following theorem complements this result.

Theorem 16.12 (Existence of an infinite class). If p > p.(d), then Pp-a.s.
there exists at least one infinite class.

Proof. The event A :=“There exists at least one infinite class” belongs to the
tail sigma-algebra of the events (Ac),.p, where A, := {e € F}. Under P,
these events are independent, so P,(A) = 0 or P,(A4) = 1 by Kolmogorov’s
zero-one law. Now, if p > p.(d), then P,(|C(0)] = o0) > 0 and {|C(0)| =
oo} C A, hence P,(A) = 1. O

However, the situation is very different from that of the Bethe graph: one
can show that the infinite class is unique! The proof lies beyond the scope
of this chapter. We give only a proof on &, assuming the known fact that
02(1/2) = 0.
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Theorem 16.13 (Uniqueness of the infinite class). Suppose that d = 2 and
that 65(1/2) = 0 on the graph . Then, for every p > p.(2), there exists
Pp-a.s. a unique infinite class.

Proof. Use the notation from the proof of Lemma 16.11.

For p = 1/2, percolation on the graph & and its dual graph &£ behaves
in the same way: Pp-a.s. there is no infinite component, since 62(1/2) = 0.
Let A(m) = [—m,m]?. There exists a self-avoiding loop 7, in £ surrounding
A(m) whose edges belong to F* (so the dual edges in & do not belong to
F). By the same argument, there exists a loop 7 in £ containing 7, and
hence A(m). By coupling, this remains true for every p > 1/2. If two infinite
equivalence classes intersect A(m), they also intersect v and must therefore
coincide! Since this holds for every m, there can be only one infinite class. 0O

16.4 Complete graph and Erd6s—Rényi model

In this section, (V, E) is the infinite complete graph K, meaning that V is
countably infinite and E = Py(V). Thus = ~ y for all  # y in V. All vertices
play the same role. Since every pair of vertices are neighbors in K., there
is no geometry as in B, or &;. Under P, the random graph (V, F) is called
the infinite Erdés—Rényi model. For all p €]0,1] and = € V, the vertex = has
infinitely many neighbors in (V, F') and IP,,(|C(z)| = co) = 1, hence 6 = 1 y
and p. = 0.

To make the model more interesting, we can consider percolation on the
finite complete graph K,, with n vertices V' = {1,...,n} and, depending on
n, choose the parameter p of P,. Denote by G(n,p) the distribution of the
random graph (V, F') under IP,. In this finite Erdés-Rényi model G(n,p), each
vertex x € V has a random number of neighbors, with binomial distribution
Bin(n — 1,p) and mean (n — 1)p ~ np. When n — oo with np — A > 0, we
have p, ~ A/n — 0 and the number of neighbors of each vertex converges in
distribution to the Poisson distribution Poi()) (the law of small numbers).

Theorem 16.14 (Threshold phenomenon and giant connected component).
Let A > 0 be a fized real parameter and o := A —1—log(A) > 0. Let (Gn),,5,
be a sequence of Erdds—Rényi graphs defined on the same probability space,
with Gy, = (Vi, Fp) having Erdés—Rényi distribution G(n,p) with p = A/n.
For every v € V,,, let G, (v) be the connected component of vertex v.

1. If A < 1, then for every ¢ > 1/a,

lim IP(max |Gr(v)| = clog(n)) =0.

n— oo veEV,
2. If A > 1, then
max,cv, |G(v)]

P g _ 0
n n—roo
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where p €]0,1[ is the extinction probability of a Galton—Watson branch-
ing process with offspring distribution Poi(\). Moreover, there exists a
real number ¢ > 0 such that almost surely the second largest connected
component has size at most clog(n).

In essence, if A < 1, the random graph is so sparsely connected that it has
no connected component larger than O(log(n)). The graph is fragmented. If
A > 1, the random graph is sufficiently connected to contain a unique giant
connected component comprising a strictly positive fraction of the vertices,
while the other connected components have size at most O(log(n)).

Proof. For simplicity, we prove only the first assertion. To do so, explore G(v)
using a breadth-first search algorithm3, which explores the neighbors of v,
forming the first generation, then their as yet unvisited neighbors, forming the
second generation, and so on. This produces a finite spanning tree* of G(v),
similar to that in Figure 3.2. By forcing the absence of cycles, this approach
also provides a coupling with a Galton—Watson random tree with offspring
distribution Bin(n — 1,p), which is subcritical because (n — 1)p < A < 1,
whose total size N satisfies N > |G(v)| (the tree is larger because there are
no cycles). Now Theorem 3.17 states that

loi

N=T ou T:=inf{k>1:5,=-1}

is the hitting time of —1 for a random walk (Sk),, on Z starting at Sp = 0
with i.i.d. increments (U;),, such that 1+ U; ~ Bin(n — 1, p). Fix any 6 > 0
and set

My, =" p(0)F o p(0) = E(")

which is the Laplace transform of the increment distribution of (S);,. The
sequence (M), is a nonnegative martingale

for the natural filtration of (Sk),~, and 7' is an almost surely finite stop-
ping time. We have lim,, o, M7a, = M7r a.s. so, by Fatou’s lemma and the
optional stopping theorem,

¢ PE(p(6) ") = E(My) = E( lim Mya,) < lim E(Mra,) = E(Mo) = 1.

n— oo n—oo

Let 6 > 0 be such that ¢(#) < 1. For every r > 0, Markov’s inequality gives

P(T > 1) = P(p(0) " > 0(6) ") < p(0) E(p(6) ") < p(6)" <"

x

4
The convexity inequality 1 + z < e, valid for every x € R, gives

n—1
Aef — 1)) < M 1)-0

o0) = (1= prt ety = et (14 X5

3 Abbreviated as BFS.
4 One also speaks of a Minimal Spanning Tree (MST).
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(note that eMe’=1) is the Laplace transform of Poi(\)). The function § € R —
Ae? — 1) — 0 attains its minimum at 6, = —log()\) > 0, and ¢(f,) = e,
where o := 1 — A+ log(\) > 0, hence

P(T > 1) < @(6,) e = et = \~lemor,
Consequently, for every ¢ > 0,
P(|G(v)| = clog(n)) < P(N > clog(n)) = P(T > clog(n)) < A~ 'n=2¢.

Now, since the random variables (G(v)),cy are identically distributed, we
have

IP(max|G(v)| > clog(n)) < Z P(|G(v)| = clog(n))

veV
veV
— nP(G(1)] > clog(n))

< )\—1,’7‘1—0¢c7

which gives the result upon taking ¢ > 1/a. O

16.5 Further reading

The geometry of regular trees (Bethe graphs) and complete graphs is simpler
than that of the Euclidean graph (lattice), which in principle makes their
probabilistic properties easier to study. In computing, telecommunications,
and electrical engineering, a network® is a graph with a mark or weight on each
edge, representing a conductance, resistance, length, cost, etc.; in our case, 0
(unavailable edge) or 1 (available edge). In this sense, our random graphs are
random networks®. In the Euclidean case, the graph is also a lattice in the
geometric sense’, namely a discrete subgroup of Euclidean vector space.

Percolation is a classical phenomenon in statistical physics that can be
studied on any random graph. The percolation mechanism also has many vari-
ants: oriented percolation (edges are oriented), first-passage and last-passage
percolation, site percolation (vertices rather than edges are declared open
or closed), etc. Much of this chapter is inspired by Thierry Lévy’s lecture
notes [Lé08]. The mathematical theory of percolation, developed since the
mid-twentieth century by John Hammersley and Harry Kesten in particular,
has remained a very active area of probability. Overviews can be found in the
books [Gri99, Gril0] by Geoffrey Grimmett, whose 1974 thesis, supervised
by Hammersley and Dominic Welsh (also a former student of Hammersley),
already concerned random fields and graphs! Theorem 16.14 dates back to the
mid-twentieth-century work of Paul Erdds and Alfréd Rényi [ER59, ER61D]
and Edgar Gilbert [Gil59]. The proof of Theorem 16.14 is inspired by Charles
Bordenave’s lecture notes [Bor14a]. More generally, one can establish the fol-
lowing:

5 The French term is “réseau”.
6 Networks chosen at random.
7 Also called “réseau” in French.
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Condition on (n, p)|Almost sure behavior of the random graph G(n,p) as n — oo

np < (1 — ) log(n)
np > (1 + €) log(n)

isolated vertices exist (hence the graph is disconnected)
connected graph (hence np ~ log(n) is a connectivity threshold)

np <1
np =1
np —>A>1

no connected component of size > O(log(n))

largest connected component of size ~ n?/3

unique giant connected component (fraction > 0 of the vertices)
no other connected component is > O(log(n)).

For this topic, see [Borlda] and the book by Remco van der Hofstad
[vdH14], which provide a proof of the second assertion of Theorem 16.14.

Lemma 16.8 on the connective constant of the Euclidean graph is one of
the keys to the proof of Theorem 16.7. However, the exact value of this con-
stant k(d) is unknown for every d > 2. Hugo Duminil-Copin and Stanislav
Smirnov showed in [DCS12] that it equals \/2 + /2 for the hexagonal graph
on Z2. The proof of Theorem 16.13, taken from the survey article [HJ06], is
due to Theodore Harris [Har60]. In that work, Harris also establishes that
02(1/2) = 0, meaning that p.(2) > 1/2. The equality p.(2) = 1/2 was not
proved until Kesten’s work [Kes80]. For other values of d, the critical proba-
bility is unknown. Nevertheless, one can show that 8, is of class C* on the

interval |p.(d),1][.
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17.1 The TCP window-size process in computing

The maximum instantaneous outgoing throughput of a computer connected
to a TCP/IP! network such as the Internet is regulated by the following
algorithm: the maximum throughput increases deterministically by one unit
at each time step, and upon receiving a congestion signal, it is multiplied
by a factor between [0, 1], typically 1/2. This simple mechanism allows both
efficient use of the network and an effective response to congestion.

We shall study an idealized Markovian model of this mechanism. If we
assume that, over a given duration, each other computer on the network causes
congestion with a small probability, independently of the others, then the law
of small numbers suggests that congestion signals follow a Poisson process. Let
N = (Nt)t>o be a Poisson process starting from 0 with intensity A, counting
congestion signals, with successive jump times (Tn)n>07 where Ty := 0. If
E, =T, —T,_1 for every n > 1, then

T, =Ey+ -+ Ey,

! Standing for “ Transmission Control Protocol” and “Internet Protocol”.
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and the sequence F = (En)7121 consists of i.i.d. random variables with expo-
nential distribution of mean 1/\. For every t € R, we have

Nt - Z ]l[O,t] (Tn)

n>=1

Let Q = (le)n21 be a sequence of independent random variables taking
values in [0,1] with common distribution Q. Let X, be a nonnegative ran-
dom variable. We assume that Xy, F, and @) are independent. Define the
continuous-time process X = (Xt)t>0 with state space R as follows:

v [Xr =T §i Ty <t < Ty,
t = .
Qn+l(XT,L + TnJrl - Tn) sit= Tn+17

where n = N; € IN is the number of jumps before time ¢. The sample paths
of X are piecewise affine with slope 1, right-continuous with left limits, and
each jump corresponds to multiplication by a number in [0, 1[. This is called
a piecewise deterministic Markov process® and, more specifically, an additive
increase, multiplicative decrease process®. The process X is known as the TCP
window-size process?, since in computing, the maximum outgoing throughput
is controlled by the size of a “TCP window”.

Xy

Xo

0 T 15 t

Fig. 17.1. Shape of a typical sample path of the process X.

Theorem 17.1 (Infinitesimal generator). The infinitesimal generator of the
process X is given, for every function f € C*(Ry,R) and every x > 0, by

2 Abbreviated as PDMP.
3 Abbreviated as AIMD.
4 The window controls the permitted volume of outgoing data.
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The process X does not explode because N does not explode. The condi-
tional expectation IE(f(X;)| Xo = ) is well defined because on {Xy = x} we
have X; < z + ¢, and since f is C!, the real-valued random variable f(X;) is
bounded.

Proof. Let f € C}(Ry,R) and t < 1. By the definitions of X and N,

E(f(X)l{n,=o} | Xo=2) = f(x + t)P(N, = 0) = f(z +t)e ™
= (f(z) + f'(@)t +o(t))(1 = Xt + o(t))
= fz) +t(f'(x) = M (2)) + o(t).

Conditional on {N; = 1}, T is uniformly distributed on [0, ], so

E(f(X))| Xo=2,N, =1) = B(f(Qu(z + T1) +t — T1) | N, = 1)

/ds/ Q(dq)flg(z+s)+t—s)
- / Q(dq) f(g) + o(1)

where the o(1) (as t — 0) follows from the continuity of f, and hence
1

B 0|0 = 2) = PV = 1) [ Q) taa) + o(1) )
0

— M / Q(dg) f(xq) + oft).

Thirdly, on {Xy = 2} we have X; < x + ¢, and therefore, since ¢t < 1, we have

[E(f(X) LN, 22y | Xo = 2)| < ( sup |f(u)|>IP(Nt > 2) = O(t?).
uw€[0,z+1]
Finally, collecting the three terms gives the desired result. a

For every t > 0, consider the linear operator P; mapping each bounded
measurable function f: Ry — R to the bounded measurable function

v € Ry = P f(x) = E(f(Xy) | Xo = 2).

This quantity is also meaningful when f is measurable and locally bounded
(for example, continuous), because conditional on Xy = z, X; takes its values
in the bounded interval [0,z + t]. We have Py = I, and the Markov property
implies that (%), is a semigroup:

Pys=Piy =P oP.

This semigroup is called Markovian because it preserves positivity and the
unit function: P(f) > 0if f > 0, and P;(1) = 1. A bounded measurable



228 17 Growth and fragmentation

function f : Ry — R is said to belong to the domain of the generator L of
the process when the following limit exists for every = > 0:

L(f)(x) = tim D@ = f(@)

t—0+ t

= 0= P (f) ().

Everything behaves as if “P; = e**”. One can establish that the semigroup
property gives, for every ¢ > 0 and every function f of class C*,

ontf) =iy (L) i)

OPi(f) = hmw - L

e—0 IS

(P f).

These are called the forward and backward Chapman—Kolmogorov equations,
respectively.

Theorem 17.1 states that the domain of the generator L contains functions
of class C1. Moreover, the generator preserves polynomials without increasing
their degree. This allows moments to be computed recursively.

Theorem 17.2 (Moments and invariant distribution). For every n € NN,
every x = 0, and every t > 0, the moment of order n of the distribution of X;
conditional on {Xo = x} satisfies

n! n m xk n 1
]E(X”lXOZ,’L‘):i_Fn' < i )e—gmt
' [Tz O mzzzl kZ:O k! g 0; — Om
Jj#Fm
where 0, := \(1 — E(QY)). Moreover, conditional on {Xo = x}, the variable

X converges in distribution as t — oo to the distribution p on Ry whose

moments are |

n!
" pldr) = =
/ [Ti=1 Ok
for every n > 0. Finally, all moments of X, converge to those of .
Proof. Set o, (t) = E(X] | Xo = x) = Pi(fn)(x), where f,,(x) = 2™. For every
n > 1, Theorem 17.1 gives

1
Lia(a) =na" 42" [ (" = 1) Qo) = nfus(z) = 001 (2)
0
and therefore, using the forward Chapman—Kolmogorov equation,
a/n(t) = 0iPy(fn)(x) = P(Lfn)(x) = Pi(nfo-1 — Onfn)(z)
=nay,_1(t) — Opa,(t).

Since «g is constant and equal to 1, we obtain the ordinary differential equa-
tion o) (t) = 1 =011 (t), which gives «;. Induction on n (a triangular system!)
yields the stated formula for (o), -
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Since 0, < 0, for p > 1, the moments of ;1 are bounded above by those of
an exponential distribution with parameter 6;. This implies that its Laplace
transform is finite on | — 0o, 61[. It is therefore holomorphic on a neighborhood
(in C) of the origin. In particular, the characteristic function of y is analytic
on a neighborhood (in R) of the origin. Theorem 21.7 then ensures that the
distribution p is characterized by its moments.

Thus, conditional on {Xy = x}, each moment of X; converges as t — oo
to a finite limit. The fact that this sequence of limits is the moment sequence
of a distribution, and that X; converges in distribution to it, follows from an
argument similar to the proof of Wigner’s theorem by the method of moments
in Chapter 21. Care is needed because here we work on R and not on the
whole of R. O

Remark 17.3 (Spectral decomposition). For all n > 0 and t > 0, the op-
erators L and Py, restricted to the space R,[X] of polynomials of degree at
most n, are endomorphisms whose eigenvalues are respectively (_gk)ogkgn

and (e~ 0% )nggn.

Remark 17.4 (Growth-collapse®). If Q = &, then the moment of order n
of the invariant distribution p of X equals nl/A™, which ensures that u is the
exponential distribution with parameter .

Remark 17.5 (Distribution of the process at a fixed time). Consider the
case Q = 4 with 0 < ¢ < 1, conditional on {Xo = x} with x > 0. Then for
every t > 0, there exists an absolutely continuous distribution u, supported on
the interval [0, qx + t] such that

LOI(Xt) = G_At(593+t + (]. — €_At)ut

and dist(z + t,supp(pt)) = (1 — ¢)x. Indeed, conditional on {N; =n},

Y, — T+t sin =20,
e S M (U — Uket) sin > 0,

where 0 = Uy < Uy < -+ < Uy, < Upy1 =t is a uniform order statistic on
[0,t]. Thus Loi(X¢| Ny = 0) = dy4t, whereas Loi(X; | Ny = n) is absolutely
continuous if n > 0, supported on [¢"(x + t),q"x + t]. This gives the result
with py = Loi(Xy | Ny > 0). It shows that X is asymptotically smoothing, since
the mass of the atomic part of pu; tends to 0 as t — oco. This is caused by the
jump mechanism, the sole source of randomness.

Remark 17.6 (Irreducibility). For every x > 0, conditional on the event
{Xo =z}, the process X enters any interval in finite time with positive prob-
ability. In other words, its sample path intersects every horizontal strip in
finite time with positive probability. This is immediate if the strip lies above
x. If the strip lies below x, it suffices to consider a sawtooth sample path.
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2000
1500
1000

500

Fig. 17.2. Histogram of a sample from X; for t = 100, A =1, @ = §1/2.

Let p > 1 be a fixed real number. If (F,d) is a metric space and p a
distribution on E, then the quantity [d(z,y)? u(dy) is either infinite for every
z € F or finite for every z € E; in the latter case, we say that p has a finite
moment of order p. The Wasserstein distance W), on the set of distributions
on F having a finite moment of order p is defined by

1/p
W, po) = inf E(d(X,Y)?)YP =  inf U d(z,y)? n(dz, d
p(H1s f12) ) (d(X,Y)P) centd ExE( y)P m(dz, dy)
Xarpis

where IT(p1, p2) is the convex set of probability distributions on E x E with
marginal distributions p; and po. It contains the product distribution pq ® ps.
An element 7 of this set is a coupling of p1 and uo. Here we take ' = R and
d(z,y) = |z — y|. One can show that a sequence (u,,), converges to u for W,
if and only if it converges weakly for C, and all moments of order at most p
of p,, converge to those of p.

Theorem 17.7 (Long-time behavior by coupling). Let vP; be the distribution
at time t of the TCP process with initial distribution v and parameters A and
Q. Then, for any probability measures v, and vo on Ry with a finite moment
of order p > 1, for every t > 0, setting 0, := A\(1 — E(QY)), we have

Ot
Wy(v1 Py, voPy) < Wy(v1, 1) exp (-%),

5 Growth followed by complete collapse.
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Proof. Consider a pair (X,Y) where X and Y start from x and y but use
the same N and the same @ (the same jump times and multiplicative coeffi-
cients). Remarkably, the quantity |X; — Y;| remains constant between succes-
sive jumps, and at the k® jump it is multiplied by Q. Consequently, for every
t > 0, we have

M8

E(X, —Y|") = ) BE(X; - Y| I{n,=1})

b
Il
=]

E(lz — yl"QY ... Q{1 n,=k})

b
Il

0

=z —y" > B(@Q)P(N, = k)
k=0

— |z — y|Pe MO-E@D),

Thus, if X and Y are two TCP processes with parameters A and Q and
respective initial distributions 17 and s, then for every coupling 7 of v; and
Vo, every t > 0, and every p > 1,

W, (r1 Py, 1o Py)P < efapt/ |z — y|P 7(dx, dy).
IR+ ><IR+
Taking the infimum over couplings 7 of v; and v completes the proof. O

The embedded chain X := ()/(\'n)n>0 = (X1,),>0 of X is the process sam-
pled at its jump times. It is a homogeneous discrete-time Markov chain with
continuous state space R4. It satisfies Xg = X and is a linear autoregressive
process:

)?n-i-l = Qn+1()?n + En+1)~
The transition kernel K of X is, for every f € Cy(R4,R) and = > 0,
K(z,f) = E(f(Xn+1) | Xn =2) = A oy, &l ) Qda) dy.
0,1] xR

Theorem 17.8 (Convergence in distribution of the embedded chain). For
any Xo, the embedded chain (Xy,),, converges in distribution to ji =

Loi(3252, Q1+ QnEy).

Proof. The autoregressive formula and the independence and stationarity as-
sumptions give, by induction on n,

Xn - Qn e QlXO + Z Qn e ankJrlEnkarl
k=1

lO:in"'QnXoJrZQl'“QkEk-

k=1
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We have E(Q1--- Q) = E(Q)". Now E(Q) < 1 since P(0 < Q < 1) = 1,
and hence by monotone convergence E(} Q1---Qn) = >, E(Q)" < oo,
so P(}, Qn < 00) = 1 and therefore P(Q;---Q, — 0) = 1. Consequently,
Q1 QX0 — 0 a.s. On the other hand, by monotone convergence,

ZQ1~~-QkEk n%o ZQ1-~-QnEn ~ .
k=1 n=1

Consequently, the embedded chain converges in distribution to z for any Xj.
O

The distribution 77 has mean A~'E(Q;)/E(1 — Q1). For the embedded
chain, the loss of dependence on the initial condition is clear from the following

formula:
1 —E(@)"
A1 -E(@1))

The distribution i satisfies the distributional equation

E(X,) = B(Q)"E(Xo) + E(Q1)

Fe Q1(F + Eq)

where F' ~ i is independent of Q1, E.

17.2 Position-dependent jump intensity

The jump intensity can depend on the path followed by the process. Consider
a locally integrable function A : * € Ry — M) € R4 and a sequence
(En)n% of i.i.d. real-valued random variables with exponential distribution
of parameter 1. Construct the sample path of the process (Xt)t>o starting
from Xy = x by setting X; = xg + s for every 0 < s < Ty, where the first
jump time Ty is defined by the equation (the time at which [ reaches E)

T T
/ AMX;)ds = / Mzo + s)ds = Ey.
0 0

Then set X7, = Q1 X - = Q1(xo + T1) and, more generally, set
1

X XT7L+t_Tn si Tn<t<Tn+1,
t = .
Qn—&-l(AXTn + Tn—i—l - Tn) sit= Tn+17

where the increasing sequence of jump times (Tn)7120 is defined by Ty = 0 and

T71+1 Tn+1_Tn
/ AMXs)ds = / MXr1, +5s)ds = Epq1.
0

n

For example, the special case A\(z) = = gives
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T —T, =+/2FE + (X7,)?
n+1 n n+1 Tn

This construction yields the sample path ¢ — X; on the interval [0, Tw],
where Ty, := lim,, o, T}, is the explosion time of the process. If A is bounded,
comparison with the constant case gives P(To, = o0) = 1, and the process
is said to be nonexplosive. When A is unbounded, for example A(z) = =,
properties of Q may allow nonexplosion to be established. One can show that
the generator of the process (X¢),5 is

L(f) (@) = f'(x) + Ax) A (f(gz) — f(x)) Q(dg)-

More generally, the same procedure constructs sample paths of a process with
infinitesimal generator

L(f)(z) = G(f)(z) + Az) /(f(y) — f(2)) K(z,dy)

where K is a Markov kernel, A is a nonnegative locally integrable function,
and G is the generator of an arbitrary process that “acts” between jump times.

17.3 Branching and growth-fragmentation

The TCP process can model much more than the TCP window size in the
TCP/IP protocol. For example, one can think of the size or mass of a cell that
grows linearly and then divides. Another example is a polymer® whose length
increases linearly over time before it breaks apart. In terms of mass, division or
dislocation is a mass-preserving fragmentation. For simplicity, suppose that
there are always two resulting fragments, evolving independently according
to the same process. Consider the population size N; at time ¢ > 0. This
amounts to studying a binary tree whose branch segment lengths are i.i.d.
with exponential distribution of parameter A. At time ¢ > 0, the tree has Ny
branches, and Ny = 1. The process (Nt)t>0 is called the Yule process with
parameter A. It is a continuous-time Galton—Watson process with offspring
distribution d5. It is also a continuous-time pure birth process.

Theorem 17.9 (Population size). For every t > 0, the population size Ny
has a geometric distribution on IN* with parameter e=*t. In particular,

E(N;) = eM et Var(Ny) = (1 — efAt)ezxt.

Proof. The memoryless property of exponential distributions shows that
(Ni);so is the counting process starting from Ny = 1 associated with the
sequence of real-valued random variables (Sn)n> 1> Where S;, = Fy +-- -+ Fj,

5 A molecule consisting of a chain of identical molecules (monomers).
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Fy
_
I3
3
% .....................
Fy
—
F3

Fig. 17.3. Beginning of the binary tree defining the process N.

with (Fn)n>1 a sequence of independent real-valued random variables and
F,, exponentially distributed with parameter nA for every n > 1. We have
Ny —1=3" 114(Sn). Now, by Rényi’s lemma 11.3, the real-valued ran-
dom variable S,, has the distribution of max(F,..., E,), where E,..., E,
are i.i.d. with exponential distribution of parameter . Thus, for every integer
n =0,

P(N;—1>2n)=P(S, <t)=P(E; <t)---P(E, <t)= (1 —e ).

Consider the case where each fragmentation produces k + 1 fragments,
with & > 1 fixed. Denote the associated counting process by (Nt(k))@o. For
every n > 2, the process starting from n is the sum of n i.i.d. copies of the
process starting from 1. This is the superposition or branching property. We
call (Nt(k))t>o a Yule process with offspring distribution 1. It is a homoge-
neous continuous-time Markov process with state space IN and infinitesimal
generator L(¥) given, for all f:IN — R and n € N, by

t—0+ t

Compare this with the generator A(f(n + 1) — f(n)) of the Poisson process.
If f(n) =n and a,(t) = E(Nt(k) \Nék) =n)= Pt(k)(f)(n)7 then (L f)(n) =
kAn = kAf(n), and the forward Chapman—Kolmogorov equation gives the
ordinary differential equation

dran(t) = 0, P (f) = PULP® f) = kAP () = kA (1).

The initial condition «,(0) = n then gives ]E(Nt(k) |N(gk) =n) = nefr. Ap-
plying this method systematically leads to the following result.
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Theorem 17.10 (Yule process). Suppose that Nék) ~ 01. For every real
number t > 0 and every integer k > 1, if Z1,...,Zy are i.i.d. copies of Nt(k),

then
Zi+--+ Zy,

A ~ Geo(e "),

In particular, the mean and variance of Nt(k) are given by
]E(Nt(k)) — oAy Var(Nt(k)) = h(1 — eRA) 2R,

Moreover, there exists a random wariable Mo € L? with distribution
Gamma(l/k,1/k) and density

1/k
v (}@m e M ()

such that
e*k)‘tNt(k) — My p.s. et dans L*.
t— o0

Proof. A time change reduces the problem to A = 1. Now fix s € [0,1] and
consider the function f(n) = s™. We have Pt(k)(f)(n) = ]E(sNék) |N(§k) =n).
We study the generating function

gi(s) = BN N = 1) = PP (f)(1).

By the branching property, Pt(k)(f)(n) = (Pt(k)(f)(l))” = g¢(s)™, hence

The backward Chapman—Kolmogorov equation now gives the ODE

digi(s) = 0P (N)(1) = LO P (£))(1) = gu(s) !~ gu(s).
The initial condition go(s) = s finally gives
gi(s) = se7H(1 — (1 — e Ftysk)~1/k,

In particular, gF is the generating function of kG, where G is a real-valued
random variable with geometric distribution on IN* of parameter e~**. For
convergence in distribution, for § < 0, the Laplace transform is

E(exp (96_’“Nt(k))) = exp (He_kt)e_t (1 — (1 — e_kt) exp (le_kt))_l/k
= (ekt exp (—erfkt) — ekt ¢ 1)71/]6

which converges as t — co to
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(1— ko)~ /* = (1/#9)%7

the Laplace transform at 6 of the distribution Gamma(1/k,1/k). Finally,
(e”“”Nt(k)),520 is a martingale bounded in L?, and therefore converges a.s. and
in L?, as t — oo, to a random variable with distribution Gamma(1/k,1/k). O

Of course, fragmentation could be modeled more generally using a distri-
bution on partitions of [0,1] with a possibly infinite number of pieces. This
leads to the probabilistic theory of fragmentation.

Suppose that fragmentation into k + 1 fragments divides the mass equally.
At time t > 0, the fragment population consists of Nt(k) individuals positioned
on a regular k+1 tree (each individual produces k+1 children and then dies).
To number the individuals, we proceed as in Chapter 22, introducing the labels
U = UX,(N*)" with the convention (N*)? = &, where (IN*)" numbers the
individuals of generation 7. Individuals alive at a given time ¢ may belong
to different generations. The population at time ¢ is a random subset G; of
U and satisfies Nt(k) = |G¢|. If X, represents the size of individual u € G
alive at time ¢, then the distribution of masses in the population at time ¢ is
captured by the empirical measure

Ht ! Z 6Xu,t,'

NO)
Nt( ) ueGy

This random distribution gives the mass of an individual chosen uniformly
among those alive at time ¢. For a test function f: Ry — R, we have

E(/fdut> = E(J\]l(k) Z f(Xu,t)> = B(f(Xv,.+))

t nsien

where U, is uniformly distributed on G;. Intuitively, the evolution of mass

along an arbitrary branch of the tree follows the TCP process. In fact, one

must specify what is meant by an “arbitrary branch”, since size bias may
fanT

arise’.

17.4 Further reading

The actual TCP window-size model is more complex and incorporates, in
particular, a maximum window size. It is studied by Teunis Ott and Jo-
hannes Kamperman in [OKO08], and by Vincent Dumas, Fabrice Guillemin,
and Philippe Robert in [DGR02]. A connection with exponential function-
als of Lévy processes is developed by Fabrice Guillemin, Philippe Robert,

7 This is a classical sampling bias in statistics: a randomly chosen individual is
more likely to come from a large family.
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and Bert Zwart in [GRZ04]. The process is also discussed in the expository
works of Philippe Robert [Rob05, Rob10]. Its long-time behavior is studied
in [CMP10]. Graphical aspects are explored in the article [GR10] by Carl
Graham and Philippe Robert. The branching version is studied by Vincent
Bansaye, Jean-Francois Delmas, Laurence Marsalle, and Viet Chi Tran in
[BDMT11], and by Bertrand Cloez in [Clol13]. The Yule process is named
after Udny Yule and is studied in the books [Har02, AN04]. A connection
with transport-fragmentation evolution equations can be found in the book
by Benoit Perthame [Per07] and in the work of Bertrand Cloez [Clo13]. A
theory of fragmentation is presented in the book by Jean Bertoin [Ber06].
Wasserstein distances are also known as coupling, transport, Kantorovich,
Mallows, or Fréchet distances. These many names reflect their usefulness in
various fields. These distances lie at the heart of optimal transport theory,
developed in particular by Cédric Villani [Vil03]. If E = R and d(z,y) = |z —
yl, then, writing F,- I for the generalized inverse of the distribution function
of u, one can show that W), is an LP interquantile distance in the sense that

1 1/p
mel,m):( / |F,;1<x>—F,;1<x>|pdx) By = Bl
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Ruin of an insurance company

Keywords. Actuarial science; ruin time; hitting time; continuous-time
Markov process.

Tools. Compound Poisson process; Laplace transform; characteristic func-
tion; martingale; random walk; law of large numbers; law of the iterated log-
arithm.

Difficulty. *

This chapter is mainly devoted to a simple, classical model of insurance
risk, known as the Cramér-Lundberg model. A new insurance company wants
to enter the market. It wishes to assess its probability of bankruptcy as a
function of its initial capital and the price of its insurance policies. We assume
that the company has initial capital ¢ and denote by R; its reserves at time ¢.
The insurance company

e collects premiums from its customers, assumed to be paid monthly, spread
uniformly over the year, and constant over time: the company’s income
over a time interval ¢ is therefore pt, where p is the premium rate per unit
time;

e pays compensation to policyholders who suffer losses, according to the
damage incurred.

We model the occurrence and cost of claims as follows:

o the claim costs (Xj), -, are independent real-valued random variables with
common distribution v, common expectation A, and finite variance a — A%;

o the claim arrival times (7),, are distributed according to a Poisson
process (Ni),5, with intensity p. The time intervals between successive
claims, denoted by (An)n>1 with A, = T,, — T,,_1, are i.i.d. real-valued
random variables with exponential distribution Exp(u).

o the sequence (Xj), >, and the process (IV;),, are independent.
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The insurance company’s reserves at time ¢ are therefore:
Ny

Ry :C+ptszk.
k=1

Ry

. 15

m){

Fig. 18.1. A sample path leading to ruin at time 7(c) with a deficit Y (c).

To simplify the calculations slightly, we instead consider the quantity
Ny
Ry=c—Ry =) Xp—pt.
k=1

Ruin occurs when the reserves R fall below 0 or when R exceeds c¢. The
company’s ruin time, or default time, is defined by

7(c) =inf{t > 0: R, <0} =inf{t > 0: R; > c}.
The company’s probability of ruin is given by
P(c) = IP(sup R; > c) =P(7(c) < 0).
0
Finally, we denote the deficit in the event of ruin by Y (c) (see Figure 18.1):

Y(C) = _R'r(c) = RT(C) — C.

Remark 18.1 (Markov process and infinitesimal generator). One can show
that R is a Markov process on R with infinitesimal generator

Lf(x) = —pf'(z) + u / Tt y) - f(@)) v(dy).

This process evolves deterministically between its jump times. It is called o
piecewise deterministic Markov process.
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18.1 Compound Poisson process

Recall that the intensity of a Poisson process can easily be estimated from
one of its sample paths, as the following result shows.

Lemma 18.2 (Long-time behavior). The following law of large numbers and
central limit theorem hold:

N PR et \/E(Nt—u) Lo, N(0, p),

t t—oo t t—o0
Proof. For every ¢ € IN* set Y; = N; — N;_1. The variable Y; represents
the number of jumps of the Poisson process in the time interval |i — 1,4].
The Poisson process has stationary independent increments. In particular, the
random variables (Y;) ;>1 are independent with common Poisson distribution
of parameter p. Thus, by the law of large numbers, N4 /[t] — p a.s. Next,
observe the bounds

Ny lt] _ Ne _ Ny [t +1

t] TngLtJ-i-l t

which imply that N/t t& . Convergence in distribution follows by ex-
— 00

plicitly computing the characteristic function of v/#(N;/t — i), since Ny ~
Poi(ut). O

The process C' = (Cy),5 defined by

Ny
Ct = Z Xka
k=1
is called a compound Poisson process with parameter p and jump distribution
v.
Lemma 18.3 (Characteristic function). For allt >0 and u € R,
e, (u) = E(e") = exp(ut(py (u) — 1)),

where @, is the characteristic function of v. If the first two moments \ and a
of v exist, then the first two moments of Cy exist and satisfy

E(Cy) = urt et Var(Cp) = pat,

and furthermore

G PR\ et ﬁ(?—uA) £>J\/'(O,,ua).

t t—=o t—o00

The moments of C; can also be computed using Wald’s lemma.

Proof. The expressions for the moments of C; and the convergence in distri-
bution follow from the expression for the characteristic function of Cy. Almost
sure convergence follows from Lemma 18.2 and the law of large numbers. 0O
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18.2 Is ruin almost sure?

Since the sample paths of R decrease between jumps, the level ¢ can only
be crossed at a jump time. Define the sequence (S”)nZO by S, = RTH. We
call (Sy),cn the embedded chain of (R;)
Tk — Tk,1 for k 2 ].,

teR, - By construction, since Ay =

S():O et Vn}l, Sn:Z(Xk_pAk)-
k=1

In particular, S,, is the sum of n i.i.d. random variables with mean A — p/pu.
The quantity Au represents the average claim amount per unit time, and its
position relative to p determines, as the following result shows, the probability
of ruin, which can also be written as

P(c) = IP(sup Sp > c).

n>0
Write 7(¢) = inf {n € N : S,, > ¢}. By construction, we have
Te)=neT1(c)=T, et 7(c)<+oo e 7(c) < +o0.
Theorem 18.4 (Characterization of almost sure ruin).
p< A <= Vez0, ¢()=1

Proof. If p < Ap, the result follows from the law of large numbers applied
to the sequence (X —pAk)k>1. If p = Ap, Strassen’s law of the iterated
logarithm applied to the centered i.i.d. random variables (Xj — pAk)1gk<n

2=a— X2+ p?/u? gives
Sn

with variance o

lim inf =—-1 ps.
n—oo g4/2nlog(log(n))
and
: Sn
lim sup +1 p.s.

noeo 0y/2nlogllog(n)

Finally, if p > Au, the law of large numbers ensures that S, — —oo a.s.
Suppose that the stopping time 7, = inf{n > 0 : S, > ¢} is finite a.s.
The random walk (Sp47, — Sr,)n>0 has the same distribution as (S,)n>0-
Consequently, the stopping time 7o = inf{n > 0: S,y —S;, > c} is also finite
a.s. Iterating this procedure shows that limsup S;, = 0o, a contradiction. 0O

Remark 18.5 (Net profit condition). As intuition suggests, the company
must ensure that p > A to avoid almost sure ruin. Lemmas 18.2 and 18.3
allow the parameters \ and u to be estimated from past claims, which can then
help in choosing p.
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18.3 Expression for the probability of ruin

In what follows, we assume that the so-called net profit condition p > Ap
holds and seek an expression for the probability of ruin ¥(c). Introduce the
Laplace transform H of the claim distribution v:

Ve eR, H(z)=E(e"") € [0,400].

The function H is finite on an interval I containing | — 0o, 0], since X; is a
nonnegative random variable. Moreover, H is of class C* and strictly convex
on the interior of I.

Lemma 18.6 (Laplace transform of claims). Suppose that the interval I on
which the Laplace transform H is finite is open and contains 0. Then the
Sfunction

xl—)H(az)—@—l

I
vanishes at 0 and at a unique real number u > 0.

The real number w is called the adjustment coefficient.

Proof. The function ¢ — H(z) — px/u—1 is strictly convex on I and vanishes
at 0 with a strictly negative derivative, since H'(0) = E(X1) = A < p/u. On
the other hand, since I is open, the function H tends to +oo at the right
endpoint of I, and, for every xg > 0 such that P(X; > x¢) > 0 and every
xzel,

H(Jf) 2 ezzO]P(Xl 2 l‘o).

Thus the function z — H(z) — px/u — 1 tends to +oo at the right endpoint
of I. O

Theorem 18.7 (Probability of ruin). Under the assumptions of Lemma 18.6,
the probability of ruin is given by

e—uc

YP(c) = E(euY(c)|7—(c) < —|—oo)

where Y (c) = Sz(c) — ¢ is the company’s deficit at the time of ruin.

Proof. The sequence (&%)

n>0 18 a nonnegative martingale because
E(e“s"“ |o(So, ..., Sn)) = e"S"IE(e“(X"“*pA”“)).

Since X, 11 and A, 1 are independent and A, has distribution Exp(u),

]E(eu(Xn+1—pAn+1)) — H(U) l’l’ = 1
p+ pu
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Thus E[e"9"] = 1 for every n > 0. If n > 0, then 7(c) A n is a bounded
stopping time and

1= E(e"5 7o) = (" Uiz cny) + ("5 Lz()5n))-

Under the assumption p > Ay, S, —= —oo. Moreover, on {7(c) > n}, we
n— oo

have S, < ¢. Thus, by dominated convergence, the second expectation above
converges to 0 as n — +oo. The first expectation converges by monotone
convergence. Consequently, we obtain

1= B(e"7 0L 7)< ooy) = B (e 9]7(e) < +00) P(F(c) < +0),

which yields the stated result. a

Remark 18.8 (Lundberg bound). The preceding theorem gives (c) < e "¢,
The Laplace transform of the measure with density

e—$
€T — Hixz]l[opo[(fv)
is finite at z if and only if < 1. If H(1) < 1 + p/u, the function x —
H(x) — px/p — 1 vanishes only at 0: this function, infinite on ]1,+oo], is
strictly negative on |0, 1]. In this case, Theorem 18.7 does not apply. However,
the sequence (esn)n20 is a supermartingale:

H(1)
E(e%+1 | 0(Sy,...,8,)) = en———— < ¢,
( |o(So ) 1+p/p
Proceeding as in the proof of Theorem 18.7, we deduce that

—C

e
E(e¥(©)|7(c) < +00)

P(e) <

18.4 Exponential claims
The probability of ruin is explicit when claim costs are exponentially dis-
tributed.

Theorem 18.9 (Probability of ruin). If claim costs have an exponential dis-
tribution with parameter 1/X, or mean A\, with p > Au, then, for every ¢ 2 0,

we have \ \
M P — Al

c)=—exp| — c.

0(e) = L oxp (-2
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Proof. For x < 1/\, we have

p—pA 1

et u=

Hz) = .
@) =1 ISR

It suffices to show that, conditional on 7(¢) < +o0, the variable Y(c) =
S%(c) — ¢ has an exponential distribution with expectation A. If 7(¢) = n, then

Y(c)=5,—c= X, —pA,+ Sn—1 —c,

hence
P(Y(c) > y,7(c) =n)

= IP(Y(C) >y, nax 1Si <e Sy > c)
<i<n—

:]P<Xn >y+pAd,+c—S,_1, max S; <c>

1<i<n—1

IP(Xn >y, X, > y+pAn+cfSn_1,1 max lSi < c).
The last equality follows from the fact that X,, = Y (¢) + ¢ — Sp,—1 > y when

Y(c) > y and maxigicn—15; < c¢. Now, since the random variable X,, has
distribution Exp(1/A) and is independent of (4, S1,...,S,—1), we have

P(Y(c) >y, 7(c) =n)

:/ ]P(J:>y+pAn—|—c—Sn_1, max Si<c>/\e_>‘zdx
y

1<ig<n—1

o0
= e_’\y/ IP(x > pA, +c— Sn,l,l max 1S¢ < c) e M dx
0

<i<n—

L (Sn > ¢, max 5; < C> = e VPP (7(e) = n)

1<i<n—1
Thus P(Y(c) > y|7(c) < +00) = e~¥/* for every y > 0. This ensures that
E(e“y(c) |7(c) < —i—oo) = H(u).

We conclude by applying Theorem 18.7. O

Consider two companies insuring the same types of risk with the same pric-
ing and compensation policies. Suppose that the customer base of the second
differs from that of the first by a multiplicative factor p. If (A, i, p) denotes the
parameters of the first company, those of the second are given by (A, pu, pp).
We again assume that claims are exponentially distributed. By homogeneity,
the probability of ruin of company ¢ = 1,2 is given by Theorem 18.9:
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Al < p—Au )
C;) = —€X — Ci |-
¥(ci) P )

Now suppose that they merge into a single company. Again, assume that the
claims insured by the two companies are independent. The parameters of the
new entity are (A, (1 4+ p)u, (1 + p)p) and its initial capital is ¢; + ¢2. Once
again, its probability of ruin is therefore given by ¥(c¢q + ¢2), which is smaller
than the probability of ruin of either company. Insurers thus have an incentive
to merge in order to pool their risks.

18.5 Further reading

The definition and essential properties of Poisson processes can be found,
for example, in the books by Dominique Foata and Aimé Fuchs [FF04],
James Norris [Nor98a], and Christiane Cocozza-Thivent [CT97]. Probabil-
ity is one of the essential tools of actuarial science, the science of insurance.
The model presented here, called the Cramér—Lundberg model, was intro-
duced by Filip Lundberg around 1903 and popularized by Harald Cramér in
the 1930s. Relevant references include the books by Sgren Asmussen [Asm00],
Thomas Mikosch [Mik09], and Arthur Charpentier and Michel Denuit [CD04].
From the perspective of stochastic process theory, the Cramér—Lundberg pro-
cess is a piecewise deterministic Markov process (another example is treated
in Chapter 17). A more sophisticated model accounts for insurers investing
premium income as it is received. The infinitesimal generator of the process
describing the company’s wealth then takes the form

Lf(z) = (yz +p)f'(z) + u/ooo(f(x —y) — f(z)) v(dy).

The distributions of level crossings are then more difficult to describe.
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Directed polymers in a random environment

Keywords. Threshold phenomenon; phase transition; FKG inequality; ex-
pectation depending on a parameter; directed polymer; random environment;
Boltzmann-Gibbs measure.

Tools. Markov chain; Laplace transform; martingale; zero-one law.

Difficulty. ***

A polymer is a long molecule made of identical elementary building blocks
called monomers. We are interested in modeling the structure of a polymer
made of hydrophilic monomers, placed in an emulsion of oil and water. The oil
is present as microscopic droplets. We assume that the monomers are regularly
spaced and that the polymer extends in a preferred direction. The polymer is
then said to be directed. By analogy with stochastic processes, this dimension
is called time, and the polymer is viewed as a path in Z¢, that is, a map from
{0,1,...,n} to Z¢, where n is the polymer’s length. At the points of IN x Z?
we place i.i.d. random variables quantifying the sensitivity of each monomer
of the polymer to the presence of oil or water at each site. Throughout the
chapter, the integer d is fixed and at least 1.

The polymer’s sensitivity to its environment is modeled by a real param-
eter denoted by 3, introduced below. The question is to determine for which
values of this parameter the polymer’s behavior is noticeably different from
that of a simple random walk, which models the structure of a polymer in-
sensitive to its environment.

19.1 Model and main results

We model a polymer insensitive to its environment by a simple random walk
on Z%, that is, a sequence (Sn)">0 with Sg = 0 and
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n
Sn=) Ui n>1,
i=1

where (Uy),,»; is a sequence of i.i.d. random variables uniformly distributed
on {+e; : 1 <i<d}, whereey,...,eq is the standard basis of Z?. We denote
by (Fn),so the natural filtration of (Sy),5, and by F the sigma-algebra
generated by the random variables (Up),,> -

It is convenient to represent the first n + 1 terms of (S,),5, by the
random variable Sop., = (So,S51,...,5,), taking values in I, the set of
paths starting from 0 and of length n in Z?, that is, the set of (n + 1)-
tuples v = (70,71,--->Vn) With vg,...,7, in Z? such that v = 0 and
Vi1 — Vi € {xe; : 1 <j<d}forevery 0 <i<n—1.

We model the environment by nonconstant i.i.d. real random variables

(7, 2)) 21, ez

We assume that (Un),>; and (9(n,2)),50 ez« are independent. We
denote by G the sigma-algebra generated by (9(i,));5; yeze and
by G, the sigma-algebra generated by (n(i,m))(m)eEn, where E, =
{(i,7v) : 1 <i<n, y€I,} is the environment seen by paths of length
n.

For every 8 > 0, define the random probability measure u, on I, by
setting, for every v € I,

P P(S).,, =),

VAL
with .
Ha(y) =3 n(i ) et Zu(8) = B(e?H (500 ).
i=1

The probability measure p, is a Gibbs measure (see Chapter 5). The quan-
tity H,(So.) represents the affinity of the polymer’s configuration for its
environment. The higher it is, the more likely the polymer’s configuration.
The parameter 5 quantifies the influence of the environment on the polymer’s
structure. It is interpreted as the inverse of temperature. If 5 = 0 (infinite
temperature), then all paths of length n have the same weight: the polymer
is insensitive to the environment and behaves like the simple random walk.
If 3 = +00 (zero temperature), the polymer assigns positive weight only to
paths of length n maximizing H,,.

The quantity Z,(8) is a normalization constant called the partition func-
tion of the system. Set n = 1(0,0) and assume that the following function is
well defined:

At e R A(t) =logE(e") € Ry

The normalized partition function is
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Fig. 19.1. Bernoulli environment: the black dots represent the sites where the
environment equals +1). For paths v and 4/, Hg(y) = 6 and Hs(y') = 1. The first
is favored over the second whenever 8 > 0.

W (5) = E(eﬁHn(sm—mw) |g).

The system’s free energy and its expectation are defined by

0(8) = 108 Z(5) et un(5) = Blan(P))

The quantities Z,,(8), ¢.(8), Wn(B), and u, are random, and we shall
study their asymptotic behavior as n tends to infinity. There are several ways
of measuring the influence of the environment on the polymer’s structure.
We present two, based on the asymptotic behavior of ¢,(8) and W,,(8). The
results are stated in this section and proved in the following ones.

We begin with the first significant result concerning a possible dichotomy
in the polymer’s behavior. It is based on the asymptotic behavior of the nor-
malized partition function W, (5).

Theorem 19.1 (Threshold phenomenon). There exists a random variable
Weo (B) such that

Wa(B) =5 Woo(B).

Moreover, there exists a constant f3, € [0, +00] such that, almost surely,

Wao(B) >0 sif < B, eton dit que le polymére est en «faible désordren,
Wao(B) =0 si > fe, et on dit que le polymére est en «fort désordres.
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This result will be proved in Section 19.2. It yields the first notion of disor-
der. We now introduce the other notion of disorder. It relies on the following
result.

Theorem 19.2 (Threshold phenomenon). There exists a function u < X such
that

un(B) — u(p).

n—oo

Moreover, there exists a constant . € [0,400] such that

u(B) = A(B) si B < B, (le polymeére est en «trés faible désordrey),
u(B) < A(B) si > P, (le polymeére est en «trés fort désordres).

This theorem is proved in Section 19.4. The two notions of disorder can
be compared.

Lemma 19.3 (Very strong disorder implies strong disorder). We always have

Proof. If B < f. then P({W,(8) > 0}) = 1 and consequently
1
(w=A)(f) = lim —logWn(5) = 0.
In other words, 8 < S.. a
The terminology requires care, since the model can simultaneously exhibit

very weak disorder and strong disorder. The following table summarizes the
situation.

5 (0, B)|(Be, Be)|(Be, +00)
Fort Désordre non ous out
Tres Fort Désordre| non | non out

The two essential questions are the following:

e do these threshold phenomena — sometimes called phase transitions in
physics — actually occur? In other words, are the critical parameters finite
and nonzero?

e are the two critical parameters different?

The answers may depend on the distribution of the environment and on the
polymer’s dimension d. In Section 19.3 we obtain an upper bound for [,
which may or may not be finite, depending on the environment’s distribution
and the dimension d. In Section 19.5, we show that if d > 3 then, for every
environment, 3, > 0. See Section 19.6 for the case of small dimensions, which
turns out to be much more delicate.

Some proofs below rely on the following simple observation: if f and g
are increasing, then f(X) and g(X) are positively correlated. This property,
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called the FKG inequality', holds for functions of several independent random
variables, as stated in Lemma 19.4.

Lemma 19.4 (FKG inequality). Let X = (X;),¢;¢; be independent real

random variables and f,g: R¥ — R two functions such that f(X) and g(X)
are square integrable, and increasing in the sense that f(x) < f(y) if v; < y;
for every 1 <i < k. Then f(X) and g(X) are positively correlated:

E[f(X)g(X)] = E[f(X)] E[g(X)].
Proof. For k=1, if X' is an independent copy of X, we have

E(f(X)g(X)) — Ef(X)Eg(X) = %E[(f(X) — F(X)(9(X) — g(X"))] = 0.
For k > 1, proceed by induction using conditioning;:
E(f(X)g(X)) — Ef(X)Eg(X)
—E( (f(X)g (X)\Xl)—E(f(X)IXl) (9(X)1X1))
E(E(f(X)|X1)E(g(X)][X1)) — Ef (X)Eg(X)
ZECOV( (X), g(X)[X1) + Cov(E(f(X)]X1), E(g(X)|X1)).

The first term is nonnegative by the induction hypothesis, since for fixed
x1 the functions f and g are increasing as functions of the k& — 1 variables
(22, ...,2k). The second is also nonnegative, since the functions E(f(X)|X; =
-) and E(g(X)|X;1 = -) are increasing and the property holds for 1. O

19.2 Normalized partition function

This section is devoted to proving Theorem 19.1.

Lemma 19.5 (Convergence). The sequence (Wy(B)),s, converges almost
surely to a nonnegative random variable W, () whose expectation is at most
1.

Proof. Jensen’s inequality ensures that, for p > 1,
E(W,(8)P) = E(E( BHy (So:n) \Q) ) < E<6p/3Hn(So;n))e*pm(ﬂ).
For every v € I,,, we have
E<ep/3Hn(“/)) — [E(epﬁn)]" — A\ @B)
The random variable W2 is therefore integrable and E(W,(8)?)

e"APB)=PAB))  For p = 1, the upper bound is an equality: E(W,(5)) =
For every n > 1,

=N

! For Fortuin, Kasteleyn, and Ginibre.
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—(n+1)A(B) e
€ ;Y
YELL+1
—(n+1)A(B) L
-c B o i) A(B)
T (2d)n Tt > e 2 e
YELn41
1
= BHu(7)—nA(B) _
Y€

The sequence (W, (3)),,, is therefore a nonnegative martingale with respect
to the filtration (Gy),,. It therefore converges almost surely to a nonnegative
random variable W, (5). Moreover, by Fatou’s lemma,

E(Ww(5)) = E(hm inf Wn(ﬁ)> < liminf B(W,(8)) = 1,

n—oo n—00

which is the claimed result. O

So far, nothing ensures that the martingale converges in L' or that W, (/)
has expectation 1. The next result shows that W, (8) is either zero or strictly
positive almost surely.

Lemma 19.6 (Zero-one law). For every 8 > 0 and every 0 € (0,1),
P(Weo(8) =0) €{0,1} et lim BW,(8)") = B(Wx(8)").
Proof. The Markov property of the walk ensures that

Woam(B) = E(eﬁHn(So;n)—n/\(B) Z5n =mME) | g)

where, for 2 € Z and positive integers n and m,

exp (ﬁZn(n+i,x+Si)> |g]

i=1

Zpm(B) =E

Thus,

Woo(B) = lim W, n(B) = E(eﬁHn(Som)—nA(ﬂ) lim (Zg%e—m,\(ﬁ)) ‘g)

m—ro0 m—r oo

Since e Hn(Son)=nA(B) ig strictly positive almost surely, the event

(We(B) =0} = { lim (Z:g me_m’\(ﬂ)> =0 : Va, P(S, =2) > o}
m— 00 ’

belongs to the sigma-algebra J(?](j, x), j=n, x€ Zd). This holds for every

n. Hence it belongs to the tail sigma-field ﬂn>1 J(n(j, x):j=n, x€ Zd). By

Kolmogorov’s zero-one law, every event in the tail sigma-algebra has proba-

bility 0 or 1. Since W, (8) has expectation 1, the sequence (Wn(ﬁ)‘g)n>0 is

bounded in L'/?. Moreover, it converges to Wa(5)? almost surely. Hence
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lim E(W,(8)?) = E(Wa(8)?).

n—oo
This limit is zero if and only if W () is zero almost surely. O

It remains to establish a monotonicity property for the dichotomy above.

Lemma 19.7 (Monotonicity). For every 0 €]0,1[, B — E(Wu(B8)?) is de-
creasing.

Proof. First observe that
05 Wo () = B (Ho(Soun) = nX (8))e 1 (S0) =0 G).
Differentiating under the expectation therefore gives
OB W, (8)") = OB (W (8)° " (Ho(Sn) — N (8)) o (So) =000 ).
The FKG inequality of Lemma 19.4, applied to the probability measure with
density e?H»(M=7AMB) with respect to P and the functions W, (3)?~! and

H,(y) —n)\(B) — respectively decreasing and increasing functions of the vari-
ables (n(k,2)) . ,ep, — ensures that

B(Wa(8)7 1 (Ha() = nX(8))eHn ) -mA0))
is at most
E(Wn(5)9_1eﬂm(w>—m<ﬂ))E<(Hn(7) _ nA/(B))eﬂHﬂ(V)—nA(,@)).
To conclude, we use

E((Ha(7) = nX (8))e? #0070} = 95 B(W, (8)) = 0.

We can now conclude. Passing to the limit 8 — 1 shows that

B = E(Wx(B))

is decreasing. Thus there exists /3. € [0, +00] such that, almost surely,

Wao(B) >0 sif < fe,
Wao(B) =0 sifB > fe.

This completes the proof of Theorem 19.1.
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19.3 A lower bound in high dimensions

Here we work in dimension d > 3. In this case, the simple random walk
(Sn),>o is transient (see Theorem 2.7). Its probability of returning to 0 is
strictly less than 1. Denote this probability by mg.

Theorem 19.8 (A criterion for nonvanishing). Ifd > 3 and
7(8) = A(2B) — 2A(B) < log(1/ma)

then Wy, > 0 almost surely.

Proof. For every § > 0, we have 7/(8) = 2(N(28) — N (B)) > 0 since A is
strictly convex, being the logarithm of a Laplace transform. It follows that
is strictly increasing. Now let (U},),,~, have the same distribution as (Un),,~,
with

Un)n>17 (lez)n>1’ (n(n7x))n>(),z€Zd

(
independent. Let (S5},),5; be the sequence constructed from (U, ) >, in the
same way as (Sy),,>; from (Uy),;. By independence of (S,) and ;L

=

Wo(B)? =E (ﬁ eB1(k,Sk)=X(B) |Q>E<H eBn(k.S1)=A(B) |g>

)

k=1 k=1
- (H B (k,Sk)+n(k,S;))—2X(B) |g>
k=1

Taking expectations gives

E(W;

(H B(n(k,Sk)+n(k, S") —2X(B) |./—"/ V.F)] )

k=1
Now, for every =, z’ € Z4,
E(eﬁ(n(kﬂ?)+n(k,z'))72)\(5)) _ P sz =2,
1 six#£a.

Hence

E(W,(3)?) =E(e”™) on I, = ; lgg s
( ) ( ) ’;) {sk=5,}

Observe that the sequences (Sg — S,’C),@O and (Sgk)k>0 have the same distri-
bution, since —U/, and U,, are independent and identically distributed. Thus
the random variable I, has the same distribution as the number Ns,, of returns
to 0 of S before time 2n. By monotone convergence,

E(g(ﬁ)h) - ]E(erw)Nzn) N E(ef(ﬁ)Noo).

n—oo
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The strong Markov property of S ensures that N, has the geometric distri-
bution with parameter 1 — 74 and that, for every t € R,

fe's) (]. — Wd)et .
-_— t< —1
E(etN“’) _ Z(l B Wd)ﬂ]j_letk _ 1— mgel sit < og(m),
k=1 +0o0 sinon.

We thereby obtain a necessary and sufficient condition for the sequence
(Wn(B)) >y to be bounded in L*:

sup E(W,,(8)?) < co <= 7(8) < log(1/mq).

n>1
If 7(8) < log(1/mq), then (Wy,(B)),, is a martingale bounded in L?, and
therefore converges almost surely and in L? to a square-integrable random

variable Wo, (8). In particular, E(Ws (5)) = lim,, E(W,,(5)) = 1 and therefore
W () > 0 almost surely, by the zero-one law of Lemma 19.6. O

Corollary 19.9 (A criterion for nonvanishing). If d > 3, then for every
environment, B, > 0.

Proof. The function 7 vanishes at 0 and is smooth on R. It is also strictly
increasing, since

T'(B) = 2(N(28) = X'(B)) > 0,

by strict convexity of A. The condition of Theorem 19.8 is therefore always
satisfied for sufficiently small 3, regardless of the environment. a

Example 19.10 (Gaussian environment). Ifn ~ N(0,1), then 7(8) = * and

7(8) < log(1/mq) if and only if B < \/log(1/m4). Hence B. > +/log(1/mq).

Example 19.11 (Bernoulli environment). If n ~ Ber(p), then

AB) =log (pe” +1—p) et lim 7(8) = —log(p).

B—o0

Thus, whenever p > w4, the condition of Theorem 19.8 is satisfied for every
B >0, and B. is infinite.

19.4 Mean free energy
The main purpose of this section is to prove Theorem 19.2. We first show that
the mean free energy converges.

Lemma 19.12 (Convergence of the mean free energy). For every § > 0,
there exists a constant u(B) at most \(B) such that

n—oo
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Proof. Jensen’s inequality ensures that
1 1
un(B) = - E(log(Zn(8) < - log B(Za(3)).

Since E(W,,(8)) = 1, we have E(Z,(8)) = ¢™®) and u,(8) < A(B).
Conditionally on G, the Markov property of the walk S ensures that

E(eﬁHn-f—m(SO:n-f—m) ‘ g) — ]E( BHy, (SO n)ZS | g)

By definition of Z,,(3) and ., we simply have

]E(BBHTL(SO:n)ZSn |g)
6Hn(s():n) Sn — n,m
]E(e Z5n | g) S CREDI Za(B)
In other words,
108(Zn+m(B)) = 10g(Zn(B)) +10g Y pin(Sn = )25 .
TEZ4
Jensen’s inequality for the measure u,, ensures that
log(Zn+m(B)) = log(Z Z pin (S =z IOg(vaL,m)-

reZ4

The random measure p, is G,-measurable and Z*  is independent of G,.

n,m
Hence

z€Z z€Z

The random variables Z7 |, and Z,, have the same distribution because the
random variables (n(n, x)) n are iid. Taking expectations shows that the
sequence (E(log(Z))),,, is superadditive, and therefore, by Fekete’s lemma
(see page 217), the sequence (u,(3)),,, converges in R U {+oo}. Since it is
bounded by A(8), its limit «(3) is finite. O

The threshold phenomenon will follow from a monotonicity property.

Lemma 19.13 (Monotonicity). The function 8 — u(8) — \(8) is decreasing
on R4.

Proof. We study the variation of 8 — u,(8) — A(5). We have

YeBHn(S0n)
(g7 <ﬁ>>>=E<E(H”(S°'") 'g)>

FE] Zn(B)
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B 1 Hn(wy)eBHn('Y)
‘<2d>nZE< Zn(B) )

YEIL

Observe that H, () (respectively Z, 1(/3)) is an increasing (respectively de-
creasing) function of the variables (1(i,)); ,)cp, - Moreover, the measure

with density e?#»(")=7AB) with respect to the measure P is a probability
measure. The FKG inequality of Lemma 19.4 therefore gives

H,(7) ﬂHn(v)n/\(B)>
E(Zn(ﬁ) ‘

<E (Hn ()P Hn (’Y)—n)\(ﬁ)) E (Zn(ﬁ)—le,@Hn('y)—nA(ﬂ)) .

We thus obtain

eIBHn('Y)

0 1 . :
55 E10EZ () < (g D e MmE(m)E(Hn(WHn( )

vE€ln

1 eﬁHn (’Y)

(2d)" Zn(B)

<nN(B)E
YELL

< nX(B).

In other words, (u, — A)'(8) < 0: for every n > 1, the function u, — A is
decreasing. This remains true on passing to the limit as n — oco: the function
u — A is decreasing on R+. O

The functions v and X vanish at 0. Thus there exists 8. € [0, +00] such
that
u(B) =A(B) siB<pe,
u(B) <A(B) sif>fe.

19.5 An upper bound on the critical parameter

The aim of this section is to establish an upper bound on ..
Lemma 19.14. The functions (qn)n>1 and u satisfy the following properties:

1. @, is strictly convex, q,(0) = 0; u is convex and vanishes at 0.
2. B+ B71qn(B) is increasing.
3. B+ B qn(B) +log(2d)) is decreasing.

Proof. The function 8 — ng,(8) is the logarithm of the Laplace transform of
the real random variable H,,(So.,) (the variables 7(-,-) being fixed). Thus gy,
is of class C2, convex, and zero at 0. These properties are preserved by taking
expectations and then the limit as n tends to infinity: w is convex on R+ and
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zero at 0. Since ¢, is convex, the function (the slope of the chord between

(0,0) and (8, qn(B))) B+ qn(B)/5 = (gn(B) — 4n(0))/B is increasing.

For assertion 3, differentiation yields

an(B) +log(2d)\" _ 1 1
(=2 = 00 (9) + Tog(24) + (I,
Moreover, the entropy of p,, defined by
eBH) eBH(Y)
YEL,

= B pn(Hyn) — (log(Zyn) + nlog(2d))

is nonpositive. Thus,

gn(B) +1log(2d)\" 1

The function 8 — 57 (g, (B) + log(2d)) is decreasing on R*. O

Lemma 19.14 provides an upper bound for v and f..

Theorem 19.15 (Upper bounds). If the following condition holds:

lim BN (8) — A(B) > log(2d),
B—+o00
then the following equation in (8

BN (B) = A(B) + log(2d)
has a unique root 31 and, for every 3 > 1,

() < %A(m) 1 log(2d)) — log(2d),

Finally, e < p1.

Proof. Since X is strictly convex, 8+ BN (8) — A(B) is strictly increasing on
R, (its derivative equals 8 — BN’(B)). It also vanishes at 0. The equation
BN (8) = A(B) + log(2d) therefore has at most one solution. A solution exists
if and only if the condition of the theorem is satisfied.

Lemma 19.14 ensures that the function 5 — (u,(8) + log(2d))/f is de-
creasing. Since also u, < A, we obtain

un(B) +log(2d) _ . . un(a) + log(2d)
B " a€0,4] a
Aa) + log(2d)

< inf S TSR
a€]0,) o
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The function o — (A(«) +log(2d))/c attains its minimum on [0, 8] at S or at
the point where its derivative vanishes, namely ;. Thus, for every 5 > f1,

(A(B1) + log(2d))
b1
It remains to observe that for 5 > (i,
(A(B1) + log(2d))

b1

since A is strictly convex and equality holds at ;. a

u(B) < B —log(2d).

B —log(2d) < A(B)

Example 19.16 (Gaussian and Bernoulli environments). If n ~ N(0,1) then

BN(B) — XN(B) = B2/2, and in this case B1 = /2log(2d). In contrast, if
1 ~ Ber(p) then

/ o pﬁeﬁ
BN(B) = A(B) = peP 11 p

and B is finite if and only if 2dp < 1.

—1 Pyl ~ -1
og (pe” +1—p) 5T og(p),

19.6 Further reading

This model of a directed polymer in a random environment was introduced by
John Imbrie and Thomas Spencer [IS88]. The notion of strong disorder was
studied in detail by Erwin Bolthausen in [Bol89], who proves, in particular,
Theorems 19.1 and 19.8. Later, very strong disorder was studied, in particular,
by Francis Comets and Nobuo Yoshida [CY06], who prove Theorem 19.2.
Using a concentration inequality for g, around its mean, one can (see [CH02,
LWO09]) strengthen the conclusions of Theorem 19.2 by proving that, for every
g =0,

0 (8) B w(B) et au(B) L u(d)

In dimensions 1 and 2, it is known that 5. = 0. Philippe Carmona and Yueyun
Hu established in [CHO02] that 8. = 0 for d = 1 and d = 2 when the envi-
ronment is Gaussian. The general case is treated by Francis Comets, Tokuzo
Shiga, and Nobuo Yoshida in [CSY03]. Subsequently, Francis Comets and Vin-
cent Vargas established in [CV06] that (. vanishes for d = 1. Finally, Hubert
Lacoin proved in [Lacl0] that this also holds for d = 2. Whether the two
critical parameters are equal when d > 3 appears to remain an open question.
The FKG inequality, due to Cees Fortuin, Pieter Kasteleyn, and Jean
Ginibre [FKGT1], is an important mathematical tool in statistical physics. See,
for example, Thomas Liggett’s book [Lig85] on interacting particle systems.
To conclude, we point out that, for clarity, we have slightly modified the
standard notation used in the articles cited above. Indeed, the reference mea-
sure is usually written as the product of two measures, one for the environment
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and the other for the distribution of the walk. One must then introduce two
expectation symbols, corresponding to conditional expectations with respect
to the sigma-algebras F and G in this chapter.
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The traveling salesman problem

Keywords. Randomized combinatorial optimization.

Tools. Azuma-Hoeffding inequality; subadditivity; Poissonization; Poisson
point process.

Difficulty. ***

Here are three flagship problems in randomized combinatorial optimiza-
tion:

« traveling salesman problem';
o minimum spanning tree?;
o minimum Euclidean matching?.

The methods used include subadditivity, concentration of measure, Pois-
sonization, and the objective method. We shall study the first problem and use
some of these techniques. The traveling salesman problem consists in finding a
tour, that is, a circular path (a Hamiltonian cycle) of minimal length through
prescribed points Xi,..., X, € R?% n,d > 2. This amounts to solving, over
the symmetric group,

n
min ’; [ Xotr) = Xo(rin)|
where |-| denotes the Euclidean norm on R?, S, is the symmetric group on
{1,...,n}, and we use the convention o(n + 1) = o(1). Clearly, the choice of
distance influences the solution. The combinatorial explosion of the symmetric
group means that once n exceeds a few dozen, it is no longer possible to test

! Abbreviated TSP.
2 In English: “Minimum Spanning Tree”.
3 In English: “Minimum Euclidean Matching”.
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all permutations to find the best one. It is, however, possible to use a global
optimization algorithm such as simulated annealing, discussed in Section 5.3,
to produce an approximate solution in reasonable time: a permutation for
which the minimum is (almost) attained.

Rather than seeking an optimal permutation, in this chapter we study the
minimum value and its behavior when n is large and the points X1, ..., X, are
independent random variables with common distribution ; on R?. We denote
by L, = L,(Xi,...,X,) the minimum tour length, which is a function of
Xq,..., X,

0.9
0.8 -
07 4
0.6 4
0.5
0.4
0.3

0.2 4

Fig. 20.1. Shortest route for n = 20 points uniformly distributed in the unit square,
obtained by the stochastic simulated annealing algorithm (Chapter 4).

Theorem 20.1 (Bearwood-Halton-Hammersley). There exists a constant 0 <
Yq < 0o depending on d = 2 such that if p has compact support and density
f: R — R with respect to Lebesgue measure, then

L,(X1,...,X5) ps (d—1)/d

n@d s ) f@) da.

In particular, L,(X1,...,X,) is of order v/n in dimension d = 2. We
shall prove this theorem when g is uniform on the cube [0, 1]%. We shall show
that the random variable L, (Xi,..., X, ) becomes increasingly concentrated
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0.1

0 50 100 150 200

Fig. 20.2. Plot of an approximation of n — n~Y2E(Ly,) in the uniform case, using
a Monte Carlo method and the simulated annealing algorithm (Chapter 5).

around its expectation E(L, (X1,...,X,)) as n grows, and then that this
expectation is of order n(d—1/d,
20.1 Concentration in the uniform case

Theorem 20.2 (Concentration around the mean). If p is uniform on the
cube [0,1]%, then for every n > 1 and every real t > 0,

S sid=2
P(|L, — B(Ly,)| >t) < 2exp log(’;)
ct .
_W S d > 2,

where ¢ > 0 is a constant depending only on the dimension d. Thus,
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cnt?

L L - sid=2,
_tn g B log(n
P(‘n(d—w/d E(n(d—l)/d)‘ Z t) < 2exp g(n)
—ent? sid > 2.

The proof of Theorem 20.2 relies on two lemmas.

A random variable is said to be concentrated when it stays close to its
mean with high probability. Such a property can be obtained by controlling
the tail of its distribution, for example through moments, as in Chebyshev’s
inequality based on variance, and Chernoff’s inequality based on the Laplace
transform (exponential moments). The Azuma-Hoeffding inequality uses in-
formation about the oscillation of the variable (the diameter of its support).

We have osc(f) < 2||f],, where

osc(f) :=sup f — inf f = diamétre(support(f)).

Lemma 20.3 (Azuma-Hoeffding concentration inequality). Consider an in-

tegrable random variable Y : (2, F,P) — R. Then, for every r > 0,

2
P(|Y—E(Y)|2r)<2exp<— — 2)
osc(dy)” + -+ + osc(dy)

for the telescoping decomposition into a sum of martingale differences *

n

Y -EY) =) EBY|F)-EY | Fio1) =Y di
k=1

k=1
associated with an arbitrary interpolating filtration

{e. 2y =FcFhC---CF,=F.

Proof. Let U be a real random variable such that E(U) =0 and a < U < b.

Convexity of u + e* gives, for every t > 0 and every x € [a, ],

rT—a 4 b—z
S b—a b—a

tx ta

e

Setting p = —a/(b—a) and f(u) = —pu + log(1 — p + pe*) therefore yields

E(eV) < ta @
() b—ae b—a

oth — em((l —p) _|_p6t(bfa)> — f(t(b—a)

Now we have
u eu

") = —p 4 — P& O A
J(u) = p+1_p+peu et f"(u)=p(1 p)(l—p+e“)2<4'

—

4 This is sometimes called a Doob martingale.
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Since f(0) = f’(0) = 0, we deduce that f(u) < u?/8 and therefore
E(etU) < e%(b a)

Applied to U = d, = E(Y | Fr) — E(Y | Fr—1) conditionally on Fj_1, this
gives
t2
E(etdk |-7:k—1) < e?osc(dk)z.

Next, writing the telescoping sum Y — E(Y) = d,, + - -- + d1, we obtain

E(et(YflE(Y))) _ E(et(dnfl+~-+d1)E(etdn Fno1)) < < e%ﬂ

where c: =Y, osc(dk)2. Now, for every t,r > 0, by Markov’s inequality,

P(Y —E(Y) > r) = P(e!Y "B > ¢tr)
eftrE(et(YflE(Y)))

2
—tr4 =
<e 5.

Thus, for every r > 0,

P(Y —E(Y) =) < exp (mf {—tr + Cf;}) = exp (_2’:>

Applying this to the variables Y and —Y gives the desired result for P(|Y —
E(Y)| > r). O

Lemma 20.4 (Geometric lemma). There exists a constant cq > 0 such that
if X1,..., X}, are i.i.d. uniform on [0,1]%, then for every x € [0,1]%,

1/d
gx(x) —E(1r<nll£ | X5 —a:|> < eqk™Y
Proof. If B(x,r) denotes the ball with center 2 and radius 7 > 0 in RY,
the minimum volume of B(z,7) N [0,1]? as = ranges over [0,1]? is attained
when z is a corner of the cube [0,1]%. When r < 1, the minimum equals
274 B(0,r)| = 274 B(0,1)|r¢ (draw a picture). If 1 < 7 < v/d, the minimum
is difficult to compute. It nevertheless remains at least as large as in the
case r = 1. Thus, for every 0 < r < /d, this minimum volume is at least
274 B(0,1)|(r/vVd)? = agr?. Hence, for every = € [0,1]? and every 0 < r <
d, using the convexity inequality 1 —u < e~ in the last step,

k
IP( 12121@|X —z| > ) I;IIIPX € B(z,r)%)

= (1= |B(z,r)n[0,1)9)"

(1 — agr )
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< exp (—adde).

This remains valid if r > v/d since then P(miny<i<k | Xi — x| =) = 0. We
have

]E( min |Xi—x|) :/ ]P( min |X; — z| 27“) dr
0

1<i<k 1<i<k

and

a

Proof of Theorem 20.2. Apply the Azuma-Hoeffding inequality (Lemma 20.3)
to Y = Lp(Xy,...,X,) and the filtration F, = o(Xy,...,Xx) with Fy =
{2, 2}. This reduces the problem to finding a uniform upper bound for

dr = E(Ln(X1, ..o, X0) | Fr) = B(Lp (X1, .o, X0) | Fae1).
If (X{,...,X]) is an independent copy of (X3, ...,X,,), observe that
E(Ln (X1, Xpy ooy Xp) [ 1) = E(La (X1, -, Xy oo, X)) | i)
and therefore
dp = E(L,( X1, Xgy ooy Xn) — L (X1, ., Xy oo, X)) | )

We now bound ||dy ||, from above. Let L be the function assigning to a finite
subset of R? its minimum tour length. For every finite S C R¢ and every
z € RY,

L(S) < L(Su{z}) < L(S)+ 221612 |z —yl.

Applying this inequality to S = {x1,...,z,}\ {z} and to z = x4 and x = 2},
gives

[Lo(Z1,y .oy Thy ooy ®n) — L (T1, o Ty ooy )|

< i ' i — 7
\2Iir71é1]£1|$k a:l|—|—2rl_n¢1]r€1|x;c x|

< 2min |z}, — ; i — x4
\21;;1>1]£1|xk $1|+2Ig;1£1|$k x|

Setting gi(z) := IE( 13151]c | X; — x|) gives, for 1 <k <n—1,

du] < 28 (‘min | Xp — Xi| + min | X} — X,

= 2gn—k(Xp) + 2E(gn—r(X7)).

%)

The geometric lemma 20.4 gives, ford >2and 1 <k <n—1,

ldll oo < caln — k)4
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Now ||dy|| o, < cq for another constant, since the X; are bounded, hence

zn: Id ”2 o Jea log(n)  pour d =2,
— Flloo = cqn'4=2/4 pour d > 2.

20.2 Estimating the mean in the uniform case

Lemma 20.5 (A good start). If pu ~ Unif([0,1]%), then for every n > 1,
1L (X1, Xl < canl® D/

and
eV CB(L, (X, ..., X)) < efnld-D/d

where 0 < c; < c;l" < 0o are constants depending only on d.
Proof. The cube [0,1]? is the union of (1/¢)? small cubes isometric to [0, e]%.
Taking ¢ = n~ /% shows that [0,1]% can be covered by O(n) small cubes of

diameter O(n~1/4). By the pigeonhole principle®, for all zy,...,z, € [0,1]
we have, for a constant ¢y which may depend on d,

min |z; — ;| < cqn~ M4,
1<i#j<n
Consequently, if ¢,, is the maximum over zi,...,z, of the minimum tour

length for z1,...,x,, then
En < énfl + 2cdn_1/d
which gives, for a new constant ¢4 possibly depending on d,
ILa(X1, s X loo < can™ V4T = (@014

Moreover, the proof of Lemma 20.4 shows that |B(z,r) N
when z is the center of the cube; hence, for every x € [0,
r<1/2,

[0, 1]¢| is maximal
1]¢ and every 0 <

: L > > _ dyn—1
IP(KIinglil_l | X; —z| > 7“) > (1 — wgr?)

with wq := |B(0,1)|. Using the elementary inequality (1 —u)® > 1 — au valid
whenever 0 < u < 1/«, we deduce that

1/2
IE( min | X; — :E|> > / (1-— wdrd)”fl dr > eqn~ Y4,
0

1<i<n—1

5 If n objects are placed in m boxes with n > m, then at least one box contains
two or more objects.
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Thus,
min E( min |XifXj|) = min E(E( min |XifXj\|Xj))
1<j<n . \1<i#j<n 1<j<n 1<i#j<n
> eqn—1/1

where ¢g4 is a constant depending on the dimension d. Now the optimal cy-
cle through Xi,...,X,, has n edges and visits each of the n vertices. We
can therefore write L, (X1,...,X,) = Y., |Xi — Xj,| for random integers

J1y- - 7jn7 glVlng
n

E(Ln(Xl,...,Xn))>ZE( min |X1-—Xj|)
j=1

1<i#j<n
—1/d
= negn /

— e gn(d—1/d.

Theorem 20.6 (The desired result). If u is uniform on [0, 1]¢, then

_ E(Ln(X1,...,X0))
i ld—1)/d = d

where 0 < vg < 00 is a real number depending on d.

We already know that a, := E(L,) ~ n(?~1/4 which makes it natural
to try to show that n%/(#=Dg, converges as n tends to infinity. This non-
linear behavior prevents direct use of a subadditivity argument. It is nev-
ertheless possible to linearize the problem by Poissonization followed by de-
Poissonization. The heuristic is as follows: if N is an integer-valued random
variable, then E(ay) ~ E(N(@-1/4) ~ B(N)@=D/4 which is linear in ¢ when
N ~ Poi(t%(@=1). Moreover, if N ~ Poi(n) then a, ~ E(ay).

Proof. We proceed in steps.

Poissonization. Write L(S) for the minimum tour length for a finite set of
points S = {z1,...,7,} C RY, with the convention L(S) = 0 if card(S) < 2.
Let P be a Poisson point process on R? with Lebesgue intensity measure. Let
(Zt);>o be the process defined by Z; = L(P N 0, t]%), that is, the minimum
tour length for the atoms of the Poisson process P lying in the cube [0, ¢]9.
For every n > 0,

Loi(P |card(P N [0,2]%) = n) = Unif([0, {]4)®".
On the other hand, L(tS) = tL(S) and card(P N [0,t]%) ~ Poi(t?), giving

E(Z,) = i E(Z; | card(P N [0,t]%) = n)P(card(P N [0,t]%) = n)

n=0
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- ZIE (P[0, 4]%) |card(P A [0, ) = n)e—t" o

n!
d
N
n=0 n

where
ap = E(L,(X1,..., X))

The factor ¢ in front of a,, arises because a,, concerns [0, 1]¢ rather than [0, ]<.
Lemma 20.5 implies that a,, = O(n(4=Y/4) and thus t — E(Z;) is continuous
and even analytic. The sequence (ay), -, can therefore be recovered from
knowledge of the function ¢ — E(Z;) near ¢ = 0. However, we shall instead
show that lim; .. t'E(Z;) exists, which will suffice.

Subadditivity. Let C1,...,Cra be a partition (up to boundaries) of [0, ]
into k% cubes similar to [0,t/k]¢. For all zy,...,z, € R?, the k% tours of the
sets S; = {x1,...,x, }NC; can be concatenated to form a tour of {z1,...,z, N
[0,t]¢, at an additional cost of O(k?~1): choose a point on each of the k¢ tours
and connect them by a tour of cost O(k4~1) using the first bound of Lemma
20.5, yielding one large necklace-shaped tour. Thus there exists a constant
¢ > 0 such that, for every k > 1 and every t > 0,

L({xy,...,z,} N[0, 87 ZL ({z1,. .. 2,y N Cy) + ctk?L,

This gives E(Z:) < k“E(Zy/x) + ctk®™!, hence a first estimate:

+ et
Taking ¢t = 1 yields

. E(Zy)
0<y:= lim
k— o0 kd

< E(Zl)‘l-c < 0.

By definition of v, for every € > 0 we may choose kg sufficiently large that

E(Zk?o)
kg

—l—cké*d <vy+e

Since t — IE(Z;) is continuous, we can choose § > 0 such that, for every
ko <t<ko+9,
E(Zt)

+et' 7 <y 4 2.

Our first estimate shows that this second estimate holds for every kky <
t < k(ko + 6). Now, for k > ko/d, the intervals I, :=lkko, k(ko + ¢)[ and
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T4 overlap. We deduce that it holds for every ¢ > |k2 /4], which implies, in
particular,
E(Z)

— E(Z
lim (t)ghﬂ 4 + 26 = v+ 2.

t—o0 td t—00

Since € > 0 is arbitrary, we therefore obtain

E(Z
lim ( t):’y

t—o00 f;d

Thus the series expansion of E(Z;) gives, after the change of variable u = 4,

- u® d d
S etas ot

' n—oo

De-Poissonization. We first show that n — a,, is sufficiently regular. Since
a cycle through Xi,...,X,, and a cycle through X,,+1,..., X;n+n can be
concatenated at a cost less than 2v/d (the diameter of the cube), we deduce
that

Cntm < Qp + am, +2Vd

giving 0 < an — ap < an_j 4+ 2V/d for every 0 < k < n. Now Lemma 20.5 gives
a, = O(n(d D/d) " from which we deduce

|y — ag| < |an_i + 2Vd| < c|n — k|@D/4,

If N is a Poisson random variable with mean n, then

s k
_npn
N): E are -_—
k!
k=0

and therefore

oo nk
lan — Z|an—ak|e "F
k=0

k

_ an

gcg In — k|(=D/de o
k=0

= cB(|IN — BE()|= /)

< CB(IN — E(N)[?)@-0/e0

= ¢Var(N)(@-1/C2d)

- o(n(dfl)/@d)) - O(n(dfl)/d)_

The Poissonization result with ¢t = n gives

nk
= E o~ (d=1)/d
4 are o on yn
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and therefore

I E(Ln(X1,..., X)) i an
oo n(d=—1)/d e plan/d —
The fact that v > 0 follows from the lower bound in Lemma 20.5. O

20.3 Proof in the uniform case

We are now ready to prove Theorem 20.1 in the case where p is uniform on the
cube [0,1]%. By Theorem 20.2 and the Borel-Cantelli lemma, almost surely,

On—)@C(log(n)) sid= 2,

L, —E(L,) =
Onsoo (nt4=2/CD | flog(n)) sid>2

whereas Theorem 20.6 gives, for some 0 < v < o0,

B(Ln (X1, Xn)) ~nosoe D/,

20.4 Further reading

When d = 2 and X1,..., X, are i.i.d. uniform on [0, 1]?, one can intuitively
see why L,(Xi,...,X,) should be of order \/n for large n by traversing
the square in regularly spaced parallel zigzags, say horizontally: there are
approximately /n lines of unit length, each containing approximately +/n
points. More rigorously, this leads to an approach to the traveling salesman
problem in dimension d = 2 using a “space-filling” curve.

This chapter is directly inspired by Michael Steele’s fine book [Ste97].
On this topic, one may also consult Joseph Yukich’s book [Yuk98] and the
book by Marc Mézard and Andrea Montanari [MMO09]. The Azuma-Hoeffding
concentration inequality is studied by Colin McDiarmid in [McD89, McD9S].
Theorem 20.1 was obtained by John Hammersley and his students Jillian
Beardwood and John Halton around 1959, and can be proved by reduction
to the uniform case on the cube [0, 1]¢. It is also known that 72 ~ 0,7 and
Yd ~Yd—oo V d2me.

In computational complexity theory, the complexity of an algorithm is its
execution cost as a function of the size (n for TSP) of the problem. A poly-
nomial algorithm is preferable to an exponential algorithm beyond a certain
size. A problem is said to be in NP when the validity of a solution can be
checked by a polynomial algorithm. Combinatorial explosion means that an
NP problem cannot automatically be solved by a polynomial algorithm test-
ing every solution. A problem is NP-complete when it is at least as difficult
to solve as any other NP problem, that is, every NP problem reduces to it by
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a polynomial algorithm. NP-complete problems are therefore key problems.
At present, all known algorithms for solving NP-complete problems are expo-
nential, making them unusable fairly quickly. The most famous open question
in computer science is whether one can find a polynomial algorithm solving
an NP-complete problem. It can be proved that TSP is NP-complete, and no
polynomial-time solution algorithm is known. One can nevertheless seek an
approximate solution, for example with a generic stochastic algorithm such
as simulated annealing, as explained in Chapter 5. Unlike TSP, the other two
flagship problems of combinatorial optimization (minimum spanning tree and
minimum Euclidean matching) can be solved in polynomial time. For further
information, see, for example, the book by Alfred Aho, John Hopcroft, and
Jeffrey Ullman [AHU75], the book by Giorgio Ausiello, Pierluigi Crescenzi,
Giorgio Gambosi, and Viggo Kann [ACGT99], and Charles Bordenave’s lec-
ture notes [Borl4a].
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Random matrices

Keywords. Random matrix; covariance matrix; spectrum; Catalan numbers;
Wigner’s theorem; semicircle law; Marchenko-Pastur theorem; quarter-circle
law.

Tools. Method of moments; characteristic function; Prohorov’s theorem:;
Courant-Fischer formula; Hoffman-Wielandt inequality; Azuma-Hoeffding in-
equality; Wasserstein distance; Kolmogorov-Smirnov distance; combinatorics.

Difficulty. ***

This chapter concerns a universality phenomenon in the asymptotic be-
havior of the spectrum of large random matrices. We begin with a statistical
motivation, whose resolution is discussed only in Section 21.5. Let X5,..., X,
be i.i.d. centered random column vectors in R? with covariance matrix X. The
matrix Y is symmetric d x d and its eigenvalues are nonnegative. We have
Yij = B(X#iXg;) for all 1 <4,j < d and every 1 < k < n, or equivalently,

Y=EX;X])=-=E(X,X]).

The sample covariance matrix fn is the following symmetric d x d matrix:

1 n
= ZXka == X1 X)) (X X)) T
We have R
E(X,) =X.
By the law of large numbers applied to the d x d entries,
5, 2 3.
n—oo

We wish to study the behavior of the random matrix ZA)n when the data
dimension d = d,, depends on n and tends to co. For simplicity, set X = 1.
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This leads to the following model: given a family (Y;;), j>1 ofL.i.d. real random
variables with mean 0 and variance 1, for every integer n > 1 consider the
symmetric random matrix d,, X d,

lYYT
n

where Y = (Yi;)1<i<d, 1<i<n. If n — dy, is constant and equal to d, then
%YY—r converges almost surely to the matrix X' = I. It is natural to seek to
understand the behavior of the random matrix %YYT when d,, depends on
n, for example by studying its spectrum. Analysis of the symmetric matrix
YY T is made difficult by the dependence of its entries. This suggests first
analyzing symmetric random matrices whose entries in the upper triangle are
independent, leading to Wigner’s theorem, the main topic of this chapter. We
return to sample covariance matrices in Section 21.5.

21.1 Wigner’s theorem

Let (M;;) be independent real random variables. Consider the infinite

i>1,j>1
symmetric random array obtained by setting M;; := Mj; for all 7,5 > 1:
My Mo
M Ms

Fix an integer n > 1 and denote by M := (Mij)lgi,jgn the real symmetric
random matrix obtained by extracting the nxn square in the upper-left corner
of the array. Let

Andse o) Ann

be the eigenvalues of the real symmetric matrix ﬁM , ordered so that A, 1 >
- 2 Ap,n. We are interested in their counting measure, called the empirical
spectral measure, defined by

1 n
= — E 1) .
Mn n = Ak

This is a random probability measure of the same kind as the empirical mea-
sure in the Glivenko-Cantelli theorem', except that the atoms Ands- Ann
here are dependent real random variables?. For every Borel set B C R,

Lf (Zn)n21 are i.i.d. with distribution 7, then almost surely the empirical measure
% 22:1 6z, converges weakly to n as n — 0o, and convergence of the distribution
functions is uniform. This follows from the strong law of large numbers and the
separability of the topology of weak convergence on R.

2 Nonlinear functions of M (roots of the characteristic polynomial!).
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Fig. 21.1. Hlustration of Wigner’s Theorem 21.1: density of the semicircle law ,ule
and histogram of the eigenvalues of a symmetric matrix of size n = 1000 whose
upper-triangular entries, including the diagonal, are i.i.d. real random variables uni-
form on the interval [—/3/n, 1/3/n] (the variance is therefore 1/n).

card{l < k<n:\, € B}

pn(B) = n

For every measurable function f: R — R, we have

/fdﬂn = %Zf()‘n,k)~

The distribution function F;, of p,, is given, for every x € R, by

card{l <k <n: A\ <z}

F,(z) := pn(] — 00, 2]) = /]1]—00@1 dpin = n

Wigner’s theorem is an analogue of the law of large numbers.

Theorem 21.1 (Wigner). Suppose (M), are i.i.d. real random variables
1<i,j<n with Mj,i = Mi,j~
Let py, = %22:1 Ox,.. be the empirical measure of the eigenvalues of ﬁM

with finite, nonzero variance 0. Let M = (M, ;)
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Then almost surely the sequence of probability measures (Nn)n>1 converges
weakly to the semicircle law u with density

402 — 22
€T +— W]l[_QU’QJ] (Z')

In other words, almost surely, for every continuous bounded function f : R —

R,
[fnn = [1auS.
n—oo

Recall that weak convergence of probability measures means convergence
for continuous bounded test functions. It is equivalent to pointwise conver-
gence of characteristic functions, and also to pointwise convergence of distri-
bution functions at every continuity point of the limit. For random variables,
this corresponds to convergence in distribution.

The name “semicircle law” for uS comes from the fact that its density
is the equation of a semicircle (up to a normalization constant equal to half
the area of the circle). Since ;S has no atoms, Wigner’s theorem states that
almost surely, for every interval I C R,

4 2 _ 2
tim (1) = 19 (D) = [ VAT e,
IN[—20,20]

n—00 27T02

Thus the proportion of eigenvalues of M outside the interval [—20+/n, 20+/n]
tends to zero as n — co. Wigner’s theorem reveals a universality phenomenon:
the limiting law uS depends on the distribution of the entries of the matrix
M only through their variance o2.

The behavior of the mean of i, can be understood by observing that

1 — 1 1
foimio =4S = b )
k=1

1 s,
= a2 Z My =% O:/xdu?(x)

n—00
1<ign

where almost-sure convergence follows from the law of large numbers. The
normalization by 1/4/n of M can in turn be understood by first observing
that

/x2 dpun () = ig:l)\i’k - iﬂ((\/lﬁMf)

1 2 PS 2 2 2 2 7.6
=3 Z Mijn:;oo +m* =m"+ [ 2" dug (x)
1<i, j<n
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where almost-sure convergence again follows from the law of large numbers,
and m = E(M;;). The second moment of y1,, converges to that of u only when
m = 0. Moreover, by Markov’s inequality, almost surely, for every r > 0,
1 o +m?
pall=rrl?) < 5 [ dun() — T
Consequently, almost surely, for every € > 0 there exists a compact set
K. = [—re,re] such that p,(K.) < € for every n > 1. Thus, almost surely,
the sequence (,un)n>1 is tight, and Prohorov’s theorem? then states that this
sequence is relatively compact for weak convergence, in the sense that if it has
a unique weak limit point, then it converges weakly. Despite this reassuring
observation, we shall use another approach to prove Wigner’s theorem.
The idea is to reduce to the case m = 0, then to polynomial test functions
f (Section 21.3), and then establish convergence of moments (Section 21.4),
drawing inspiration from the method used above for moments of orders 1 and
2. But this first requires reducing the problem to a simpler case!

21.2 Reduction to a simpler case

The mean empirical spectral measure Ey,, is the probability measure defined,
for every measurable nonnegative (or bounded) function f: R — R, by

B = [ fdp, = E(i Zf(An,w) .
k=1

The purpose of this section is to reduce Wigner’s Theorem 21.1 to a simplified
version, Theorem 21.2 below, concerning the sequence of probability measures
(Epin)rn>1 when the matrix M has zero diagonal and bounded off-diagonal
entries. Theorem 21.2 is proved later, in Section 21.4, using the method of
moments from Section 21.3.

Theorem 21.2 (Simplified Wigner theorem). Let M = (M), ., be a
real symmetric random matrix with zero diagonal My, = --- = My, = 0,
such that the random variables (Mij)1<i<j<n are independent and identically
distributed, centered, with unit variance and compact support [—C,C], C > 0.
Let pin, = £ 301 0x,, be the empirical measure of the eigenvalues of ﬁM
Then, for every continuous bounded function f: R — R,

lim ]E/fdun :/fdu?.

n— oo
Theorem 21.2 is proved in Section 21.4.

3 A set of probability measures is tight if and only if it is sequentially relatively
compact for the topology of weak convergence. In particular, if a sequence of
probability measures is tight and has a unique weak limit point, then it converges
weakly.
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Reduction to the centered case

In this subsection, we show that it suffices to establish Wigner’s Theorem 21.1
for M — E(M).

Orthogonality of the eigenspaces of symmetric matrices leads to the
Courant-Fischer min-max variational formulas for eigenvalues. More precisely,
if A € M, (C) is Hermitian with eigenvalues A1(A) > --- > A, (A), then for
every 1 < k < n, writing G, for the set of linear subspaces of C™ with dimen-
sion k, we have

A:(A) = max min (Az,z) = min max (Az,z).
VeGr zeV VeGn_k+1 x€EV
lz]l,=1 lzll,=1
The cases £k = 1 and k = n are familiar. These formulas are a standard

result of linear algebra, as is the next lemma, which we state without proof.
References are given in Section 21.5. Write F'4 for the distribution function
of the spectral measure p 4 := % Sohey Or.(A)- For every t € R,

card{1 <k <n: (A <t}
" .

Fa(t) = (] — 0o,1]) = / 1 din =

Lemma 21.3 (Interlacing for additive perturbations of low rank). If A, B €
M, (C) are Hermitian with eigenvalues A1 (A) > --- =2 A\, (A) and \(B) >
<+« 2 M(B), and if r :=rang(B — A), then

Netr(A) < Ap(B) < Ag—r(A)

for every 1 < k < n, with the convention A\ (A) = +oo if k < 1 and A\p(A) =
—o0 if k > n. In particular,
rang(A — B
dis(itam) = |Fa — Fpll, = sup |Fa(t)  Fi(t)] < 2284 =E)
teR n

The notation dkg denotes the Kolmogorov-Smirnov distance between the
discrete probability distributions p 4 and pp. It is well known that convergence
in Kolmogorov-Smirnov distance implies weak convergence.

Now, since the random variables (1M;;) have the same mean m :=

1<i,5<n
E(M;;), we have rang(IE(M)) = rang(ml,) < 1 and therefore

1

dks (N%MJLﬁ(M—]E(M))) S50

This reduces Wigner’s Theorem 21.1 to the case where M has centered entries.

Reduction to the centered, standardized, bounded case

In this subsection, we show that it suffices to establish Wigner’s Theorem
21.1 in the special case where the entries of M are centered, standardized,
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and bounded. We proceed by truncation, recentering, and renormalization.
Let M be centered, C' > 0 real, and

7 —E(Z)
E((Z -E(Z))?)

(Mc)ij = pc(Mijlya,,1<cy) ou po(Z) =

Write Py for the set of distributions on R with finite moment of order 2.
The Wasserstein distance Wy on P5 is defined, for all vy, vs € P, by

WQ(Vl,V2)2 = (Xin§( ) E(‘Xl - X2|2)
1,X2
Xy1~v1,Xo~vva

where the infimum runs over all pairs of random variables (X7, X3) with
marginal distributions 7 and v5. Convergence in Wasserstein distance Wy
implies weak convergence?. For discrete distributions of the form

1 — 1 —
Vl:ﬁz:&ak et V2:;Z5bk
k=1

with a; <--- < a, and by < -+ < by, we find
WQ(Vl 1/2)2 = l Zn:(a — b)2
bl n (2 1 .

Recall that M, (C) is a Hilbert space for the inner product (A, B) := Tr(AB*).
The associated norm is called the Hilbert-Schmidt norm?®

”AHHS =Tr(AA") ZZ|A1J|2

=1 j=1

The next lemma, stated without proof, is a standard result of linear algebra.
References are given in Section 21.5.

Lemma 21.4 (Hoffman-Wielandt inequality). If A, B € M,,(C) are Hermi-
tian with spectra \(A) = -+ 2 A\ (A) and \(B) = -+ 2 A\, (B), then

nWapa, ns)* = > (A M(B))? <D0 Ay — Byl* = [|A - Bl
k=1 i=1j=1

By the Hoffman-Wielandt lemma 21.4 and the strong law of large numbers,

Wz(uﬁMauﬁMc)Q

4 Convergence in W5 is equivalent to weak convergence together with convergence
of moments of orders 1 and 2. In particular, if either of the first two moments
fails to converge to that of the limit, there is no convergence in Wa.

5 Also called the Schur norm or Frobenius norm.
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n n

1 s,
<3 D0 (M — po(Miy))? n%o E((Ma — po(Mi2))?).
i=1 j=1
By the dominated convergence theorem or the monotone convergence theorem,
the right-hand side can be made arbitrarily close to 0 by choosing C' sufficiently
large. Consequently, it suffices to establish Wigner’s Theorem 21.1 for M with
centered, standardized, bounded entries.

Removing the diagonal

The method used for truncation likewise allows the diagonal to be removed.
Indeed, if M has centered, standardized entries bounded by C, and if D :=
diag(M;; : 1 <14 < n), then

1 n
2 2 P,
WQ(M%MH“’%(]VI—D)) < EZ; | M| v 0
by the law of large numbers. It therefore suffices to establish Wigner’s Theo-
rem 21.1 for M with centered, standardized, bounded entries and zero diago-
nal.

Reduction to the mean empirical spectral measure

In this subsection, we show that it suffices to establish Wigner’s Theorem 21.1
for the mean empirical spectral measure

EN%(MC—E(MC)—DC)y

for every real C' > 0. The next lemma, similar in nature to Chebyshev’s
inequality, is a reformulation of Lemma 20.3.

Lemma 21.5 (Azuma-Hoeffding concentration inequality). Consider inde-
pendent random vectors Xy, ..., X,, not necessarily of the same dimension.
If G(X1,...,X,) is an integrable real random variable that is a measurable
function of these vectors, then for everyt > 0,

2t?
P X,...,.X,) —EGX,...,.X >1t) <2 e B Y
(‘G( 1 ) TL) (G( 1 ) n))l t) €xXp ( C% I +C$L>

where cy, := Sup(, yep, |G() — G(2')] and Dy, == {(z,2) : x; = x] sii # k}.
Let us see how to use this lemma. Let f : R — R be of class C! with
compact support, and let A, B € M,,(C) be Hermitian. Lemma 21.3 gives

|Fa— Fpll,, < ou r:=rang(A— B),

r
n
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and integration by parts yields

’/fduA—/fdﬂB

T PO - Fale) de

+oo
<= [ irela= s,

n

Denote by A(z1,...,z,) € M,(C) the Hermitian matrix whose upper-
triangular rows are z1,...,x, (vectors in C*,C"~! ... C), and set

G($17...7.’,L'n) = /fdluA(ml ~~~~~ Tn):

Writing y := (z1,...,2,) and ¥ 1= (21, ..., Tk—1, &}, Tht1, - .., Tpn) gives
2
rang{A(y) — A(y')} <2 et donc |G(y) = G() <~ f;-

Now H := ﬁ(MC —E(M¢)— D¢) is a random Hermitian matrix with values

in M,,(C). Its upper-triangular rows (H;;) are independent (random

1<i<j<n
vectors in C",C"~!,..., C). By Lemma 21.5, for every compactly supported

function f of class C! and every real t > 0,

nt?
P(‘/fduH—lE/fduH‘ >t) < 2exp <_8||f’||§>.

This inequality expresses the strong concentration of pgy around its expec-
tation Epg. This is why fluctuations in simulations are so small once the
dimension exceeds a few dozen. We have
P
[fann—E [duu 25 0
n—oo
To exploit the rapid convergence, set t = n~1/2%¢ with fixed small ¢ > 0,

so that the exponential bound on the right-hand side of the inequality is
summable in n. The Borel-Cantelli lemma then implies that

/fduH—lE/fduH =5 0.

This reduces the study of almost-sure weak convergence of py to that of weak
convergence of g . Thus Wigner’s Theorem 21.1 follows from the simplified
Wigner theorem 21.2.

21.3 Convergence of moments and weak convergence

This section is devoted to the method of moments. Let P be the set of proba-
bility distributions v on R such that R[X] C L'(v), equipped with the equiv-
alence relation vy ~ v if and only if [Pdy; = [Pdv, for every P € R[X],
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that is, 11 and 5 have the same moments. We say that v € P is determined
by its moments when its equivalence class is a singleton.

Theorem 21.6 (Convergence of moments and weak convergence). If
v,v1,Va,... are elements of P satisfying, for every polynomial P € R[X],

lim | Pdv, = /P dv,

n—r oo

and if v is determined by its moments, then (un)n>1 converges weakly to v,
that is, for every continuous bounded f : R — R,

lim [ fdv, = /f dv.
Proof. By assumption, for every P € R[X],

Cp:= sup/Pan < o0.
n>1

Consequently, by Markov’s inequality, for every real R > 0,

Cix
R2

vn([=R, R]) <

and therefore (vy,),>1 is tight. By Prohorov’s theorem, it therefore suffices
to show that if (v, )k>1 converges weakly to v/ then v/ = v. Fix P € R[X]
and a real R > 0. Let pr : R — [0,1] be a continuous function such that
1_gr,r) < ¥R < 1|_r_1,R41]- We have the decomposition

/Pdunk = /goRPdunk + /(1 —or)Pdvy,,.

Now P is continuous and bounded and (v, )k>1 — V' weakly, hence
n—oo

lim [ yprPdy,, = /(pRP dv'.

k—o0

Moreover, by the Schwarz and Markov inequalities, we have

2 < Ox2Cp2

o enpan| <R [P, < 5

We therefore obtain

lim sup ’/Pdunk — /@RP dv'

k—oo

ST AN -

On the other hand, we know that
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lim /Pdl/nk = /Pdl/
k—o0

lim [ @rPdv = /P dv.
R—o00

and finally obtain

Applying this to P2, which is nonnegative, first gives by monotone convergence
that P € L*(v') C L'(V/), and then by dominated convergence that

/Pdl/':/Pdl/.

Since P is arbitrary and v is determined by its moments, we have v =v/. O

A theorem of Weierstrass states that, for every compact set K C R, the
polynomials R[X] restricted to K are dense in C(K,R,|||.,). Thus every
compactly supported probability distribution is determined by its moments
among compactly supported distributions. The next theorem goes further: it
implies that every compactly supported distribution is determined by its mo-
ments among all distributions with finite moments of every order. This applies
in particular to the semicircle law uS.

Theorem 21.7 (Analyticity of the Fourier transform and moments). Let
w € P. Set p(t) = [e du(x) and k, = [2" du(z). The following assertions
are equivalent:

1. ¢ is analytic in a neighborhood of 0,

2. ¢ is analytic on R,

1
)* < oo.

3. Tllyso0 (|6

If these conditions hold, then u is determined by its moments.
In particular, a compactly supported distribution is determined by its moments.

Proof. For every n, we have f |z|™ du < oo and therefore ¢ is n times differ-
entiable on R. Moreover, ¢(™) is continuous on R and, for every t € R,

S0 = [ (e duto).
R

In particular, ¢ (0) = i"k,, and the Taylor series of ¢ at 0 is determined

by the sequence (kn)n>1. The radius of convergence r of the power series

Zn an 2" associated with the sequence of complex numbers (ay)n>0 is given

by Hadamard’s formula r~! = lim,, \an\%. Thus, 1< 3 (take a, = "k, /n!).

Moreover, since for every n € IN, s,t € R,

eisw eitw — 1= Zti _____ (itx)n_l < ‘t‘r|n7
1! (n—1)! n!

we have, for every even n € IN and all s,t € R,
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: ool "
e(s+1) — o(s) — ﬁ%’/(S) - m@( Y(s)| < Fn =1

which shows that 3 = 2. Since 2 = 1, we indeed have 1<2<3. If these
properties hold, the preceding arguments give some r > 0 such that ¢ admits
a power series expansion at every z € R with radius of convergence > r. Step
by step, we obtain that ¢ is determined by its derivatives at zero.

Finally, if x has compact support, say contained in [—C, C] for some con-
stant C' > 0, then |k, | < C™ for every n > 1, and since Stirling’s formula n! ~
V2mn(n/e)" gives (1/n!)Y/™ = O(1/n), we obtain limy,_, e (Z;|K,[)/™ = 0, so
w is determined by its moments. ad

Theorem 21.8 (Moments of the semicircle law). The semicircle law u® is
determined by its moments. Moreover, for every integer r > 0,

1 2r
27‘+1d6 =0 t /2rd6 _ 2r .
[ tagm=o o [ a@e) = (7

In particular, u© has mean 0 and variance o2, and the even moments of the
standard semicircle law pu are the Catalan numbers.

Proof. The law 12 is determined by its moments because its support [—a, 0]
is compact (Lemma 21.7). The odd moments vanish because u$ is symmetric.
To compute the even moments, scaling and symmetry give

2r 2
/x2T duf () = 4 / 2?4 — 22 d.
T Jo

The change of variable x = 2 cos(u) and integration by parts yield

2 z s
2 4T+1 2
/ 22 \/4 — 22 dx = / 471 cos?" (u) sin (u) du = / cos?(" Y (u) du.
0 0 2r+1 Jqy
This last expression is a classical Wallis integral. a

21.4 Proof of the simplified Wigner theorem

By Theorems 21.6 and 21.8, the proof of the simplified Wigner theorem 21.2
reduces to establishing Theorem 21.9 below.

Theorem 21.9 (Convergence of moments). Under the assumptions of the
simplified Wigner theorem 21.2, for every integer r > 1,

E/mrdun — /xrdu?.
n—oo
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Proof. The moments of ule are given by Theorem 21.8. For every integer
r > 1, the moment of order r of Eu,, can be written (with 4,11 := 1)

1
E/xT Ay (z) = - Z)\;k

= n1+r/2’H<M7‘)

1
- W Z ]E(Mili2 e Mi7'ir+1)'

1<i11~~7i7‘<n

Since the diagonal entries of M vanish, we have

1 n
E/xdun = WZEM” =0= /xdule(x)
i=1

and since M has centered, standardized off-diagonal entries, we have

1 2 _
1<i,j<n

The moment of order 3 is slightly subtler. We have

1
E/x?’ dpin, = ey Z E(MiijkMki)o

1<i,5,k<n

If two elements among {{i,j},{4,k},{k,i}} are distinct, then necessarily
E(M;;M;,My;) = 0 by independence and centering. Otherwise, ¢ = k or
i = j or k = j, which leads to E(M;; M, My;) = 0 because the diagonal of M
vanishes. Thus the moment of order 3 of u, equals zero, as does the moment
of order 3 of ,ule.

For the moment of order 4, one could proceed similarly using

1
E/m4 dpn, = T Z IE(M;j M jp My My;).

1<4,4,k,I<n

But a new phenomenon occurs here: the case i = k and j = [ with i # j gives
E(M;; M My M) = E(ij), which is not a function of the first two moments
of the entries of M. There is nevertheless no contradiction: these terms make
no asymptotic contribution as n tends to oo because their number, n(n — 1),
is negligible compared with n!t4/2 = n3,

More generally, for every integer r > 1 we have

1
E/:L‘T dpn (z) = e Z E(Miyiy -+ M,y )-

1<in,...in<n
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We may assume that g # i1 for every 1 < k < r — 1 because the diagonal
of M vanishes. To each r-tuple of indices of this kind i1, ...,1,, associate a
directed multigraph; see Figures 21.2 and 21.3. Its vertices are the distinct
values of these indices, and we denote their number by ¢. The edges of the
directed multigraph are the links (i, ix4+1) with 1 < k& < r—1. They may have
multiplicity and are oriented. Moreover, this directed multigraph is cyclic, of
length r+ 1. Writing ¢ for the number of distinct vertices, we call it a directed
G(r, t) multigraph. Two directed G(r,t) multigraphs are equivalent when one
can be obtained from the other by permuting the indices. Equivalent directed
G(r,t) multigraphs give the same value of BE(M;,;, --- M;, ;. ,), denoted by
E(Mg). There are
nn—1)---(n—t+1)

directed G(r,t) multigraphs in each equivalence class (the number of arrange-
ments of ¢ objects chosen from n). Each equivalence class contains a represen-
tative for which the ¢ distinct values of the indices i1, ..., 4, are successively
1,...,t. To compute the contributions, we distinguish three types of directed
G(r,t) multigraphs, detailed below. The type is constant on each class (it is
a property of the class).

Fig. 21.2. Directed multigraph associated with E(M12Ma1 Mi13Ms31). We have r = 4,
t=3,11 =i3 =1, i2 = 2, i4 = 3. The successive edges are 12, 21, 13, 31. Each edge
that is present, as well as its reverse, appears exactly once. The undirected skeleton
is the tree 2 +» 1 <+ 3. This directed multigraph is therefore of type 1.

e type 1: each edge that is present, as well as its reverse, appears ex-
actly once, and the undirected skeleton obtained by erasing edge orien-
tations and multiplicities is a tree (that is, it has no cycles). For example,
E(Mia Moy Mi3Msy) = E(MZ)E(M2Z) = 1; see Figure 21.2. A longer ex-
ample is given in Figure 21.3;

e type 2: at least one edge appears exactly once and its reverse does not
appear, for example (Mo MosMsz1) = E(Mi2)E(Mas)E(Ms;) = 0; see
Figure 21.3;

e type 3: neither type 1 nor type 2. This is the case, for exam-
ple, for BE(MiaMy MioMs1) = E(M{,) > 0, since the edge 12 (as
well as the edge 21) appears exactly twice. Another example is
E(M12M21M13M32M23M31) = E(M122)E(M123)E(M223) = 1, since its
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~

Fig. 21.3. At the upper left, the directed multigraph associated with the long exam-
ple IE](]\412A7\42;3]\432]\424]\445]\454]\446]\464]\442]\421)7 which is of type 1. At the upper
right, the directed multigraph associated with IE( M2 MasMs1 ), which is of type 2. At
the lower left, the directed multigraph associated with E(Mi2Ma1 M13Msa MagMs1),
and at the lower right, the directed multigraph associated with (M2 M2y Mi2Ma1),

both of type 3.

undirected skeleton is the cycle 1 <+ 2 <+ 3 <> 1. These two examples are
illustrated in Figure 21.3.

We now reach the final stage:

e Directed multigraphs of type 2 contribute zero. Indeed, in this case
E(M¢) = 0 by independence and centering;

e Directed multigraphs of type 3 have an asymptotically vanishing contribu-
tion. Indeed, if G is of type 3, it contains at least three edges with the same
endpoints or a cycle of edges with different endpoints. In either case this
implies 2t < r+1, yielding the bound n(n—1) - - - (n—t+1) < n < n/2+7/2,
Moreover, the number of equivalence classes of directed G(r, t) multigraphs
is at most t" = O(1). Since the entries of M are bounded with values in
[—C, C], we also have E(Mg) < C" = O(1), and finally



288 21 Random matrices

om0 Vg = 0(n72) = o1
cl. t. 3

e Contribution of directed multigraphs of type 1. If G is a directed multigraph
of type 1, then E(M¢) = 1 by independence, since the off-diagonal entries
of M have variance 1. This reduces the problem to determining the number
N7 of equivalence classes of directed G(r,t) multigraphs of type 1. If r is
odd, then Ny = 0. If r is even, say r = 2s, then t = 1+ 17/2 = 1 + s,
because a tree always has 1 more vertices than edges. Thus classes of type
1 are in bijection with rooted plane trees with s edges® (and 1+ s vertices),
with parenthesizations, with excursions of the simple random walk, and so
on; see Theorem 2.5. Their number is therefore N; = — (2§) (a Catalan

s+1\s
number), and

n n—s+1 1 2s
T n n s+1\s

cl. t. 1

1 (25)
— .
n—soo 1 +8\ 8

21.5 Further reading

Return to the sample covariance matrix model from the beginning of the
chapter, with (Yij)i,j>1 i.i.d. real random variables of mean 0 and variance 1,
and the rectangular matrix Y = (Yij);c;cq 1<jcn Lot Ang < < A,
be the spectrum of the symmetric positive semidefinite matrix %YYT7 ar-
ranged in increasing order. Suppose lim,,_,», d,,/n = p with 0 < p < oo. Then
the Marchenko-Pastur theorem, which can be proved by the same method as
Wigner’s theorem, although the details are somewhat more involved, states
that almost surely the empirical spectral measure p,, := é le O, . con-
verges weakly as n — oo to the Marchenko-Pastur law

(b—2z)(x—a)

D .
/J‘p e Q60 + 27Tp.13

]l[a,b] ((E)dl’

with

g:=max(0,(1—p7 1)) et a:=(1-p)? et b:=(1+p)>

5 These should not be confused with the rooted plane binary trees of Chapter 4,
which are also counted by Catalan numbers!
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An illustration of the Marchenko-Pastur theorem appears in Figure 21.4. The
moments of u? are given, for every r > 1, by

/de“?(x) - kz_:: kpjl (2) (7;1)_

In particular, the law ,uga has mean 1 and variance p. The law ,uga is a mix-
ture of a Dirac mass at 0 and a distribution with a density with respect to
Lebesgue measure. The atom at 0 comes from the fact that the matrix need
not have full rank. It disappears when p < 1. When p = 1, the matrix Y
is in a sense asymptotically square. In this case, a = 0 and b = 4. By a
change of variable, almost surely the counting measure of the spectrum?’ of
(%YYT)V 2 converges weakly as n — oo to the quarter-circle law with density

T — %\/4 — £E2 ]1[072](50).

1.6
1.4 4

1.2 A

o]l

0.6 +
0.4

0.2 +

Fig. 21.4. Histogram of the nonzero eigenvalues of a sample covariance matrix with
n = 800 and d = 1000, and the Marchenko-Pastur law.

The study of random matrices is a vast research area. The earliest work is
mainly due to John Wishart (1920s) on sample covariance matrices of Gaus-
sian samples, John von Neumann and Herman Goldstine (1940s) on numerical

7 These are also the singular values of the rectangular matrix ﬁY.
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matrix analysis, and Eugene Wigner, Freeman Dyson, and Madan Lal Mehta
(1950s-1960s) on energy levels of atomic nuclei in mathematical physics. The
Marchenko-Pastur theorem was obtained by Vladimir Marchenko and Leonid
Pastur in the 1960s. The semicircle law is an analogue of the Gaussian law in
free probability theory, initiated by Dan-Virgil Voiculescu in connection with
random matrices.

Wigner’s Theorem 21.1 was obtained by Wigner in the 1950s under more
restrictive assumptions. Its most complete version dates from the late 1970s.
Weak convergence of the counting measure p, does not prevent an asymp-
totically negligible fraction of atoms from diverging as n — oco. However, the
Bai-Yin theorem states that if E(M{}) < oo then almost surely the support of
pin, converges to the support [—20,20] of the limit xS, that is, almost surely,

lim A\, =—-20 et lim A\ = 20.

n—r oo n—oo
The combinatorial part of the proof of Wigner’s theorem is detailed, for exam-
ple, in the book by Zhidong Bai and Jack Silverstein [BS10], and in the book
by Greg Anderson, Alice Guionnet, and Ofer Zeitouni [AGZ10]. Wigner’s the-
orem can also be obtained by an analytic method using the Cauchy-Stieltjes
transform, in which the semicircle law appears as the solution of a fixed-point
equation. Wigner’s theorem is also presented in Mireille Capitaine’s lecture
notes [Capl2] and those of Charles Bordenave [Borl4b]. Section 21.2 is in-
spired by [Chal3]. Finally, beyond Theorem 21.7, there is a sufficient condi-
tion for u € P to be determined by its moments (f-@n)n%, known as Torsten
Carleman’s condition, and related to the quasi-analyticity® of the Fourier
transform:

—1/(2n)
Koy = 0.

n

The Courant-Fischer inequalities, as well as Lemmas 21.3 and 21.4 (the
Hoffman-Wielandt inequality), are proved, for example, in the book by Roger
Horn and Charles Johnson [HJ13] and in the book by Rajendra Bhatia
[Bha97].

8 A function f : R — R of class C* is quasi-analytic if it is determined by its
successive derivatives at 0, among a sufficiently broad class of functions.
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Births and assassinations

Keywords. Population dynamics.
Tools. Poisson process; Galton-Watson process; Chernoff’s theorem.

Difficulty. ***

We study the extinction or survival of a population organized into clans.
Each living individual gives birth to children according to a Poisson process
and cannot die while its father is alive. As soon as the father disappears, all
its children become exposed and die after their own random time with distri-
bution @. A configuration at a given time is a finite collection of genealogical
trees, each with a patriarch who alone can be assassinated.

@

Fig. 22.1. A patriarch and some of its descendants.

The patriarch of the entire population is denoted by (). Each of its de-
scendants is identified with a k-tuple of positive integers for k > 1. For exam-
ple, (1) is the ancestor’s first child, whereas (1,2) is the second child of the
ancestor’s first child; see Figure 22.1. The number of coordinates gives the
individual’s generation. Let

N = Upso(IN9)"
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be the set of n-tuples of positive integers, with the convention (IN*)° = &.
For n € NV, let k(n) denote the number of coordinates of n. The number of
individuals that must have been born for n to be born is

o(n) :=ng + - + Ng(n)-

We adopt the conventions k(@) = 0 = o(2).

Let (X™),cn be a family of independent Poisson processes with the same
intensity A. We denote by (13'),-, the jump times of the process X™. Let
(Kn)pen be a family of strictly positive i.i.d. real random variables with
common distribution Q. We assume that the families (X™), .\ and (Kn),
are independent.

The process starts at ¢ = 0 with a single ancestor labelled @. This indi-
vidual gives birth to children at the jump times of the Poisson process X<;
these enter the system in turn with indices (1), (2),... in their order of birth.
Each new individual n entering the system begins to produce descendants
at the jump times of the process X™; the descendants of n are indexed by
(n,1),(n,2),..., again in chronological order.

The patriarch is exposed from time 0. It gives birth to children until the
random time Yy := Ky when it disappears. Each of its children becomes the
patriarch of its clan and is exposed in turn. Let n = (nq,...,nk_1,nk) belong
to A and let n’ := (nq,...,n5_1). When n’ is removed, at the random time
Y., n becomes exposed; it continues to produce descendants until the random
time Y, := Yy + K, and is then removed in turn.

Example 22.1. Saying that individual (3,2) has been born means that

o individual @ had at least three children before dying: Tf occurs before the
death of @ at time Kg;

o individual (3) had at least two children before dying, that is, T2(3) occurs
before the death of (3) at time Kg + K(3).

We therefore have
{(3,2) est né} = {T;” <Ko, T2 + T < Ky + K(g)}.

The birth-and-assassination system is said to be stable if, with probability
1, there is a finite time after which the system is empty. Otherwise, the system
is said to be unstable.

Theorem 22.2 (Sufficient conditions for stability and instability). Let B
be a birth-and-assassination process with intensity A such that the Laplace
transform u — @(u) = foooe“ Q(dz) of Q is finite in a neighborhood of 0, and
let

Ap(u)

o = min ———.
u>0 u

Then the following sufficient conditions for stability and instability hold:
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o the process B is stable if a < 1;
e the process B is unstable if o > 1.

Sections 22.1 and 22.2 are devoted to proving the two conclusions of The-
orem 22.2.

22.1 A sufficient condition for stability
Introduce the mean number of descendants of &,

m = ZIP(n est né) € [0, +o0].

If B is unstable, then by definition, with strictly positive probability, there
is no finite (random) time after which the system is empty. Hence the number
of descendants of @ is infinite with positive probability, and therefore m = cc.
Consequently, if m < oo then B is stable. Thus it suffices to establish that
m < oo whenever a < 1.

To individual n = (nq,...,n;) we associate its ancestral lineage, consist-
ing of the individuals n(i) = (ny,...,n;) for 0 < i < k (with n(0) = 2).
Individual n is born if, for every 0 < ¢ < k, its ancestor n(i — 1) in generation
7 has had at least n; descendants:

J J
{n est né} = {Z T,‘l‘i(i_l) < ZKn(iq), Jj=12,.. .,k(n)}.
i=1 i=1

In particular,

k(n) k(n)

P(n est né) Z Tn 1) < Z Kagi-1)

Markov’s inequality ensures that, for every u > 0,

K k)
PO TRV <) Ko
i=1 i=1

k(n) k(n)

< E| exp uZKn(Z 1) — UZT“2 D

Independence of the birth and assassination processes gives

k(n) k(n) k(n)

- A\
exp (u)_ Kaony —ud TR0 | ) =™ ] <A+u> '
i=1 i=1 =1

1=
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Summing over n yields

Z P(n est né
n

On the other hand,

Z <)\—)i\—u)g(n)

n, k(n)=k

o0

=1

< e X (Aiu)”(“).

n, k(n)=k

= > card{n : k(n) =k, o(n) m}< : >m

m2>=k

= (2>k Z card{n : k(n)

m2=k

At u

o= () (2)

The integer card{n : k(n) = k, o(n) = m} represents the number of m-tuples
with coordinates 0 or 1 containing exactly k 1’s. The general term of the last
sum above is therefore the probability that, in a Bernoulli scheme with success
probability u/(u + A), the k® success occurs at time m (this is the negative
binomial distribution). Along the way, we recover

card{n : k(n) =k, o(n) =m} = (’Z__ll)

‘We therefore have

>

n, k(

n)==k

¢

A a(n)_ A k
+u T \u '

In other words, we have shown that

m< Z (A(ifU)>k.

k>1

If @ < 1, then the mean number of individuals created is finite, and B is

stable.

22.2 A sufficient condition for instability

We now prove the second part of Theorem 22.2. The main idea is to show
that, if @ > 1, there exists k > 1 such that

P(n est né) > 1

n, k(n)=k
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and then conclude by a branching argument.

Let (N;);5, be a sequence of independent random variables with geomet-
ric distribution of parameter p, independent of the process B. In generation
k, consider individual N = (Ny,..., Ni) together with its ancestral lineage
consisting of the individuals N(i) = (Ny,..., N;) for 0 < i < k. We express
in two different ways the probability that N is born. On the one hand,

P(N est né) = Z IP(N est né’N = n)IP(N =n)

n, k(n)==k
= Z P(n est né)p®(1 — p)mrtFne=k
n, k(n)=*k
k
A
o n, k(n)=k

On the other hand, set

Zi = Kn(i—1) — TJI\X(FI)7

for every ¢ > 1. As in the first part of the proof,

j _ j
P(N est né) = IP(Z TN <3 Koy, =1, k)
i=1 =1

J
:IP<ZZZ->0, jzl,...,k).

i=1

We estimate this probability using the following lemma, proved at the end of
the section.

Lemma 22.3 (Asymptotic deviation). If (X;),5, 4s a sequence of i.i.d. real
random variables with T(X1) < 0, P(X; > 0) > 0, and if the Laplace trans-
form b of X1 is finite in a neighborhood of 0, then

k
1
lim log]P< min X; > O) > log(p), ot p:=miny(u).

n—00 N 1<k<n 4 u>0
=1
The random variable T}:,i_(i_l) has the exponential distribution® Exp(Ap).
The random variables (Z;),, are i.i.d. with Laplace transform and mean
Ap 1

E(e"%) = o(u et E(Z1) =¢'(0) — —.

(e"?) Pl (Z1) =¢'(0) = %
! Lemma 11.4 states that if G, E1, Ea, ... are independent random variables with

G geometrically distributed with parameter p and E1, Es, ... exponentially dis-
tributed with parameter A\, then the random sum E;+- - -+ E¢ has the exponential
distribution with parameter pA.
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Thus the expectation of Z; is strictly negative for sufficiently small p. More-
over, writing @ = 1 4 €, we can choose p sufficiently small that

minE(e“Zl) :pmin )«p(u) >p(l+¢/2).

Lemma 22.3 applied to the sequence (Z,) >1 ensures that, for sufficiently
large k,

1<j<k

]P(rnln Z; >0> (1+¢/2).

We therefore obtain

k
(p) Z P(n est né)(1 —p)°® > pF(1 4 ¢/2)F.

1-p

Divide by p* and let p tend to 0. By monotone convergence,

Z P(n est né) > (1 4+¢/2)F >

n, k(n)=k

which gives the relation

Z P(n est né) > 1.

n, k(n)=k

Let us complete the proof of Theorem 22.2. An individual is called special if
it is the ancestor or if it belongs to generation nk and descends from a special
individual in generation (n— 1)k whose father has died. The relation obtained
above tells us that the mean number of special individuals in generation k
is strictly greater than (1 + ¢/2)%. Similarly, the mean number of special
individuals in generation nk is greater than (1 4 £/2)"*. Thus the process
counting special individuals is a Galton-Watson process that is supercritical.
With strictly positive probability, this process does not become extinct (see
Theorem 3.7 on page 3.7). The same therefore holds for B.
We finish this section with the proof of Lemma 22.3.

Proof of Lemma 22.3. Under the assumptions of Lemma 22.3, the conclusion
of Lemma 22.3 can be proved at the terminal time using Chernoff’s theorem:

=1

nhﬂn;(} E log IP (ZX > 0) = log(p).
‘We now show that

k
1
<mm Sk>0> - (S, >0) ou S Eﬁ

1<k<n
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We proceed as for the rotation principle of Lemma 3.18. For every k, let o(k)
denote the integer between 1 and n equal to kK modulo n. Foreveryl =1,... n,
define S by

S(()l) =0 et Sl(clil = S](Cl) + Xa‘(k+l)-

We have S = S®). The total sum S,(Ll) does not depend on [ and equals S,,.
Since (X1,...,X,) and (Xj,..., X, X1,...,X;—1) have the same distribu-
tion, we obtain

. 1
P(lrgnklgn S >0 } Sy > 0) = nE(; ]l{mimgkgn S;(cl)>0} | Sp > O).

Now the sum on the right-hand side is bounded below by 1 since, on {S,, > 0},
there is a (random) value of [ for which the minimum of S is strictly positive:
the largest index at which [ +— S; attains its minimum. It is useful to draw a
picture and compare it with Figure 3.3 on page 3.3. This yields the claimed
lower bound. ad

22.3 Further reading

The model presented here was introduced in an article [AK90] by David Al-
dous and William Krebs. The connection with a queueing model is discussed
in the article [TPHS86] by John Tsitsiklis, Christos Papadimitriou, and Pierre
Humblet. A connection with branching random walks can be found in the
article [Korl5] by Igor Kortchemski. (Herman) Chernoff’s theorem, which is
said to be due to Herman Rubin, is proved, for example, in the book [DZ10]
by Amir Dembo and Ofer Zeitouni.

Theorem 22.2 leaves open the question of whether B is stable at the critical
point. A precise answer can be given in an important special case. Suppose the
assassination distribution is exponential. By rescaling time, we may assume
without loss of generality that its parameter equals 1, giving ¢(u) = (1 —
w) Mg (u) + 00l e0f(w), hence ming,soAu~tp(u) = 4X (the minimum is
attained at w = 1/2). Theorem 22.2 ensures that B is stable if 0 < A <
1/4 and unstable if A\ > 1/4. Write E for expectation with respect to the
distribution of By and N for the total number of individuals born, including
the ancestor. The article [Bor08] by Charles Bordenave shows, in particular,
that the moments of N satisfy the following integrability properties:

o if 0 <A< 1/4 then

2
Ex(N)= ———;
W=
o if 0 <A< 2/9 then
E\(N?) = 2

EEN Yy
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o for every p > 2, E\(N?) < oo if and only if

0<A< 2o

(p+1)%

In particular, if A = 1/4, the process B is stable since £, /4N = 2. It is also
shown in [Bor08] that the distribution of N has a polynomial tail for every
0 < A < 1/4. Indeed, for every & > 0, there exists C such that, for every t > 0,

14+ VI—4x
114X

The subcritical Galton-Watson processes studied in Chapter 3 do not
exhibit this heavy-tail behavior: there is a constant ¢ > 0 such that
Eyexp(cN) < oo for A < 1. Moreover, the mean number of individuals is
given by Ex(N) = (1 —X)~1, and therefore diverges as A tends to the critical
value 1.

PA(N > 1) < Ct7YM*e avee 4(N)
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The telegraph model

Keywords. Piecewise deterministic Markov process; partial differential equa-
tion; infinitesimal generator.

Tools. Poisson process; continuous-time Markov chain; Laplace transform.

Difficulty. ***

We study the motion of a bacterium with four to six flagella distributed
over its surface, which moves by rotating them like a corkscrew. When they ro-
tate counterclockwise, the flagella form a propulsive bundle producing motion
in an almost straight line. When they rotate clockwise, the flagella become
uncoordinated and cause the cell to rotate without significant displacement.
The cell thus alternates straight-line movements, or “runs”, and rotations in
place, or “tumbles”. A run lasts on average about one second, while the average
tumble duration is of the order of a tenth of a second. Below, we neglect the
tumble time and assume that motion occurs in dimension 1. In an isotropic
medium, the rate at which a tumble occurs during a run is essentially inde-
pendent of the time since the last tumble: the duration of a run can therefore
be modeled by an exponential distribution with parameter a.

Denote by X; and V; the bacterium’s position and velocity at time ¢. After
suitable rescaling, its velocity takes values in the set {—1,+1}. Let (V)5 be
a Poisson process of intensity « and (Vp, Xo) a random variable taking values
in £ = {-1,+1} xR, independent of (), . Define the process ((Vz, Xt));
with values in E by setting, for every ¢t > 0,

t
Vi=(-1)MV, et Xt:X0+/VSds.
0

We wish to understand how the distribution of bacteria evolves over time,
given its initial distribution.

First, the velocity process (V;),5 is a Markov process on {—1,+1} whose
distribution can be determined. For every t > 0, write
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pe(t) =P(Vi=+1) et p_(t) = P(V; = —1).

Theorem 23.1 (Distribution of the velocity). The process (Vi),5, has a
unique invariant distribution, namely the symmetric Rademacher distribution
%5_1 + %5+1. Moreover, for every t > 0, the distribution of V; is given by

p+(t) _ % p+(0) gp—(o) e—2at  of p (t) _ % _

which solve the differential equations
Pi(t) = ap-(t) —p+(t) et p_(t) = alp+(t) —p-(1))
Proof. The formula

Pe(0) =p(0) o
2 7

(at)®
n!

p(t) =Y P((=1)" = Vo)P(N; = n) = Y P((-1)" = Vo)e ™
n=0 n=0

immediately yields the differential equation

P (t) = —api(t) + ap_(t).

Now py + p_ =1, giving the differential equation satisfied by p_. Moreover,

(p+ —p-)'(t) = —2a(py —p-)(t) et (p4 +p-)'(t) =0.
Solving these linear differential equations yields the result. O

In Section 23.1, we study the Markov properties of the process V and
the full process (V, X), inherited from the Poisson process. We then connect
this process to a partial differential equation called the telegraph equation in
Section 23.2.

23.1 Markov aspects of the full process

In this section, we study the Markov semigroup and infinitesimal generator
associated with the process (V, X). The approach is similar to that adopted
for the growth-fragmentation process in Chapter 17 and the M/M/co queue
in Chapter 11. For every ¢ > 0 and every bounded measurable function f from
FE to R, write

Pif(v,z) = B(f(Vi, X0)[Vo = v, Xo = x)

= ]E[f((—l)Ntv,a: + v/ot(—l)Ns dsﬂ.

For k € IN, denote by CX the set of functions f: £ — R which are measur-
able, bounded, of class C* in the second variable, with bounded successive
derivatives.
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Theorem 23.2 (Markov semigroup). The family (P;),, satisfies:

o for everyt >0, if 1 is the constant function equal to 1, then P,1 =1;
e if f is nonnegative, so is Py f;

o for every f € Cg and every t > 0, P,f € Ck;

o for every f € CL, limy_,o P,f = f uniformly;

e forallt,s > 0 and every bounded measurable function f: E — R,

Pt+sf(v,x) - Pt o Psf(’l),l').
We say that (P;), is a Markov semigroup.

Proof. The first two assertions are straightforward. To establish the third,
write

|Pef(v,2) — f(v,z)| <IE(|f(Vt,Xt) fv,2)[[ Vo =0, X0 =2)
(|f(VtaXt) f(v, I)‘]l{Nt 0}\‘/0 =v Xofx)
+E(f(Vi, X¢) = f(0,2) [N, 51y | Vo = v, Xo = 2)

If Ny =0, then for every s € [0,¢t], Vs = v and X; = « + tv. Hence

E(|f(Ve, X¢) — f(v,2)[L{n, =0y | Vo = v, Xo =) = |f(v,z +vt) — f(v, )|
< [0xfl oot

where we used |v| = 1. Moreover,

E(1f (Vi Xe) — f(0.0)|Ln, 1) | Vo = v, Xo = @) < 2]f | P(N, > 1)
= 2|l (1 - ).

Let us prove the last property. For all s, > 0, we have
Prisf(v,2) = E{E{f(Vits, Xits) [ Xo, Vo, X, Vit [ Xo = 2, Vo = v}
By definition of (V, X), write
Ve = (SN et X=X+ [ )N
We then use the fact that the Poisson process has independent stationary

increments and, in particular, that (Nyys — Nt)s>0 is a Poisson process of
parameter «, independent of (NN, )y, «;, hence

E(f(( DR wa,Xt+m/( DR udu)\Xo,vo,Xt,vt>
0
:Psf(maXt)

We thus recover the semigroup identity Piysf(v,z) = Py o Psf(v,x). O
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Theorem 23.3 (Infinitesimal generator). For every t > 0 and every f € C,

H Ponf—Pf

W — AR f

‘ O
h—0
o0

where the operator A is defined by
Af(’U,JU) = Ol(f(—U,l‘) - f(U, '73)) + v@xf(v,x),
for every f € Ck. In particular, for every t > 0 and every f € Ck,
8,5Ptf(’07$) = APtf(U7m) = Pt(Af)(Ua .Z‘)
Proof. First prove the result for t = 0. Let f € CL. We have
Py f(v,2) =E(f(Va, Xn)L{n, =0y | Vo = v, Xo = z)
+ E(f(Va, X)Ly, =13 | Vo = v, Xo = )
+ E(f(Va, Xn) (N, 01 | Vo = v, Xo = ).

We study these three expectations separately. The absolute value of the third
and last expectation is bounded by

1 fllaP(Np = 2) = [|fllo (1 = e (1 + ah)) = O(R?).
The first expectation equals

E(f(v,z+vh)l{n,—0y) = f(v,z + vh)e~ "
= f(v,x) + h(vamf(vax) - af(vﬂ :ZZ)) + O(h)

Finally, the second expectation can be written

E

h
f (1}, T+ v/o (—1)Ne du) ll{Nh_l}] = ahe " (f(—v,z) + O(h))

= ahf(—v,z) + o(h)

since the integral term is bounded in absolute value by h. We have thus
obtained

th<’l)7.7}) = f(’U,.T) + hAf(’U“’E) + O(h)a
completing the case ¢ = 0. To extend the result to every time ¢t > 0, use the
semigroup property and the first part of the proof:

Ponf— B f
h

P, — P :
—ang= (B - a)ns 5o

since P,f € Ck. Similarly, the alternative expression

Ponf — P f P, — P
= P —_— N
h t h fa
yields the relation 0;P.f = P,Af. O
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23.2 Connecting the equation and the process
Let ¢ : R — R be of class C2. Define v+ and u~ on Ry x R by
{u+<t,x> = Pio(1,2) = B($(X0) | Vo = 1, Xo = ),
u”(t,z) == Pp(—1,2) = E(6(Xy) | Vo = —1, Xo = 2),

with the following abuse of notation: we also denote by ¢ the map (v,z) —
¢(z). By definition of u™ and u~, the last formula in Theorem 23.3 ensures
that
atqu(taz) :atPtQS(LI) APt¢(laz)
= a(Pp(—1,2) — Po(1,2)) + 0. Prp(1, x)
=a(u”(t,z) —u' (t,2)) + Opu” (¢, ).

We can do the same for u~ and deduce that (v, u™) solves
Ot (t,z) = a(u (t,x) —ut(t,x)) + dut (¢, x)
Ou=(t,x) = a(ut(t,x) —u (t,z)) — Opu~ (¢, x).
Setting

ut(t,z) +u™ (i, )

u(t,x) := 5 et a(t,z):=

ut(t,x) —u=(t,x)

the pair (u, @) solves

Opu(t, x) = 0za(t, ),
oru(t, x) = —2au(t, x) + dul(t, ).

Differentiating the first equation with respect to ¢t and the second with respect
to z eliminates the term 0;0,4(t, x) and gives

OAu(t, ) = —2a0,a(t, x) + 02, ul(t, ).
It then remains to replace 0, (t, z) by Oru(t, z) to obtain

ORu(t,x) — 0% u(t, z) + 2adwu(t, ) = 0.
Now, when Xy = z for some z € R and Vy ~ %5_1 + %51, we find u(t,z) =
E(é(z + Xt)), proving the following result.

Theorem 23.4 (Probabilistic representation of the solution of a PDE). The
function u defined by u(t, ) = E(d(x+ X)) for everyt > 0 and x € R, where
Xo =0 and Vi has distribution %6_1 + %61, solves the telegraph equation:

u(t, z) + 200u(t,x) =0 pour toust > 0, x € R,
( ) pour tout x € R,
(9tu(0, x)=0 pour tout x € R.



304 23 The telegraph model

The partial differential equation in Theorem 23.4 is a superposition of two
classical equations: the wave equation (or vibrating string equation) and the
heat equation. The first describes propagation of a signal without damping,
while the second describes a diffusion phenomenon.

23.3 An ergodic modification

In this section, we slightly modify the dynamics of the process (V, X). The
velocity still takes values in {—1,+1} and X still corresponds to the integral
of V. However, we make the jump mechanism of V' slightly more complicated.
For simplicity, we recursively construct the positions at the jump times of V'
and then interpolate between them.

Let @ > 0 and b > 0 be fixed real numbers. Let (Ey),-, be a sequence
of i.i.d. real random variables exponential with parameter 1, independent of
(Vo, Xo) € {—1,+1} x R;. Write Ty = 0. Recursively define the following
quantities:

E -
Tn si Vn—l = 1,
T, =Th 1+ E. N
min (n,Xn_l) S1 ‘/n—l = _15
a
and then
Vi=-Voo1 et Xp=Xn1+Voo1(Th—Thn).
Construct the process (X,V) by setting V; := Vioy if Ty < t < T, and

defining X by linear interpolation of X. Thus the jump rate of V is given by

X

Fig. 23.1. A sample path.
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bl gp=1) + (@ + 00 fpg} ) Lu=—1}-
An excursion of (V, X) is a path starting from (+1,0) and stopped at time
S:=inf{t >0 : X, =0}.
Denote by ¢ the Laplace transform of S:
YA ER = Y(N) = B o (7).

Lemma 23.5 (Length of an excursion). The domain of ¢ is | — 00, \], where
Ac 18 given by

_ 2
L LB (Vb — /a)
2 2
Moreover, if A < A, then

a+b—2\—/(a+b—2\)2 —4ab
2a '

In particular, Y(A.) = v/b/a and B )(S) =2/(b — a).

Proof. The first jump time T3 = E of V when (Vp, Xo) = (1,0) has the
exponential distribution with parameter b. If V' does not jump between E
and 2FE, then S = 2E. Otherwise, (V,X) makes an excursion above Xr,
with the same distribution as X. After this excursion, (V, X) is at (-1, Xp,).
Again, either X reaches 0 before V' jumps, or it does not (in which case
another excursion is grafted on). Figure 23.2 illustrates this decomposition.
The number N of excursions included in the descent from F has distribution
Poi(aFE). We can therefore write

$(A) =

N
SZ2E+ S,
k=1

where E, N, and (Sk) k>1 are independent. Thus, for every A in the domain
of ¢ (which contains | — o0, 0]),

v =B(B(P T BN ) ) = (FE0)E))

b
— B2 EpaBMN-1))
(6 € ) b+a—2)—av(\)

yielding the formula. O

More can be said about the structure of an excursion starting from (+1, 0).
This will allow the following quantity to be expressed in terms of standard
random variables:
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X

Fig. 23.2. Decomposition of an excursion. The dots mark jumps in velocity.

S
I=/ eg(Vy) ds
0

where ¢ is a function defined on {—1,+1}. The first jump time FE is exponen-
tial with parameter b. Conditionally on {E = z}, the number N of excursions
“grafted” onto the return to 0 has the Poisson distribution with parameter az.
Conditionally on {E = 2, N = k}, the k heights at which they occur are dis-
tributed as (U k), Uk, k1), - - - » TU(x,1)), Where the real random variables
(Ui)i21 are i.i.d. uniform on [0,1] and (U1 ), .., Ugk,k)) denotes the sample
rearranged in increasing order. Let

((Vt(i), Xt(i))ogtgs(i))

i>1

be independent paths over an excursion starting from (+1,0). Then

E N .S ; )
I= (o) +o(-0) [ ey 3 [ En X0 s
0 = Jo

We then have

Si ) ]
E</ eA(EU“’N”X?)’g(Vs(“)ds|E7N7<Ui>i>1> = B(I)e*EVtm,
0

We deduce the following relation:

E(I) _ E(Q(l) “l‘/\g(_]-) (e/\E o 1) + E(I)ﬁ;eAEU“’N)>

g1 +g(-1) SN
=S +E(I)E<;e“f>.

Finally, by independence of the random variables involved,

N
E e)\EUi
ps

E> =E(NeMU | E)
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= E(Aj\;(ew — 1)|E)

Thus, for every A\ < b — a, we obtain

g(1) +g(-1)

B ==

The ergodic theorem shows that if v is the invariant distribution of (V, X),
then
E(I 1 -1) b-—
/ e’\zg(v)y(dv,da:) _ ( ) _ g( ) +g( ) a )
{—1,41} xR, E(S) 2 b—a—A\

Thus the invariant distribution v is the distribution (1/2)(0_1+041) @Exp(b—

a).

23.4 Further reading

Many mathematical models of bacterial motion can be found, for example,
in the articles by Hans Othmer, Steven Dunbar, and Wolfgang Alt [ODASS],
and by Radek Erban and Hans Othmer [EO05]. Theorem 23.4 is due to Marc
Kac [Kac74]. In Kac’s article, the partial differential equation in Theorem 23.4
appears as a scaling limit of persistent random walks, which model the evo-
lution of an electric current in a coaxial cable, explaining the name telegraph
equation. This connection with persistent random walks is also central to an
article by Samuel Herman and Pierre Vallois [HV10].
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The Dirichlet problem

Keywords. Diffusion; Brownian motion; exit time; heat equation; harmonic
function.

Tools. Markov chain; Markov property; martingale; Monte Carlo method.

Difficulty. ***

This chapter is devoted to the continuous Dirichlet problem and its con-
nection with Brownian motion. The discrete version is discussed in Chapter
2 on random walks. The motivation is to study the temperature distribution
in a solid. Consider a homogeneous solid identified with the closure D of a
bounded connected open subset D of R¢, whose possibly nonconstant surface
temperature is fixed at a function b. The temperature inside the solid con-
verges to a thermal equilibrium that we wish to express in terms of D and b.
Intuitively, the temperature at an interior point of the solid is the average of
the temperatures over any ball centered at that point and contained in the
solid: the temperature ¢ satisfies the mean value formula. For every z € R¢
and every real » > 0, the ball and sphere with center x and radius r are
denoted by

B(z,r):={yeR¥: |z —y|<r} et S(z,7):={ycRy:|z—y| =1}
whereas the closed ball with center x and radius r is denoted by
B(x,r) := B(x,r)US(z,r) ={y e R : |z —y| < r}.

We sometimes write 0B(z,r) := S(x,r). We say that ¢ is harmonic on D if
it is locally integrable and satisfies the mean value formula:

1
Vo € D, Vr < dist(z,0D), o(z)= W /B(O )ga(x +y)dy.
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The temperature should be continuous throughout the solid if b is continuous
on the boundary 9D of D. We can therefore formulate the Dirichlet problem
as follows: a function ¢ defined on D with values in R solves the Dirichlet
problem if

1. for every point x of 9D, ¢(x) = b(x),
2. ¢ is continuous on D,
3. ¢ is harmonic on D.
Many theorems address existence and/or uniqueness of the solution of
the Dirichlet problem, but of course the solution is generally not explicit. In
certain very special cases, however, one can give a relatively explicit integral

representation of the solution. In other cases, deterministic or probabilistic
numerical methods provide approximate solutions.

Theorem 24.1 (Harmonic functions). For every function ¢ : D — R, the
following three properties are equivalent:

1. Mean value property on balls: ¢ is harmonic;
2. Mean value property on spheres: ¢ is locally integrable on D and satisfies

Ve € D, Vr < dist(z,0D), ¢(x)= / o(x +y) or(dy),
S(0,r)

where o, is the uniform distribution on the sphere centered at the origin
with radius r;
8. Vanishing Laplacian: ¢ is of class C*° on D and Ap =0 on D.

Moreover, if ¢ is harmonic on D, then all its partial derivatives are harmonic
on D. Finally, if || is bounded on D, the same holds for all partial derivatives
of .

Theorem 24.1 allows the Dirichlet problem to be reformulated in terms of
partial differential equations (PDEs).

Corollary 24.2 (The Dirichlet problem and PDEs). A function ¢ solves the
Dirichlet problem on D with boundary conditions b if and only if it is of class
C> on D, continuous on D, and satisfies

Ap(z) =0  pour tout x € D,
p(x) =b(x) pour tout x € OD.
Proof of Theorem 24.1. Let us show that the second property implies the first.

Assume without loss of generality that £ = 0. Changing to polar coordinates
gives

1 1 r
B T @ydy=7// o(y) os(dy)|0B(0, s)| ds
B0 Jion W ABON Sy S IO

d [ _
=— / / o(y) os(dy)s?1 ds.
™ Jo JoaB(o,s)
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Thus, if ¢ satisfies the mean value formula on spheres, then ¢ satisfies the
mean value formula on balls. Conversely, if ¢ is harmonic, the expression
above gives

ro(0) = d / / () 0u(dy)s® ds.
o JoaB(0,s)

Differentiating with respect to r yields the mean value formula on spheres.

We now show that the last two properties are equivalent. The first step is
to smooth the function ¢ by convolution. Let x € D, let V be a neighborhood
of x contained in D, and let e < dist(V,0D). The function

U, x> cle) exp((\ﬂﬂ2 - 52)71)]1{|w\<6}

is of class C*°, nonnegative, has integral 1 for a suitable choice of c¢(g), is
supported in the ball B(0,¢), and is radial. The function ¢ * ¥, is therefore of
class C* on V. Moreover, for every y € V, the mean value formula on spheres
ensures that

o *Ve(y) =/B(O )w(y+u)%(u)du

= /E (/ o(y + s2) Js(dz)> [S(0, )| (s)ds
0 S(0,s)

= o(y) /B L

since ¥, is radial. It also has integral 1: ¢ and ¢ * ¥, coincide on V, so ¢ is of
class C* on V. Finally, for sufficiently small |y|, we have

pla+y) = () + Vipla) -y + 3 (Hess() (@) -y + olly).

Integrating this relation over the sphere centered at the origin with radius r
against the uniform measure and letting r tend to 0 yields Ap(z) = 0, while
the converse follows by integrating the relation over a small ball.

It remains to establish the automatic regularity properties of the deriva-
tives. Harmonicity propagates by induction, differentiating the mean value
formula. Moreover, for every multi-index o € IN?, there exists K (e, ) such
that, for every y € V,

0atp(y)] = ¢ * Oale| < K (e, a) sup [p(2)].
zeD

A compactness argument yields the result. O

24.1 Probabilistic interpretation

Probability theory provides the tools needed to study the Dirichlet problem in
PDE form, including a probabilistic representation of its solution. Let (B;) >0

be a Brownian motion on R%, and let
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T:=inf{t >0 : B; ¢ D}

be the ezit time from D for (By),,. Write P, for the distribution of (Bt),,
given By = x and IE, for expectation with respect to this distribution. Brow-
nian motion is a strong Markov process, and It6’s formula ensures that if f is
a function of class C? from R? to R with bounded derivatives, then

f(Bt) =f<Bo)+/0 %Af(Bs)ds—k/O/Vf(Bs)st.

The stochastic integral (the last term) above is a martingale. The key link
between probability and analysis is the following observation: (f(Bt)),s is a
martingale if f is harmonic.

Theorem 24.3 (Harmonicity of the probabilistic representation). The func-
tion v defined on D by v(xz) = E,[b(B;)] is harmonic on D.

Establishing continuity on D of the function v given by Theorem 24.3 is
delicate. It involves the geometric properties of the domain D.

Proof. Let x € D and r < dist(z,0D). Write
Tr:=1inf{t >0 : B; ¢ B(x,r)}

for the exit time from the ball with center z and radius r for Brownian motion
starting from x. See Figure 24.1. The strong Markov property of (Bt)t>0 then
ensures that

’U(,T) = Ez[Ew(b(BT)U:ﬂ)] =E, [EX” (b(BT))] = Ew(v(B‘rr))'

Finally, since the distribution of Brownian motion is rotation invariant, the
random variable B, is uniform on S(z,r). This property ensures that v sat-
isfies the mean value formula on spheres. a

Remark 24.4 (Poisson kernel). The probabilistic representation above shows
that the solution of the Dirichlet problem at a point x of D is the average of the
boundary values weighted by the distribution of the exit location of Brownian
motion starting from x. The density of this measure is called the Poisson
kernel of D.

A function h harmonic on a domain D necessarily attains its maximum
on a compact set K at a boundary point of K. This maximum principle
yields uniqueness of the solution of the Dirichlet problem: the difference of
two solutions is harmonic and vanishes on 9D, hence on D. The next theorem
shows that uniqueness of the solution of the Dirichlet problem also follows
from its probabilistic interpretation.

Theorem 24.5 (Uniqueness). If ¢ solves the Dirichlet problem on D with
boundary condition b, then this solution is unique and is given by

Vz €D, (p(l‘) = Ew[b(BT)]
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Fig. 24.1. Decomposition of a path leaving D after leaving B(z,r).

Proof. 1t6’s formula gives the following decomposition:

tAT
o(Binr) = () + / S Ap(B) ds + My,
0

where (Mt/\f)t>o is a bounded martingale by the automatic regularity prop-
erties of harmonic functions (Theorem 24.1). Indeed, ¢ is harmonic on D and
bounded on D. The same then holds for its derivatives. Taking expectations
and letting t — oo yields the claimed result. O

24.2 The unit ball

There are very few domains D for which an explicit expression for the solution
of the Dirichlet problem is available. This section addresses Euclidean balls.

Theorem 24.6 (Poisson kernel of balls). The Dirichlet problem on the ball
centered at the origin with radius v in R and boundary condition b has solu-
tion

— 2
1202~ faf’)

o) = [ MRy, ob P =

Here again, ¢(x) is the average of b over 9D against the density P.(z,y)
with respect to the uniform measure on S(0,r). This measure assigns more
weight to points on the sphere close to x, in agreement with the temperature
interpretation.
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The Dirichlet problem on a ball in R¢ thus reduces to computing an inte-
gral over the sphere of dimension d — 1. When d > 1, deterministic approx-
imation methods become very difficult to implement because they require
discretizing the sphere. The Monte Carlo method remains very simple to use,
thanks to the following result.

Theorem 24.7 (Simulating the uniform distribution on the sphere). If X
is a random vector in R with distribution Ny(0,14), the random vector Y =

X/|X| is uniform on S(0,1).

Proof. The random variable Y is defined almost surely because the set
{X = 0} has measure zero. Moreover, the distribution of X is invariant under
every rotation: if O is an orthogonal matrix, then OX has the same distribu-
tion as X. The same therefore holds for Y. The only rotation-invariant prob-
ability distribution on the unit sphere equipped with its Borel sigma-algebra
is the uniform distribution. O

Remark 24.8 (Box-Muller algorithm). If U and V are independent real ran-
dom variables with U uniform on [0,1] and V exponential with parameter 1/2,
then the real random variables

X =VVecos(2xU) et Y =VVsin(27U)

are independent with the same standard Gaussian distribution N(0,1). This
property was long used in scientific computing software before being replaced
by more efficient procedures such as Marsaglia’s Ziggurat algorithm, based on
a polygonal approrimation method.

24.3 Numerical approaches

For a general domain D, no explicit expression for the Poisson kernel is avail-
able. Approximate solution methods must therefore be considered. To this
end, we discretize D. Let h > 0 be the mesh size. Define the grid Dy as the
intersection of D and the lattice hZ:

Dy :=DNhZ*={x €D, Iir,...,iq) € Z% x = (hiy,..., hig)}.

We say that 2,y € hZ< are neighbors, and write z ~ v, if |z —y| = h. The
boundary of Dy, is

8hDh :{yeDfL : HxEDh, xwy}.

The Laplace operator is replaced by the difference operator:

Af(a) = 53 S (F)  F(@).

Yy~
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We say that ¢j is h-harmonic on Dy, if Ape, = 0 on Dj,. We also need to
define a function by, on 0, D), that reasonably approximates b defined on 0D.
The discrete Dirichlet problem is then: find ¢y on Dy, U 0, Dy, such that

Appp(z) =0  pour tout © € Dy,
on(z) =bp(x) pour tout x € O Dy,

This is exactly the discrete Dirichlet problem studied in Chapter 2, which has
a probabilistic solution in the same spirit as the continuous Dirichlet problem,
with the simple random walk replacing Brownian motion. This substitution
is justified by the following observation. If f is a function of class C? from R¢
to R, then

Anf(e) = S AS(@) + oli),

Thus, for small h, A, approximates the Laplacian. Moreover, saying that
Appr(z) = 0 means that ¢ (x) is the average (under the uniform measure)
of the values of ¢y at the 2d neighbors of x, an analogue of the mean value
property.

Remark 24.9 (Deterministic and probabilistic approaches). Since Dy, is fi-
nite, the discrete Dirichlet problem is a linear system of card(Dy) equations
in card(Dy) unknowns, with a unique solution. Solving it is simplified by the
sparsity of the associated matriz: each equation involves at most 2d + 1 un-
knowns. Once the calculations are complete, this direct method simultaneously
determines the value of the solution @ at every point of the grid Dy. This
method pays off when the temperature is needed at every point of the solid.

24.4 The upper half-plane: from discrete to continuous

This section illustrates, in a special case, convergence of the solution of the
discrete Dirichlet problem to that of the continuous Dirichlet problem for-
mulated in Corollary 24.2. Although unbounded, the upper half-plane in R?
has an explicit Poisson kernel. It is also possible to determine the distribution
of the exit location of the random walk on the lattice in hZ?2. Let N € IN*.
Choose the mesh size in the form h = 1/N. Denote by (XY, Y,Y)  the random
walk on hZ? starting from (X2, Y{V) = (0, 1) such that the sequences of ran-
dom variables (X2, ; — X V) and (Y,}, —Y;)¥) are independent of one another,
and each consists of independent variables with common distribution:

P((Xp4 — X3) = —1/N) = P((X7}, = X)) =1/N) = 1/2,
PV —Y)) = —1/N) =P((V,}, - X,)) =1/N) = 1/2.

At each step, the walk chooses randomly among the 4 points at distance
V2/N (northwest, northeast, southwest, and southeast). This slight modi-

fication of the random walk dynamics ensures that (X2') and (V,V) are

n n
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independent simple random walks, which will simplify the subsequent argu-
ment.

We study the exit time and horizontal exit coordinate from the upper
half-plane for the random walk thus defined. The exit time is the real random
variable

TN = inf{k >0 : YkN = O}.
The horizontal exit coordinate U is the horizontal coordinate of the random
walk at time TV,
UV .= XTJYN.
Theorem 24.10 (Convergence in distribution of the exit location). The
sequence (UN)N>1 converges in distribution, as N tends to infinity, to the
Cauchy distribution with density:

1 1

eER—» ———.
. w1+ 22
Proof. Denote by Sj the hitting time of 0 for the simple random walk (Zn)n>o
on Z starting from k, and by G, its generating function. The strong Markov
property ensures that

S 2 St S

where (S7), ;< are i.i.d. with the same distribution as Sy, hence Gy(s) =
G1(s)k. Similarly,

loi

S1=1+25,

where Z is a random variable with Bernoulli distribution Ber(1/2), indepen-
dent of Ss, hence

s
-2
For every s € [0,1], G1(s) solves s2? — 2z + s = 0 and therefore equals
1—vV1-—82

S

G (s) +§%@L sel0,1].

Gi(s) =
since G1(s) < 1. In conclusion, TV has the same distribution as Sy, and its

generating function G is given by Gy(s) = G1(s)™.
We now determine the characteristic function of U". For every ¢ € R,

oy~ (t) = E(eitUN) _ (1 —Vi- COS(t/N)2>N7

cos(t/N)

since the characteristic function of X2 equals cos(t/N)™. Finally,
1— [sin(t/N)]\ ¥ " .

1) = (— A ~ 14 1

o (t) < cos(t/N) N—so00 N Nooo O

and the limit is the characteristic function of the standard Cauchy distribu-
tion. O
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Remark 24.11 (Poisson kernel of the half-plane). The Dirichlet problem on
R x RY has the following representation: for every (x,y) € R x RY,

1 Y

u(z,y) = /]Rb(z)PH(m,y,z) dz, avec P((z,y),z)= ;m

24.5 Recurrence, transience, and harmonic functions

Knowing the radial harmonic functions on R allows us to obtain recurrence
and transience properties of Brownian motion. For r < |z| < R, write

TB(O,r) :=inf{¢t >0 : B; € B(0,r)}

and
TB(O,R) := inf {t 2 0: Bt ¢ B(O,R)}

The time S := Tg(g,y A T(0,r) is the exit time from the annulus C(0,7, R).

Fig. 24.2. A Brownian path starting from z, stopped upon leaving an annulus.

Theorem 24.12 (Recurrence or transience of Brownian motion). Let (Bt),
be a Brownian motion on RY.

1. Ifd=2 and r < |z| < R, then
log(R) — log(|z])
log(R) —log(r) ’

a) Po(Tpo,ry < TB(O,R)) =

b) P,(Tyo) < o0) =0,
¢) Pu(Tpor <o) =1,
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d) IPQL.(TB(O,T) < 00 i.s.)=1.
2. Ifd >3 and r < |z| < R, then
o~ 2
o) Po(Tp0.r) < TBO®) = 570~ pa-a -
b) IPm(T{O} < OO) =0,

|m|27d
c) Po(Tpo,r) < 00) = r2—d

Theorem 24.12 establishes recurrence of Brownian motion in R?: although
it does not hit any given point, it almost surely visits every neighborhood
of that point infinitely often! This no longer holds in higher dimensions. The
behavior is similar to that of the simple symmetric random walk on Z?, studied
in Chapter 2.

Proof. Let ¢ be the function z — log(|z|), respectively z s |z|>~%, for d = 2,
respectively d > 3. In both cases, ¢ is a radial harmonic function on R?
with the origin removed. The process (¢(Birs));s is a bounded martingale.
Moreover, S is finite almost surely because the first coordinate of (B;) takes
arbitrarily large values. The optional stopping theorem therefore ensures that

¢(z) = B (¢(Bs)) = @(r)Po(Tp0,r) < TB(0,r)) + ¢(R)Pe(Tr0,r) > TB(0,R))

which can also be written

p(x) — p(R)
P,.(T = ———=
1( B(0,r) < TB(OﬁR)) o(r) — ¢(R)
To obtain 1.(b) and 2.(b), take the successive limits 7 — 0 and then R — oco.
Assertion 1.(d) follows from 1.(c) and the strong Markov property. O

24.6 Further reading

The continuous Dirichlet problem was studied in the nineteenth century and
is named after the mathematician Peter Gustav Lejeune Dirichlet. Its proba-
bilistic solution, due to Shizuo Kakutani, dates from the mid-twentieth cen-
tury. The continuous Dirichlet problem lies at the intersection of probability
(Brownian motion), potential theory, harmonic analysis, and partial differen-
tial equations, an intersection extensively developed by Paul Lévy and Joseph
Leo Doob during the twentieth century. Various aspects are treated, in par-
ticular, in Richard Bass’s book [Bas95] and in the book by Peter Mérters and
Yuval Peres [MP10]. The discretized version provides an introduction to nu-
merical matrix analysis (sparse matrices) and numerical analysis of partial dif-
ferential equations, as well as stochastic numerical analysis, such as stochastic
Euler schemes (see Section 27.6). The explicit solution of the Dirichlet prob-
lem for a ball can be found, for example, in Walter Rudin’s book [Rud87].
Existence and continuity on D are discussed in Richard Bass’s book [Bas95].
Our Section 24.4 is inspired by Bernard Ycart’s book [Yca02]. Most results
extend to differential operators far beyond the usual Laplacian.
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The Ornstein-Uhlenbeck process

Keywords. Diffusion; Brownian motion; Gaussian process; Ornstein-
Uhlenbeck process; stochastic differential equation; partial differential
equation.

Tools. Gaussian vectors; Markov semigroup; [t6’s formula; Hilbert space
analysis; Laplace transform; Hermite polynomials; coupling; relative entropy;
Poincaré inequality; logarithmic Sobolev inequality; Wasserstein distance.

Difficulty. ***

The Ornstein-Uhlenbeck process (Xt),5, on R is the solution of the fol-
lowing linear stochastic differential equation (SDE):

t
Xt:Xof/XSds+\@Bt,
0

where (Bt)t>0 is a Brownian motion that is standard on R and independent

of Xy. The factor v/2 in the SDE makes some formulas neater. We also use
the following abbreviated version of the SDE:

dX; = — X, dt + V2dB,.

The Ornstein-Uhlenbeck process is the simplest ergodic Gaussian diffusion
process on R. Its remarkable properties make it indispensable. In particular,
it appears as a scaling limit of several Markov chains with discrete state
spaces, such as the Ehrenfest chain (Chapters 9 and 27) or the M/M/oco
queue (Chapter 11). It also enters into the definition of the Langevin process
in Chapter 26.

25.1 Basic properties

Theorem 25.1 (Rescaling). Let A > 0 and ¢ > 0. If X is an Ornstein-
Uhlenbeck process then the process Y defined by
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Yt =
solves the stochastic differential equation
t
Yt:YO—)\/ Ysds + oW,
0

where (Wy),s, is a standard Brownian motion.
=

Proof. For every t > 0, writing W; = By /V/\,

>\t0'

g g o
T x, =T x,- | T x.ds+-ZB
N NG U NG Vot

t
ZY()—)\ }/SdS—FO'Wt,
0

and (W}),s, is a standard Brownian motion (scaling invariance). O
=

Theorem 25.2 (Gaussian process). If Xo =z, then
X~ N(ze 81 —e2).

More generally, the process (Xt)t>0 1s a Gaussian process whose covariance
s given, for all 0 < s < t, by

Cov(X,, X;) = (1 — e 2)e~(t=9),

This property actually follows from linearity of the stochastic differential equa-
tion satisfied by (Xt),,-

Proof. 1t0’s formula applied to the process (etXt)t>0 with Xy = x gives

t
X, =ze t 4+ \/5/ e*"dB,.
0

We deduce that X; ~ N(ze~t, 1 — e~2!). To compute the covariance of X
and X, similarly write
X, = X,e 9 1Y,

where Y; is a centered random variable independent of Xj. O

Let A be the set of functions of class C* on R all of whose derivatives
have at most polynomial growth!. The Ornstein-Uhlenbeck semigroup on R
is the family (Nt)te]R+ of operators from A to A defined, for all ¢t > 0, f € A,
by

LA function f : R — R has at most polynomial growth if |f| < P for some
polynomial P.
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Ni(f)(z) = E(f(X) [ Xo = ).
The preceding results yield Mehler’s formula: for every ¢ > 0 and every f € A,

Ne(f)(z) = /Rf<e_tac +vV1- e*Qty> ~(dy),

where v denotes standard Gaussian measure on R. This formula shows that
Ni(f)(z) is well defined for every z € R and every f € L} (N (ze™t, 1 —e~2)).

25

0 200 400 600 800 1000 1200

Fig. 25.1. Sample paths of the Ornstein-Uhlenbeck process starting from the same
initial point far from the origin. Initially, drift dominates diffusion, quickly bringing
the path back toward the origin and then keeping it nearby, where diffusion causes
fluctuations. At large times the invariant distribution prevails.

Theorem 25.3 (Semigroup property). The family (Ni),, satisfies the fol-
lowing properties:

1. for every function f € A, Nof = f,
2. foralls,t 20 and f € A, (Nso N)(f) = Negsf-

Proof. The first assertion is obvious. For the second, write o, = v/1 — e~2t,
Let X and Y be independent real random variables with distribution ~. By
definition of N,

(Ns o Ni)(f) (@) = B[Ne(f)(e "z + 0,X)]
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=E[f(e (e "z +0,X) + )]
=E[f(e* "z +e o, X +00Y)].
It remains only to observe that
e o X + oY ~N(0,02,,)
and use Mehler’s formula. O
We now examine the infinitesimal evolution over a very short time.
Theorem 25.4 (Infinitesimal generator). For every f € A and every x € R,

lim Nif(z) — Nof ()

t—0+ t

= (Af)(x) ot (Af)(z) = f"(z) - xf'(2).

More generally, for every f € A and every t > 0, the following partial differ-
ential equations hold:

OyNif = A(Nf) = Ne(Af).

This partial differential equation (PDE) is sometimes called the heat equa-
tion with drift. The operator A is the infinitesimal generator of the Ornstein-
Uhlenbeck semigroup. It is useful to keep in mind the formal identity N, = et4,
which shows that Ng = I and 9;N; = AN;.

Proof. If f € A, Taylor’s formula of order 2 with bounded remainder near x
gives

Fla+ ) = @)+ hF@) + @) + On)

First observe that, for h = (et — 1)z + o4y,

The expansion above ensures that

Nf(@) = () + (7 = Daf' () + 5 (7~ 1% + 7)1 () + O,

This indeed gives the claimed limit:

lim = (N, f(z) - f(x)) = /" (z) — of ().

t—0 ¢
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This result also follows from It6’s formula: if Xg = z and ¢ > 0, then

F(X0) = f(2) + /O AF(X,)ds + V2 /O F'(X.) dB,,

and since the stochastic integral is a martingale, taking expectations gives

Nof(@) = f(x) + / NL(Af)(x) ds.

It remains to use Ny(Af)(x) — Af(x) as s — 0 to obtain the first assertion of
the theorem. The second follows from the first by the semigroup property. 0O

By Mehler’s formula, for every z € R and f € A,

Nef(@) 2, [ 1

Moreover, again by Mehler’s formula, for all ¢ > 0 and f € A,

[Nty = [[ faet 4 VT= g ) stde) = [ fan
In other words, the random variable X; has the same distribution as
Xoe P+ V1 —e2tZ

where Z ~ N(0,1) is a random variable independent of Xy. Thus if Xj ~ v,
then X; and X, have the same distribution A/(0,1), and for all ¢ > 0 and
feA

[Nt dy = BN = B = B X)) = [ Fa.
The measure y is therefore the invariant distribution of the Ornstein-
Uhlenbeck process. The next result goes beyond invariance.

Theorem 25.5 (Symmetry and reversibility). The operators (N¢),, and A
are self-adjoint in L*(v). In particular, for all functions f,g € A,

/AfngZ/ngdv= —/f’g’d%

The invariant distribution v is reversible: if Xy has distribution v, then for
every T > 0, the reversed process (XT*t)te[O 7] has the same distribution as

(Xt)tE[O,T]'

Proof. By definition of the Ornstein-Uhlenbeck semigroup,

/thgd'y =E[f(X)g(e "X +0,Y)],
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where X and Y are independent random variables with distribution ~. The
pair (X,e 'X 4+ 0,Y) is a centered Gaussian vector with covariance matrix

1 et
et 1 )°

We may therefore interchange f and g in the preceding identity, showing that
N, is self-adjoint in L?(v). Finally, integration by parts yields the formula in
the theorem. 0

Remark 25.6 (Simulation). The Ornstein-Uhlenbeck process has indepen-
dent Gaussian increments (which are not stationary). Simulating its paths is
particularly simple. Let (tn)n>0 be a strictly increasing sequence of nonneg-
ative real numbers with to := 0. The discrete-time process (Xy,),~, has the
same distribution as the autoregressive process (Zp)n>o defined by Zy = Xo
and

Zt — ei(t”L‘Fl*t‘”)Ztn + ]_ — 672(tn+17tn)5n

n+1
for every n = 1, where (an)n20 are i.9.d. real random variables with distri-
bution N(0,1), independent of Zy. This process is a discrete-time Markov
chain with state space R and invariant distribution N'(0,1). This observation
gives a way to simulate the paths of the Ornstein-Uhlenbeck process, illus-
trated in Figure 25.1. Conditionally on Zy, the random vector (Zy,...,Zy) is
Gaussian, and the Cholesky decomposition of its covariance matrix provides
another efficient way to simulate the process’s path.

The properties above show that the distribution of X; is absolutely con-
tinuous with a smooth density whenever ¢ > 0, regardless of Xj.

Theorem 25.7 (Evolution equation for the probability density). Let vy be
the distribution of X¢. For every vy and every t > 0, the law v¢ has a density
of class C* with respect to Lebesque measure. Moreover, if vy is absolutely
continuous with density vy with respect to the measure v, then so is vy, and
its density v, with respect to 7y solves the partial differential equation

dyvr(z) = Av(x).
Proof. If g is smooth, the symmetry property of N gives
Eg(X) = [ E(g(X0)|Xo0 = 2)un(a)1 (do)
— [ Neg(a)uo(a) (da)
~ [s@Ni(wo) @)1 (o).

By definition, v, = N;(vg). By definition of Ny, ¢t — Ny(vo)(z) is of class C™
(even if vg is not). Theorem 25.4 concludes the proof. O
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Remark 25.8 (Fokker-Planck PDE). A change of variables shows that the
density u; of the distribution of X; with respect to Lebesque measure solves
the following partial differential equation:

This partial differential equation is sometimes called the Fokker-Planck equa-
tion. It expresses the time evolution of a spatial density, as do Fuler’s equation
in fluid mechanics and the Boltzmann equation in the kinetic theory of gases.

25.2 Spectral decomposition and the Poincaré inequality

In this section, we study the action of the semigroup (Nt)t>0 on polynomials.
Polynomials form a dense subspace of L?(y). Indeed, let f € L?(y). The
Laplace transform of the signed measure v(dz) = f(z)vy(dz) is finite on R
since, for A € R, we have

‘/6)‘1 v(dx) : < /f2 d’y/e”‘x v(dx) < +oo.

The Laplace transform of v is therefore analytic in a neighborhood of 0. If f
is orthogonal to all polynomials, every derivative of this transform vanishes
at 0, and hence the transform itself vanishes. This implies that f vanishes -
almost surely. We can therefore find an orthonormal basis of L?(y) consisting
of polynomials. Theorem 21.7 is useful here.

The Hermite polynomials (Hn)n20 are defined by their generating series:

o0

sz—1g? s"
G(s,x) =e*"72° = Z HHn(x),

n=0
that is, H,(z) = 07 G(0, z). We have
Ho(x) =1, Hi(z)==, Hy(z)=2%-1, etc.

They satisfy the three-term recurrence relation

Hy1(z) = aH, () — nH, 1 (2),
the differential recurrence relation

H! () =nH,_1(z),

and the differential equation

H(z) — zH] (z) + nHy(x) = 0.

The recurrence relation and the facts that Hy = 1 and H;(x) = = imply that
the leading coefficient of H,, equals 1 for every n > 0.

Hermite polynomials are orthogonal for the standard Gaussian distribution
~ and diagonalize the operators N; and A of the Ornstein-Uhlenbeck process.
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Theorem 25.9 (Hermite polynomials and the Ornstein-Uhlenbeck process).
The sequence (Hn/\/a)n%) is an orthonormal basis of L*(v). Moreover, for
every integer n = 0 and every real t > 0, the polynomial H, is an eigenvector
of Ny (respectively A) associated with the eigenvalue e™™ (respectively —n ).

Proof. Fix s,t € R. Apply N; to the function z — G(s,x):
Ny(G(s,"))(z) = exp(se” 'z — 5% /2)E[exp(so,Y)]

where Y has distribution . The Laplace transform of Y equals

E(exp(A\Y)) = exp(%)\Q)
hence
Ni(G(s,))(z) = G(se™t, 2).

By definition of the Hermite polynomials, we obtain

Ni(Hn)(x) = Ne(07G(0,-))(x) = 07 Ne(G(s,-))(2)s=0
= G;IG(se_t,x)‘szo =e MG (se” T)|s=0 = e " H,(x).

The Hermite polynomial H,, is therefore an eigenvector of N; with eigenvalue
e~™. Applying Theorem 25.4 to the function H,, shows that H,, is an eigen-
vector of A associated with eigenvalue —n. Symmetry of N; with respect to ~y
ensures that, for all integers m and n and every ¢t > 0,

e~ mt /HmHn dy = /Nt(Hm)Hn dvy = /HmNt(Hn)d’y: e Nt /HmHn dry.

In particular, H,, and H,, are orthogonal in L?(v) whenever n # m. Finally,
to see that (Hn/\/m)n>0 is indeed an orthonormal basis of L?(v), we may use
Plancherel’s formula

X 2n
s 2 sx

> M) =[Gl a(d) = exp(—) [ (a)
n=0

) & 82n

= exp(s’) = Z N
n=0 :
which yields the value of ||Hn||iz(,y) = n! by identifying the two series. O

Theorem 25.9 gives the decomposition of N;f in the orthonormal basis of
Hermite polynomials from that of f, and in particular provides an estimate
for convergence of N;(f) to a constant function in L?(v).

Theorem 25.10 (Spectral decomposition and convergence in L?(7y)). For
every f € L*(v), if
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f= Z apnH, ot a,= /an dy avec Zn!afl < 400,
n=0 n

then, for everyt > 0,

N, f = Z e "a, H,.

n>=0

Moreover, for every f € L?(v), the following exponential convergence holds:

| Ne.f —’Y(f)”Lz(a,) < 6_tHf—7(f)||L2(»y) o (f)= /fd%

Proof. The first part follows from Theorem 25.9. For the second part, first
observe that Hy(x) = 1. Next, for every ¢t > 0, since « is the invariant measure

(N s,
B wom [1in— [

N =1y = [[(N0F = a0)? = 3 a2~

n>1

<e 2N a2l = e f — ()72

n>1

Thus, for every ¢t > 0,

O

Remark 25.11 (Mind the gap!). The exponential convergence rate (equal to
1) in Theorem 25.10 corresponds to the gap between the first two eigenvalues
of A, namely 0 and —1. This property extends to every reversible Markov
process whose infinitesimal generator has the spectral gap property: 0 is a
simple eigenvalue isolated from the rest of the spectrum.

Remark 25.12 (Conservation laws and convergence rate). The semigroup
preserves the spectral decomposition. If f L Vect{Hy,...,Hy_1} in L3(y),
then Ny(f) L Vect{Hy,...,Hi_1} for every t > 0 and

I8 = A(Dlly <€ = APl 01 (D= [Fa

A probability measure p on R is said to satisfy a Poincaré inequality with
constant ¢ > 0 if, for every compactly supported function f : R — R of class

cl,
Var,(f) == /deu— (/fdu)2 < c/f’Qdu-

The optimal constant ¢ is the smallest possible constant. Note that

Var,(f) = |f = Eu(£)1 32
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Corollary 25.13 (Poincaré inequality). The Gaussian measure v satisfies a
Poincaré inequality with optimal constant 1: for every function f from R to
R of class C* with compact support,

Var, (f) < / 2 dv.

Proof. For every t > 0, we have

) = Var, (Nif) = [Nef = (1)) = [P~ ( | fd’v>27

where the second equality follows by invariance. Theorem 25.10 gives the
inequality a(t) < e 2!a(0). Theorem 25.5 (symmetry and reversibility) gives

a’(t) = /2NthtNtf d’7 = -2 ‘/(]\/vtf)/2 d’}/

The function t € Ry — e 2'a(0) — a(t) is nonnegative and vanishes at zero.
Its right derivative at zero is therefore nonnegative:

d 2t
< = _
0< 2| (™a(0) ~a(t))
= —2a(0) — 2/]"’2 dry
= —2Var,(f) — 2/f’2 dy.
The Poincaré inequality with constant 1 is thus established. Optimality of the
constant can be checked on the eigenfunction f(x) = H;(z) = x. Note that,

conversely, the exponential convergence a(t) < e ?!a(0) of Theorem 25.10
follows from this Poincaré inequality by writing

a(t)=-2 /(N,gf)’2 dy < —2Var(N;) = —2a(t).

Finally, we give an alternative proof of the Poincaré inequality. Let ¢ > 0
and let f be smooth. Define the function 3 on [0, ¢] by setting

B(s) = No(W(Ny—f)) o W(x) =a?.
Below, we write g = N;_f. Observe that
B(t) = B(0) = Ne(¥(f)) — ¥(Nef) = Vary, () (f)-

Moreover, by Theorem 25.4, a calculation gives

B'(s) = N:(A(¥(g)) — Ag¥'(g))-
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A direct calculation shows that

A (g)) — Ag¥'(g) =" (9)g"* = 29"

Hence
B'(s) = 2N, ((Ne—sf)").

By Mehler’s formula, the semigroup satisfies the commutation relation
(Nef) = e " No(f'),
yielding the following expression for 5'(s):
B'(s) = 22N (Ne—s (£2)).
Jensen’s (or Cauchy-Schwarz’s) inequality ensures that
(Ne|£)? < Ne ().
Thus, using the semigroup identity, we obtain the following upper bound:
B'(s) < 229N, ().

Integrating between 0 and t ensures that, for every t > 0 and every x € R,
the probability measure N;(-)(z) = N(ze™!,1 — e~?) satisfies a Poincaré
inequality with constant (1 — e~2!)/2. To conclude, observe that if v satisfies
a Poincaré inequality with constant ¢, then the image measure of v under
x +— ax + b satisfies a Poincaré inequality with constant a?c. O

25.3 Entropy, coupling, and long-time behavior

We now study convergence of the distribution of X; to its invariant distribu-
tion as t — 400 in terms of relative entropy and Wasserstein distance. Let u
and po be probability measures on R. The relative entropy of p; with respect
to py is defined by?

d/Ll (dﬂl ) .
—log | — ) d si < o,
Ent(u1 | p2) = dpis g djis H2 M1 < M2

+oo sinon.

Although it is not a distance, it is nonnegative and vanishes if and only if
= v (this follows from Jensen’s inequality for the strictly convex function
x € Ry — wulog(u) with 0log(0) = 0). The Wasserstein distance of order 2
between p; and puo is given by

2 In physics, Ent(u | ~) is a free energy if 4 and v are Gibbs measures.
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Wa (1, p2) = Xilifm E(\Xl - X2|2),

Xor~vpo

where the infimum runs over pairs (X, X5) of random variables whose
marginal distributions are pq and ps. Wasserstein distances of all orders are
defined in Chapter 17. These two quantities, Ent(uy | pe) and Wa(u | u2),
have explicit expressions when p; and pe are Gaussian measures.

Theorem 25.14 (Distances between Gaussian distributions). If pu; =
N(my,01) and pa = N (ma,02) on R, then

Wa(p1, p2)? = (m1 —ma)? + (01 — 02)%.

Moreover, if o1 > 0 and o2 > 0, then

O’% — 0% + (ml - m2)2

02
Ent =1 —
nt(py | p2) = log <01> + 202

Proof. Begin with the Wasserstein distance formula. Let (X7, X3) be a pair
of real random variables such that X; ~ u; = N(m;,0?) for i = 1,2. We have

E(|X; — Xo|?) = B(X2) + B(X2)? — 2B(X, X>)
= (m1 — m2)2 + O'f + O'% — QCOV(X17X2).

This formula depends only on the mean and covariance matrix of the random
vector (X1, X2). We have

Wa(p1, p2)? = (m1 — ma)* + o1 + 03 — 2sup Cia
ceC
where C denotes the set of covariance matrices 2 x 2 whose diagonal is pre-
scribed by C11 = 0f and Cay = 03. Since the set of covariance matrices coin-
cides with the set of symmetric matrices having nonnegative spectrum, mem-
bership in C' amounts to the additional constraint det(C) = o%03 — C%, > 0,
hence C15 = 0109, yielding the result.
For the entropy formula, write

()

:10g<02> 1+J%+m%—2m1m2+m§
o1

2 203
O'% — O'% + (m1 — m2)2

2
2075
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Since the Ornstein-Uhlenbeck process is Gaussian, the preceding theorem
provides an explicit expression for the distance between the two distributions
at time ¢ starting from two different Gaussian distributions. More precisely, for
all 71,25 and t > 0, using Theorem 25.14 with py = Ny(+)(z1) = N(z1e74,1—
e 2 and pg = Ny(+)(w2) = N(z2e7t, 1 — e72t) yields

Wa(Ni(-) (1), Ne(-)(22))* = e (21 — 22)> N\, O

t—o00

and 0 )
e (x1 — x2) < 0

2(]- - eizt) t—00 '
These results extend to more general initial distributions. The Wasserstein
distance case is simple; the entropy case is treated in the next section.

Ent(Ny(-)(z1), Ne(+)(z2)) =

Theorem 25.15 (Convergence in Wasserstein distance). If uo and pg are
probability measures with finite moment of order 2, and if u; (respectively
wy) is the distribution of X; (respectively X[) when Xo ~ po (respectively
Xy ~ i), then for every t > 0,

Wo (e, ) < e Wa(po, o)
In particular, if u, =, then for every t > 0,
Wa (e, y) < e "Wa(po, 7).

Proof. Let (X, X{) be a coupling of the distributions po and pug, independent
of the Brownian motion (Bt),,. Construct two processes (X¢),>, and (X3),5,
starting respectively from X, and X) and driven by the same Brownian motion
B. We say that the processes are coupled. Then

t
Xt—Xt’:XO—X(’)—/(XS—X;)ds.
0

We deduce that
X, — X = e X0 — Xp[°

By definition of Wa(us, p}), we obtain
Walue, i) < e (10 — X4°).

It remains to take the infimum over all couplings of 1o and py). O

25.4 The logarithmic Sobolev inequality

A probability measure p on R is said to satisfy a logarithmic Sobolev inequal-
ity with constant ¢ > 0 if, for every nonnegative compactly supported function
f:R — R of class C!,
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But, () i= [ Flog()du— [ duog (/fdu> <C/J;2du.

The optimal constant ¢ is the smallest possible constant. Note that

f
E.(f)

Theorem 25.16 (Gaussian logarithmic Sobolev inequality). Standard Gaus-
sian measure 7y satisfies a logarithmic Sobolev inequality with optimal constant
1/2.

E,(f)Ent,(f) =Ent(v|p) ou dv=

dp.

Proof. Proceed as in the second proof of the Poincaré inequality in Corollary
25.13. Let t > 0 and let f be smooth. Define 8 : [0,¢] = R by

B(s) = Ny(D(Ni—sf)) ou &(z) = xlog(z).
Below, we write g = N;_sf. Observe that

B(t) = B(0) = Ni(@(f)) — 2(Ni.f) = Enty, (. (f)-

Moreover, by Theorem 25.4, a calculation gives
B'(s) = Ns(A(2(g)) — Ag®'(9))-

A direct calculation shows that

12

A(®(g)) — Agd'(g9) = " (9)g" = T

Hence o f)’2
5/(8)_%( Nt >

By Mehler’s formula, the semigroup satisfies the commutation relation
(Nef)' = e "Ne(f"),

yielding the following expression for 8’(s):

B(s) = e 29N, <<ij-\2(_|§|)>2).

Schwarz’s inequality ensures that

(Nl D)2 = [Nt<|\J/c;7|\/?>r < Nt(jr;)]\ft(f).

Thus, using the semigroup identity, we obtain the following upper bound:
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B/(S) < e—2(t—s)Nt (];2)

Integrating between 0 and t ensures that, for every ¢ > 0 and every z € R,
the probability measure N;(-)(z) = N(xze™!, 1 — e~?) satisfies a logarithmic
Sobolev inequality with constant (1 — e~2%)/2. To conclude, observe that if
v satisfies a logarithmic Sobolev inequality with constant ¢, then the image
measure of v under x — ax + b satisfies a logarithmic Sobolev inequality
with constant a?c. Finally, the functions = ~ e** achieve equality in the
logarithmic Sobolev inequality: the constant 1/2 is optimal. a

Remark 25.17 (Alternative proof). Here is a unified alternative proof of the
Poincaré inequality in Corollary 25.18 and the logarithmic Sobolev inequality
in Theorem 25.16. It uses the remarkable converity of the function (u,v) —
V(u,v) = " (u)v?, with ®(u) = u? for the Poincaré inequality and ®(u) =

)

ulog(u) for the logarithmic Sobolev inequality.
td
Ni(B(f)) — B(N,f) = /0 75 Vs (P(Ni—s f)) ds
= [ MA@ 1) = AN (@ (N ) ds
t
- /0 No(@"(Ni—s f)(Ni—s f)') ds
t
- /0 BN (Niy ) (Nio(£))2) ds
= /0 672SN3(W(Nt—sf7 Nt—s(f/)) ds
t
< [ e BN ) ds
0
— / —2s d
(s p) [ e as

= NS ).

Finally, here is yet another proof, whose interchanges require justification:
oty —a( [1ar) =~ [ (jim @) - o)
td
= _/(tliglo/o £Q5(st) ds) dry
t
= _/<lim / @'(st)NsAfds> dry
t— o0 0

t
= — lim (/@’(st)NsAf dv) ds
0

t—o0
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t
= lim /0 ( / @”(st)(st)'2(£7> ds

t

i [ ([N 0 ds

t—o0 0

i [ o2 ( / DN f, No(f) dv) ds
0

t—o0

lim Ote—% ([~ )

N

t—o0

(tgrgo / - ds) [

—; [ws.rran

2

In both cases, we used Jensen’s inequality for the probability measure Ny and
the convex function V.

Remark 25.18 (The L? form of the logarithmic Sobolev inequality). Some-
times the logarithmic Sobolev inequality is preferably defined in L? form: for
every smooth function f,

/f2 1og(f2)du—/f2 dplog (/ﬂ du) < 4c/f’2 dp.

The logarithmic Sobolev inequality in Theorem 25.16 yields an exponential
rate of convergence for the relative entropy of the distribution of X; with
respect to the invariant distribution ~.

Theorem 25.19 (Exponential convergence of entropy). Suppose the distri-
bution po of Xo has finite relative entropy with respect to v. Then, writing
we for the distribution of Xy, the function t € Ry — Ent(us |vy) is decreasing
and, for everyt > 0,

Ent(u; [7) < e *Ent(uo | 7).

Conversely, as for the Poincaré inequality (proof of Corollary 25.13), the
logarithmic Sobolev inequality follows from exponential convergence of rela-
tive entropy by considering the derivative at ¢ = 0 of the difference between
the two sides.

Proof. Write v; for the density of u; with respect to . Then

Ent(u |v) = /vt log(vy)dy.

By Theorems 25.7 and 25.5,

d
pn vt log(vy)dy = /(')tvt(l + log(vy))dy
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— [Au(1 + 1og(w)ar
- / v A(1 + log(v,))dy.

For every smooth function g, a direct calculation shows that

Ag gl2
A(l +log(g)) = —= — =
( (9)) Fai

By the invariance property of v, we have / Agdy = 0. Hence

d o (8wvt)2
%Ent(ﬂt|’7)__/ m dr,

proving that ¢t — Ent(uy | ) is decreasing. Moreover, the logarithmic Sobolev
inequality applied to the function v; ensures that

d
77 Ent(pe [7) < —2Ent(pe [ 7).

Grénwall’s lemma?® finally yields the desired relation. a

Remark 25.20 (Smoothing effect). Theorem 25.7 ensures that even if the
distribution of Xo has no density, the distribution of X; always has one when-
ever t > 0. We can therefore apply Theorem 25.19 between times ty > 0 and
t to obtain exponential convergence of relative entropy to 0.

25.5 Further reading

Everything concerning the Ornstein-Uhlenbeck process can be found in the
first pages of Dominique Bakry’s lecture notes [Bak94]. The expression for
the Wasserstein distance between two Gaussian measures in Theorem 25.14
is established, in particular, in an article [GS84] by Clark Givens and Rae
Shortt.

The Ornstein-Uhlenbeck process is the celebrated representative of an im-
portant class of stochastic processes: Kolmogorov diffusions. Let U be a real-
valued function on R? of class C? and (Bt);>o a standard Brownian motion
with values in R%. The following stochastic differential equation is called the

Langevin equation:
dX, = \/2dB; — VU(X,)dL.

31f t € [a,b] — a(t) € Ry is a continuous differentiable function on ]a,b[, if
t € [a,b] — B(t) € Ry is continuous, and if o/(t) < B(t)a(t) for every t €]a, b,
(

then a(t) < a(a) exp (fatﬁ(s) ds) for every t € [a, b].
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The solution (X¢),, of this stochastic differential equation is called the Kol-
mogorov diffusion process associated with the potential U. Like the Ornstein-
Uhlenbeck process, it is a Markov process. The integral version of the stochas-
tic differential equation is

t
X, = Xo+ V2B, — / VU(X,) ds.
0

Its infinitesimal generator L is given, for a function f of class C?, by
Lf=Af—(VUV/).

If e~V is integrable, then the probability measure

w(dz) = %e*U(w) de avec Z = /e*U(‘T) dz,
is the invariant distribution associated with X. The operator L is even self-
adjoint in L?(u). The spectral decomposition of the associated semigroup is
not explicit beyond the Gaussian case, but analogues of Theorems 25.10 or
25.19 can still be obtained by comparison with the Gaussian case. For example,
one can show that if there exists A > 0 such that

Vo € RY, HessU(z) > M,

which means that p has a log-concave density with respect to the centered
Gaussian probability measure with covariance A~'I;, then for every ¢ > 0,

Ent(p [ 1) < e Ent(uo | 1)

where p; is the distribution of X;. This is a special case of the I criterion
established by Dominique Bakry and Michel Emery [BE85]. Kolmogorov pro-
cesses are studied in detail in the books by Gilles Royer [Roy99], by Dominique
Bakry, Ivan Gentil, and Michel Ledoux [BGL14], and in the collective volume
[ABCT00].

Theorem 25.14 extends to the multivariate case. More precisely, if u; =
Na(my, 21) and pg = Ny(ma, Xo) on R4, then

Wa (1, p2)? = [[my — ma|3 + Te(Z1 + Zp — 2(21° 2,2/ )1/2).

When Y, and Y commute, the last term in the formula above reduces to
H‘/El — 22“?_187 closely resembling the formula in dimension 1. Moreover, if
the covariance matrices X1 and Yy are invertible, then

1 det X
Bt ) = §(k’g (det Ei)

FTE(Z71 ) — d+ (my — me)T Xy (my — mQ)).
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Kinetic diffusion models

Keywords. Diffusion; Brownian motion; kinetic equation; partial differential
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Difficulty. ***

26.1 Langevin model

Consider a dust particle in a fluid such as water. The particle is enormous
compared with the fluid molecules. Its size is on a macroscopic scale: its move-
ments can be observed, at least with a good magnifying glass, and measured.
The molecules making up the fluid are far too small, and above all far too nu-
merous, to be observed individually. They lie on a microscopic scale. At every
instant, countless collisions occur between the particle and the surrounding
molecules. On average, these collisions are distributed uniformly over the par-
ticle’s surface. At any given instant, however, deviations from this uniform
distribution may occur. We seek a model for the evolution of the particle’s
position/velocity pair (X, Vi) at time ¢t derived from Newton’s second law.
The forces acting on the particle are:

o the particle’s weight;

e buoyancy;

« friction opposing the particle’s motion;

e the resultant force from collisions with water molecules.

The particle’s weight and buoyancy balance, and we neglect their resultant by
considering only horizontal motion. We assume that the magnitude of the fric-
tion force is proportional to the particle’s velocity. It is therefore —A\V;, since
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it opposes motion. Modelling the effect of collisions with water molecules re-
quires a little more care. Between times t and ¢ 4+ «, with «a large on the
microscopic time scale, the particle undergoes Na collisions, where N, the
number of collisions per unit time, is assumed very large. We adopt a “sta-
tistical” or “stochastic” approach and model the collisions by independent,
identically distributed centred random variables (e;) i>1 With variance 72. Set
02 = N712. The force exerted during the time interval « is

Na 1 Na
E Eiz\/0'20472 E Ei .
i=1 VTeNa =

Y

If Na is large, the central limit theorem suggests that the distribution of Y
is close to a standard Gaussian. Moreover, the random forces exerted over
disjoint time intervals arise from different water molecules, since they move
much less than the particle. We may therefore assume them independent.
It thus seems natural to model the collisions by a process with independent
stationary increments, whose increment between times ¢ and ¢ + « is centred
Gaussian with variance o2a. This process is Brownian motion (0Bt);s0- Here
we recover the idea of Donsker’s theorem (see Theorem 27.6). Since velocity
is the derivative of position, we obtain the system:

dX; =V, dt

dVy = = AV dt + odB;.
This is called a kinetic equation because it involves the particle’s position
and velocity simultaneously. Throughout this chapter, (Zt)t>0 denotes the
full process defined by Z; = (X, V;) for t > 0.

Theorem 26.1 (Langevin process). Conditionally on the event {(Xo, Vo) =
(z0,v0)}, the process (Zt),s is a Gaussian process such that

1— ef)\t
E(Xt) = T —+ )\ Vo
2 2
Cov(Xy, X,) = UA—; + 2% (—2 T D e e e*W“)).

In particular, the variance of X; is given by

2 2
o“t ag Y —92\
Var(Xt):erﬁ(f?mLéle tfe 2 t).
The evolution of velocity does not depend on position.

Proof. The process (Vt)t>0 is an Ornstein-Uhlenbeck process, studied in Chap-

ter 25. The process (V;),5 is therefore Gaussian, with mean E(V;) = e Mg

and covariance
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2
Cov(V;, Vs) = %\(e—k\t—s\ _ e‘*(t“)),

The process X is Gaussian because it is the image of V under a linear map:
thxo—&—fgvsds. O

Remark 26.2 (Orders of magnitude). The constant 1/X, which has the di-
mension of time, is called the relaxation time. In practice it is of the order
of 1078 seconds. This suggests that the process (Xt)t>0 cannot in practice be

distinguished from a Brownian motion with variance o2 /\2.

26.2 Confined Langevin process

We now slightly modify the model of the preceding section. We add a force
—px arising from the potential energy x — % pz?. The evolution of the veloc-
ity /position pair is then given by the following system:

dX; =V, dt

dVy = =AVidt — p X, dt + odBy.

We call Z = (X, V) a confined Langevin process!. The system can be rewritten
in the following matrix form:

t
o (01 A
thZo+/OMsts+th oil M<_M_)\> et Wt<Bt>.

The solution of this linear equation has the form

t
Z, = eM 7, + a/ =M gy
0

Lemma 26.3 (Distribution at time t). If (Xo,Vp) is a Gaussian vector, so
is (X, Vi) for every t = 0. Moreover, if we write, fort > 0,

o =B(Xy), v=EWV,), a =EX?), b =BEXV;) et ¢ =TEV?).
then

(:Et)t>07 (Ut)tgov (at)t>o» (bt)t>oa et (Ct)t>0

solve the linear differential equations:

0
d T B T d at B a
dt(l}t>_M(’Ut> et a bt =N bt + 02

where
0 2 0
0 1
M_(H/\> et N=|—-pu —-X 1

1 Also called a damped Langevin process.
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Proof. This follows immediately from It6’s formula. O

tM

Remark 26.4 (Explicit formulas). The matriz '™ can be written explicitly:

o if A2 > 4u, then, writing w = /A2 —4u, a1 = (=X + w)/2 and oy =

(A —w)/2,
etM = e (a1 1 + e (az —1 .
w —U Qo w po—ar)’

o if A2 =4y, then

oM _ -atj2 (L=AE/2 .
=A%t/4 1+ Mt)2)°

o if A2 —4p <0, then, writing w = \/u — \2/4,

M — A/ (COS(wt) 4 2ein(t) sin(wt) )

w
psin(wt) A sin(wt)
o €os (w{;) T T 2w

An explicit expression for et is much more cumbersome to obtain. However,

all the eigenvalues of N have strictly negative real parts.

The linear differential equations in Lemma 26.3 are easy to solve numeri-
cally (see Figure 26.1).

Lemma 26.5 (Density of the distribution at every time). For every initial
distribution and every time t > 0, the distribution of the confined Langevin
process (X, Vi) has a strictly positive density on R2.

Proof. Tt suffices to prove the result when the initial distribution is a Dirac
mass at a point (x,v); the general case follows by conditioning on the initial
value. If the initial distribution is a Dirac mass, the pair (X, V;) is a Gaussian
vector. Its distribution therefore has a strictly positive density on R? if and
only if the determinant of its covariance matrix is strictly positive. For sim-
plicity, assume (Xo, V) = (0,0). The determinant of the covariance matrix is
then given by dy = a;c; — b% in the notation of Lemma 26.3. Thus

d, = —2X(ayc; — b?) + 0a; = —2X\dy + 0ay.
Since dy = ag = 0, the derivative of ¢t — d; is zero at 0. Iterating gives
d} = —2\d, + 20,
A = —22d) + 202 (—pay — Aby + ¢;)
diV = —2xd® + 207 (Apay + (A? = 4p)b, — 3Xey) + 20,
In particular, the first three derivatives of ¢ — d; vanish at 0 and dg4) =

20*. Thus the determinant becomes strictly positive for ¢ > 0 if it vanishes
initially. O
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Fig. 26.1. Evolution of the mean vector (z¢,v:) (top) and covariance (a¢, b, ct)
(bottom) for 0 =1, A =1 and p = 10.

Remark 26.6 (Hypoellipticity). In the proof of Lemma 26.5, we have

4
20% 4

dy ~ —
t o 4!

For a diffusion on R? with nondegenerate Brownian noise, the determinant
would be of order t2. This difference arises because only the velocity compo-
nent is perturbed by Brownian motion. However, the subtle structure of the
drift coefficient in the equation of the confined Langevin process ensures that
this noise propagates to both components and that the distribution of the pair
(Xt, V) has a density as soon ast > 0. This is a special case of hypoellipticity,
studied in a general setting notably by Héormander and later Malliavin.

Figure 26.2 illustrates the emergence of a density when the initial distribu-
tion is a Dirac measure on R?, through the time evolution of the determinant
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of the covariance matrix. In particular, it converges to that of the invariant

distribution, which is o*/(4\2p).

Fig. 26.2. Time evolution of the determinant of the covariance matrix starting from
(z0,v0, a0, bo, co) = (0,0,1,1,1) (top) and (0,0,0,0,0) (bottom) when c =1, A =1

and p = 10.
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26.3 Long-time behaviour of the confined process

As for the Ornstein-Uhlenbeck process, we associate with the confined
Langevin process Z = (X, V) a semigroup (Q¢);>, given for ¢t > 0, z € R?
and smooth f by

Quf(2) = E(f(Zt)|Zo = 2).

Lemma 26.7 (Infinitesimal generator). If f is a compactly supported function
of class C* on R?, then for everyt >0 and z € R?,

0Q1f(2) = Qu(Af)(2)
where, writing z = (x,v),

2
Af(a,v) = - Vol (,0) = (12 + Xv) - Vo (@,0) + A f(@,0).
Proof. Apply Itd’s formula to f with Zy = z:

F(Z) = f(2) + /O Af(Z.)ds + M,

where (My), is a martingale. Thus,

lim 762”[(2) — f2) = Af(z).
t—0 t
The Markov property gives the relation at every time ¢ > 0. a

Theorem 26.8 (Invariant distribution). The product Gaussian probability

measure 9 9
g g

is the invariant distribution of the process (X, V). For every compactly sup-
ported function f of class C?, it satisfies

/Afdw = 0.

Proof. Since (X,V) is a Gaussian process, every invariant distribution is
Gaussian. Moreover, the point o2 /(2Au)(0,0,1,0, ) is the unique fixed point
of the differential equations in Lemma 26.3. Finally, note that

o2

(‘Tta U, G, bta Ct) m @(07 07 17 07 /u’)
for all finite initial conditions, since the real parts of the eigenvalues of M and
N are strictly positive. a
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Remark 26.9 (Irreversibility). Unlike the Ornstein-Uhlenbeck case, one can
check that the generator A of the process is not self-adjoint in L*(w). In other
words, the semigroup (Qt)t>0 is not reversible with respect to its invariant
distribution .

Below we seek to quantify convergence of the distribution of X; to the
invariant distribution 7 as ¢ tends to +oo, in terms of Wasserstein distance or
relative entropy as was done for the Ornstein-Uhlenbeck process in Chapter 25.

The explicit formula for the distance W5 between two Gaussian distribu-
tions given in Section 25.5 (a multivariate version of that in Theorem 25.14)
allows us to estimate the Wasserstein distance between the distribution of
(X, Vi) and the invariant distribution when the initial distribution is Gaus-
sian. Figure 26.3 shows the evolution of the relative entropy and squared
Wasserstein distance of the distribution at time ¢ with respect to the invariant
distribution 7. Figure 26.3 suggests that the relative entropy of the distribu-
tion at time ¢ with respect to the invariant distribution decreases in stages.
Unlike relative entropy, the distance Wy is not at all a decreasing function of
time!

Theorem 26.10 (Entropy decay). If m; is the distribution of (X, V;) and hy
1s its density with respect to the measure m, then

d Vohe|?

%Ent(mhr) = - % drm.

Proof. To simplify the calculations, assume without loss of generality that o
equals v/2. By Lemma 26.5, the distribution 7; of (X;,V;) has a density wu;
with respect to Lebesgue measure. It solves the following partial differential
equation (the kinetic Fokker-Planck equation)

Oug + v - Vauy — px - Vyur = Ayug + Vo - (Avuy),

which can be obtained from the infinitesimal generator (Lemma 26.7) by in-
tegration by parts. The structure of this equation is interesting: the left-hand
side is conservative and describes the paths of a dynamical system in R?
associated with the Hamiltonian

Pl

2 )
while the right-hand side is dissipative but acts only on the velocity vari-
able. Write hy(z,v) = ug(x,v)/7(x,v), where, with a slight abuse of notation,
m(x,v) denotes the density of the invariant distribution 7 at (z,v) given by

Theorem 26.8. One checks that the function A then solves the following partial
differential equation (PDE):

2
(x,v)Hu%—F)\

Othy +v - Vihe — px - Vohe = Ayhy — Av - Vyhy.

The variation of relative entropy is given by
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4.5 5.0

50

345

Fig. 26.3. Comparison of the evolution of relative entropy and Wasserstein distance
of order 2 between the distribution at time ¢ and the invariant distribution, o = 1,
A =1, p=10, (x0,v0,a0,bo,co) = (1,0,0,0,0) (top) and p = 60 (bottom).
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%Ent(mhr) = %/ht ].Og(ht)d’ﬂ' = /815]745(1 + log(ht)) dm.

The expression for 7 in Theorem 26.8 and integration by parts

- /(v - Vghe)(1 +log(hy)) dm = — /v - Vg (helog(hy)) dm

= —A\u /(x -v)hy log(hy) dm

s Fuh 1+ dog()) dm = [ 9t oghe))

'EF )\,u/(x - v)hi log(hy)dm

/(Avht)(l +log(hy)) dr = _/wdﬁ
t
A /(1 + IOg(ht))Vvht ~vdm

give the claimed result. a

Obtaining explicit bounds for exponential convergence of relative entropy
requires much more work than for the Ornstein-Uhlenbeck process studied in
Chapter 25. A convergence result for Wasserstein distance of order 2 is easier
to obtain, even though this quantity is not a decreasing function of time.

Theorem 26.11 (Convergence in Wasserstein distance). Let vy and v, be two
probability measures on R? with finite moments of order 2. Write vy (respec-
tively v;) for the distribution of Z; when Zy has distribution vy (respectively
v,). Then there exist constants ¢ and d such that

Wa(ve, vp) < (c+ dt)e P Wa(vo, 1),
with
A=/ A2 -4
p:% el d=0 si)> 2,
A
p=75 si A< 2/p.

Proof. We use coupling. Let (Zy, Z|) be a coupling of the distributions v and
v, independent of the Brownian motion (Bt),,. Write

Z = (Xtth)t;o et Z':= (X, Vt/)tyo

for the confined Langevin processes starting from Zy and Z{, respectively, and
driven by the same Brownian motion (By),,. Write

Zt = Zt — Zt/
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By linearity of the stochastic differential equation, the function ¢ +— z; depends
on (Zo, Zj) but not on (Bt),. Indeed, it solves the differential equation

d
%Zt = Mz avec M = ( 0 1)\>.
20 = Zo — Z} hT

tMy. The eigenvalues of the matrix M are given by:

)\i A A — A2

sio A=2/u et —yEIT—— si A <2y/p.

Thus 2z, = €

AR VA —dp
2

A Dunford decomposition of M ensures that there exist two constants ¢ and
d such that for every t > 0

2] < (c+ dt)e™ |zl
where —p is the largest real part among the eigenvalues of M. In particular,
W (i, v1)? < E(\Zt - zg|2) <(c+ dt)ze’th]E<|Zo - 23\2).
Taking the infimum over all couplings of vy and 1) concludes the proof:

inf E(|Zo — Z|°) = Wa(vo, ).
(Zf)!Zé)
Z(/)Nl/(/]
Zy~vy

26.4 Further reading

In 1828, a botanist named Robert Brown? reported his observations: a pollen
particle, visible under a microscope and immersed in water, contains grains
whose movements are both rapid and irregular. The explanation that gradu-
ally became accepted was that the motion arose from collisions between the
pollen particle and water molecules. Albert Einstein’s work in 1905 is often
presented as the first mathematical steps towards what would become the
theory of Brownian motion, developed notably by Norbert Wiener® and Paul
Lévy. However, shortly before Einstein’s work, and in a very different context,
Louis Bachelier had already obtained the distribution of Brownian motion in
1900 in his thesis “Théorie de la spéculation”, which had little impact at the
time. We also mention Marian Smoluchowski’s work, contemporary with Ein-
stein’s. The model studied in this chapter was introduced by Paul Langevin

2 Remembered for this discovery, which was incidental to his work.
3 1t is also called the Wiener process.



348 26 Kinetic diffusion models

and refined by Leonard Ornstein and George Uhlenbeck in the 1930s. Edward
Nelson’s book [Nel67] presents the modelling approach at the start of this
chapter, historical perspectives and mathematical extensions.

The Langevin process can be generalised beyond the comfortable world
of Gaussian processes by considering the solution of the following stochastic
differential equation:

dX, = Vidt
AV, = —\V,dt — VU(X,)dt + odB,,

where the function U acts as a confining potential (think of a convex func-
tion). In this case, the invariant distribution is a product of two measures on
the position and velocity spaces. When Brownian motion acts on all coordi-
nates, the diffusion process is called nondegenerate; the Kolmogorov partial
differential equation describing the evolution of its distribution at time ¢ is
called elliptic and has a solution of class C*°. However, many evolution equa-
tions, such as kinetic equations describing a particle’s velocity and position,
fall outside this framework. In [H6r67], Lars Hérmander classifies degenerate
diffusions whose distribution at time ¢ is absolutely continuous with a smooth
density.

Precise results on convergence to equilibrium for these processes are fairly
recent. Denis Talay’s article [Tal02] gives estimates for convergence of the
time-dependent density to the density of the invariant distribution in weighted
L? spaces. Cédric Villani’s work [Vil06, Vil09] offers another approach through
functional inequalities (Poincaré and logarithmic Sobolev inequalities) and
Lars Héormander’s theory of hypoellipticity.

The decay over time of relative entropy with respect to the invariant distri-
bution (Theorem 26.10) holds in general for Markov models and may become
very difficult to establish beyond this framework. For Ludwig Boltzmann’s
celebrated equation governing the evolution of the density of a gas of inter-
acting particles, this decay is known as the H-theorem and remains a subject
of study in mathematical physics. See Villani’s expository article [Vil08].
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From Markov chains to diffusion processes

Keywords. Convergence of processes; diffusion approximation; Euler scheme.

Tools. Martingale; stopping time; Ehrenfest chain; Wright-Fisher chain;
M/M/o0 queue; Yule process; Ornstein-Uhlenbeck process; Brownian motion.

Difficulty. ***

Process convergence results are very useful and fairly intuitive, but require
substantial mathematical machinery beyond the scope of this book. This chap-
ter presents a short overview, if not a catalog, of the connections summarized
in Figure 27.1 between processes with discrete or continuous state spaces and
discrete or continuous time. Some results are only partially proved or merely
stated, but the last section points to books for further study.

27.1 Laziness and sampling

Let P be a transition matrix on a finite state space F and I the identity
matrix on E. For every N > 1,
1 1 P-I
Py = (1 N)I+ NP71+ N

is a transition matrix. The chain (X2 Jnen associated with Py remains in
a state i € E for a geometrically distributed random time with parameter
(1—P(4,4))/N, then, if this probability is nonzero, jumps onto E\{i} according
to the probability measure proportional to (Pn (4, J)) ;e gy ;- We say that XN
for N > 2 is a lazy chain associated with P. A chain of this kind is studied
in Chapter 9 on the Ehrenfest model.

Set VN = X| ny for t € R4 The sequence of processes (YN)N>1 converges
to the continuous-time Markov process (Y;‘/)go on F with generator A =P —1
and semigroup (Pt)t>0. Convergence at a given time ¢ simply reads:
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Continuous Discrete space
space discrete continuous

laziness

Theorem 27.3

Section 27.4 Ex- : Continuous
emple 27.8 space continu-
ous time

Section 27.6

QUIOYOS Io[NG]

Continuous
space discrete
time

Fig. 27.1. Various connections between processes with discrete or continuous space
and time presented in this chapter.

P, =¢ = lim P = lim I+ — LN”.
N—o0 N N—o0 N

The Markov property extends this to all finite-dimensional distributions.
Conversely, if (Yt)tEIR+ is a continuous-time Markov chain on E with gen-

erator A, then
9
(Yn )nG]N = (Yrén)nelN

is a discrete-time Markov chain on F with transition matrix e’4, called the
sampled chain.

The Markov processes (X)), s (Ye)ier, » and (Y,2),cn are closely related:
their recurrence and transience properties coincide, and they have the same
invariant distributions. However, even if the chain (X}L)HG]N is periodic, this
is not the case for (¥3),cp, and G/té)tG]R_,.' Indeed, it is easy to show that if
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there exists n € IN such that P, (X} = x) > 0, then P, (Y; = x) > 0 for
every t € Ry and P, (Y, = 2) > 0 for every m € IN.

Remark 27.1 (From Bernoulli to Poisson). An increasingly lazy Bernoulli
process, suitably rescaled in time, converges to a Poisson process. This recov-
ers, in particular, the law of small numbers encountered in Chapter 1.

Remark 27.2 (Genealogy and laziness). In Chapter 13, the discrete-time
chain describing the number of generations one must go back to find the most
recent common ancestor in a population of size N converges, as N — oo, to
a continuous-time pure death process in a manner similar to convergence of
lazy chains.

27.2 Convergence of a chain to a diffusion

The purpose of this section is to state a theorem ensuring convergence in
distribution of a sequence of Markov chains, suitably rescaled in time and
space, to a diffusion process with explicit diffusion and drift coefficients.

Theorem 27.3 (Diffusion approximation). Let (Pn)ys, be a sequence of
transition kernels on R, and set

by(x) =N (y — 2)Pn(z,dy)

ly—z|<1
and
ay(x) =N (y — 2)°Pn(z,dy).
ly—z|<1
Suppose there exist two functions a and b with values in ]0,4+o00[ and R, re-
spectively, bounded and of class C', such that for all v > 0 and € > 0,
lim sup |by(z) —b(z)|=0, et lim sup |ay(z)—a(z)|=0
N—oc0 lz|<r N —o0 |z|<r
and
lim sup NPy(z,[z —¢,z +€]°) = 0.

N —o00 |z|<r

Let (YNV),cn be the Markov chain with transition kernel Py and (ZtN)teR+
the process defined by ZN = YLJX,H. If (YON)N>1 converges in distribution to
v, then, for every T > 0,

loi
(Z)ieo,m Nﬁo (Xt)ieqo,1

where (Xt)te[o 7] is a diffusion process with initial distribution v and genera-
tor A given by

Af(z) = Ja(a) " (@) + b(a) T (2),

for every compactly supported function f of class C?.



352 27 From Markov chains to diffusion processes

Proof idea. The semigroup (P),cp, associated with the infinitesimal gener-

ator A satisfies, for every function f from R to R of class C2 with compact
support and every t € R,

t
Ptf:f—i-/PSAfds.
0
For every N > 1, write Ay =Py — I. Let ¢t > 0. Then

L(N-1)t] L(N-1)t]

) 1 )
PRlf=f+ Y PNANf=f+5 D Py(NAN)S
i=0 =0

LN=Dt] (it1)/N
—f+ 3 / Py (NAN)/ ds.
i=0 JiN

We thus obtain, for every ¢t € Ry,
¢
PV — ot / PL (NAN)f ds.
0

Thus the family of probability measures (PILVN”) ter, s related to NAy as

t 1S 10 A. oreover, 1 1S OI Cclass W1 compact support,
P)ier, s to A M if f is of class C? with t t

NAyf(z)= N / (F(9) — F(@))P(z, dy)

1
=bn(2)f'(@) + gan (@) f"(z) + ONPy(z, [z = 1,z +1])).
The assumptions of the theorem ensure that NAy f converges to Af. It re-
mains to deduce convergence in distribution of the associated processes. This
step is beyond the scope of this book. Section 27.7 provides references for a
complete proof. O

Remark 27.4 (Nothing is simple). In practice, the Markov chain YN usually
takes values in a discrete and often finite subset I of R. Its transition kernel
Py is therefore not defined on all of R. One must then extend its definition
outside Iy in a somewhat artificial way.

Example 27.5 (Random walk and Brownian motion). Let S be the random
walk on Z. defined by
n
S,le = Z &
i=1

where (afv)i>1 is a sequence of i.i.d. random variables with distribution pndi+
(1 —pn)d_1. In this case,
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e ifpn =1/2, then (S’f\jf\,_J/\/ﬁ)]\]>1 converges in distribution to Brownian
motion starting from 0; -

e if pn = p # 1/2, then (S|n. /]\7)N>1 converges in distribution to the
deterministic process t — (2p — 1)t;

e ifpy =1/2+a/(2V/N), then (S|n.| /N)N>1 converges in distribution to
Brownian motion with drift a starting from 0.

The first case of the example below is an instance of Donsker’s theorem,
an analogue of the central limit theorem for distributions of processes.

Theorem 27.6 (Donsker’s invariance principle). Let (Yn)n>1 be a sequence
of i.i.d. centered random variables with variance 1. Write

L[

XN = Y, — (Nt — | Nt|)Y]
C S TN 2::1 e — ( [Nt])Y| Ntj+1

The sequence of processes (XN)N>1 converges in distribution to Brownian
=
motion.

Remark 27.7 (Linear interpolation). In Donsker’s theorem, the paths of
XN are constructed by linear interpolation between points whose time coor-
dinates are multiples of 1/N. This precaution allows us to view convergence
of (XtN)Ogth as convergence of a random variable with values in C([0,T])
equipped with the supremum norm and its Borel sigma-algebra.

Example 27.8 (Ehrenfest chain and Ornstein-Uhlenbeck process). For N >
1, let ZN be the Ehrenfest chain (see Chapter 9) with values in {0,..., N}
and transition matrix given by

i/N sij=1i—1,
P(zZN =j1ZY =i)=S1—i/N sij=i+1,
0 sinon.

Define the chain (YnN)n>0 with values in

EN:{4UQ¢N+W¢N:O<k<N}

by setting

zv 1
YN = VN[22 - 2.
Y= (5 -3)

Its transition kernel is given by

1 T 1 T

Py(z,-) = (2 + \/N>5m1/\/ﬁ(') + (2 - \/N>5x+1/¢ﬁ(')7

for x € En. After extending Py suitably to R, we obtain



354 27 From Markov chains to diffusion processes

RS WP | M R | AT O
" 2N N T2 NI TN '
Similarly, an(x) = 1. The concentration assumption on the kernel Py(x,-)
is clearly satisfied, since its support converges to {x}. Thus, if (YON)N21 con-

verges in distribution to v, then the sequence of processes (YL]XH )N>1 converges

in distribution to the Ornstein-Uhlenbeck process with initial distribution v
solving the stochastic differential equation

dX, = dB; — 2X, dt.

27.3 Diffusion on an interval

Before giving further important examples, we collect in this section some
classical results on diffusion processes with values in R. Consider the process
(Xt);>0 solving the stochastic differential equation

dXt = O'(Xt) dBt + b(Xt) dt,

where o and b are smooth functions on the interval I = ]I, [ with values in
]0,00[ and R respectively. The infinitesimal generator of X is the operator
acting on functions f of class C? on I given by

Li(x) = 50%(@)"(x) + ba) ().

Let ¢ € I. Introduce

e the scale function p:

o< o (2 35

e the speed measure m, defined by

(1) = 11(0) o = 1) e (2 2 Y,

o and, for I < a < b < r, the function on ]a, b|,

x . a b
Masla) = = [ (0le) = pls))m(d) + ’M [ )~ ptman).

The functions p and M, ; satisfy the following crucial relations:

Lp(x) =0 pour x €I, LM, p(x) =—-1 pour z € |a,b],
p(c) =0, et M, p(a) =0,
p'(c) =1, My p(b) =0
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Theorem 27.9 (Exit from an interval). Letl < a < b <t and let
Top=inf{t >0 : X; ¢ [a,b]}

be the exit time from the interval [a,b] for X. Then

=a)=1-P,(Xr,, =0) =

and

Ex(Ta,b) = Ma,b(x)-

Remark 27.10 (Brownian motion). This generalizes the familiar Brownian
motion case, in which the probability of leaving the interval [a,b] at a when
starting from x equals (b — x)/(b— a).

Proof. The function p is increasing by definition. Thus, for a < y < b, the
functions

p(z) —p(y) cela “’p(x)—p(y)m
rello i o seltle [T

are increasing. Consequently, M, ; is nonnegative on [a,b]. Set, for n € IN*,

t
Tp = inf {t >0; / O'Q(Xs)ds > n}
0
Since LM, ,(z) = —1 for x € ]a, b, It6’s formula for M, ,(X;) gives
Ma,b(Xt/\Tn/\Tayb) = Ma,b(XO) - (t N Ty N Ta,b)
tATR AT b
—|—/ ,;J,(XS)U(XS)dBS.
0

Stopping at time 7, A T, ensures that the stochastic integral above is a
martingale. Taking expectations with Xy, = x and using nonnegativity of
M, gives

Em(t AN Ta,b) = Ma,b(x) - Ex [Ma,b(Xt/\'rn/\Ta,b)} < Ma,b(x) < 00.

It remains to let n and then ¢ tend to 400 to obtain, by monotone convergence,
that E;(T,) is finite. The time Ty is therefore finite almost surely, and
dominated convergence yields

tlglélc E[M.(Xint,,)] = E[Map(X1,,)] =0,

since M, ; is continuous and bounded on [a,b] and vanishes at a and b. This
gives the expression for E, (7T, ).
Similarly, Itd’s formula applied to p(X;) gives

p(z) = B [p(X1, ,)] = pla)Ps(X1,, = a) + p(b)P. (X1, , = b).

We conclude using the relation P, (XTM = a) + P, (XTa,b = b) =1. O
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27.4 Application to Wright-Fisher processes

Consider the Wright-Fisher model with mutation and selection introduced in
Chapter 12. It is the Markov chain (X}Y), o on {0,..., N} with transition

Loi(X ). 1| XY = z) = Bin(N, ;)

where

(1+s)x
(1+s)z+N-—xz

nm:d}m(l*uA)Jr(l*d}m)uB et Y, =

The real number s represents the selective advantage of A over B, and ua
is the probability of mutation from allele A to allele B. The proportion of A
alleles in a population of size N at generation n is

vV .— XiTJLV
n =
For every t € R, set

Theorem 27.11 (Wright-Fisher diffusion limit). Suppose the selection rate
s and mutation rates ug and up (which depend on N ) satisfy

(NstUAvNUB) N—> (a75A753)~

— 00

Then the sequence of processes (Z.N)N21 converges in distribution to the dif-
fusion process (Zt)telR+ solving the following stochastic differential equation

with values in [0, 1]:
dZt = O'(Zt) dBt + b(Zt) dt,

where
02(z) =2(1—2) et b(z)=az(l—2)—Baz+Pp(l—2).
Proof. Let z € Exy = {0,1/N,...,1}. Then
Ine = Pna(1 —ua) + (1 —Yn:)up

—Baz+Bp(l—2)+az(l—=2)

+O(1/N).
Since the distribution of NZ{ given Z} = z is Bin(N, ny.), we have

NE([Z) — 2|1Z{ = 2] = N(nn. — 2)
= —faz+ (1 —2) +az(l —z)+ O(1/N).

Similarly,
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2
= 2(1—2) + O(1/N).
Finally, Markov’s inequality yields

NE[ (2 - 2)"|23 =]
N N _
NP(Z1' € [z —e,2+¢]|Zy =2) < :

o4
Now 4
NE[ (2 - 2)"12) = 2] =o(N7),
because the fourth centered moment of a random variable X with distribution
Bin(N, p) is given by
E[(X - Np)'| = BNp(1 = p) + 1 = 6p(1 = p)) Np(1 - p) = O(N?),

These estimates are uniform in z € E. One final precaution is needed. The
diffusion coefficient ¢ is not Lipschitz at 0 and 1. We must therefore use
Theorem 27.3 for processes stopped when they fall below ¢ or rise above 1 —¢,
for some small parameter € > 0. a

Remark 27.12 (Time scales). To transfer absorption-time estimates from the
diffusion to the Markov chain, one must multiply them by N. Hitting proba-
bilities and invariant distribution profiles, on the other hand, are unaffected
by this time rescaling.

Let us express the scale function: for ¢,z €]0,1],

S(e) = [ w2y e ay,
and the speed measure:
m(dz) = 21‘253_1(1 — x)QBA_le_Qw dz.

We can now consider various examples depending on the model parameters.

Example 27.13 (Neither mutation nor selection). If a = 84 = 8 = 0, the
diffusion has zero drift: it is a martingale, we have P,(Zg,, = 1) = x, and
the expected fization time is given by

Ey(To) = —2[zlog(z) + (1 — z)log(1 — z)].

This is illustrated in Figure 27.2.

Example 27.14 (Selection without mutation). Choose a > 0 and f4 = fp =
0. Then Ty, is finite almost surely, and the probability that allele B disappears
18
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Expected exit time
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Fig. 27.2. Estimated fixation time for N = 40 in the absence of selection and
mutation.

1— e—2az
Po(Z5y, = 1) = T 50

Figure 27.3 illustrates the estimated fixation probability of allele A. If N =
10%, s =107%, and x = 0,5, then o = 20 and the fization probability of allele
A is approximately 0,999955. This small selective advantage s, undetectable in
the laboratory or through statistical measurements, is nevertheless sufficient
to have a decisive effect on allele fixation. Computing the expected fixation
time is more delicate. The following differential equation:

1

2"(z) + 202 (z) = i)

avec z(0) =0 et z(1) =0,
has no explicit solution. Figure 27.4 provides an estimate of the absorption
time for N = 30 and o = 10.

Example 27.15 (Mutation without selection). Here assume o = 0. The
diffusion solves

dX, = \/)MdBt + (—=BaX: + (1 — Xy)) dt.

This diffusion remains in the interval 10,1[, that is, Tp1 is infinite almost
surely. Moreover, its invariant distribution is v, namely the distribution
Beta(28p,284), that is,
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Probability of exiting on the right

Lo
08
061
0.4:
0.2:
q —— Estimate
| cl
B —— Theory
0.0 T — T T T T T T I I T
0 5 10 15 20 25 30
Fig. 27.3. Fixation probability of A for N = 30 and o = 2.
I'(284 +2BB) 2p,-1 264—1
v(dy) = 2 22 28—l g)2Pa-l gy,
W= T, T
In particular, if Y has distribution v,
S Babs
EY)=———— e Var(Y)= .
=5+ s O = G+ BaPBa+ B + D

Remark 27.16 (Multiple-allele model). In the model with k distinct alleles,
total mutation rate 0/2, and respective mutation probabilities <7ri)1<i<k’ the
process of allele proportions takes values in the simplex A of R, of dimension
k — 1, and the density of its invariant distribution with respect to Lebesque
measure on A is

') rOm)-1  I'(0rx)—1
oyl

1 .
97T1)"'F(97TK)y1 A(yla ayk)

V(y17"'7yK): [1(

27.5 Empirical distribution function

Let (Uyn),>; be a sequence of i.i.d. random variables uniform on [0,1]. The
empirical distribution function 'V of Uy,...,Uy is defined by
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Expected exit time

- —— Estimate
Cl

Fig. 27.4. Expected fixation time for N = 30 and a = 10.

N

1

=N Z 1, <sy pour z € R.
k=1

Introduce the process (Hiv)xe[o,l] defined by HY = /N(FN(z) — z)) for
€ [0,1]. The strong law of large numbers and the central limit theorem
ensure that, for every x € [0, 1],

FN) 2% 2 et HY %% AN(0,2(1 —1)).

N —oc0 N—o00

Note that Hév = H{V = 0. Moreover, forall 0 < y <z < 1,
Cov(HY, HY) = y(1 - 2)

since Cov(1{y, <y}, Lv,<z}) = ¥(1 — x). This calculation readily extends to
convergence of any finite-dimensional marginal (Hﬁ Yo ,Hﬁ‘i) We then ob-
tain the following result.

Theorem 27.17 (Brownian bridge). The sequence of processes (HN)N>1
converges to the Gaussian process (MZD):L’E[O,I]’ which is centered and has co-
variance

Cov(M,, My) = y(1 - 2)

for 0 <y < x < 1. This process is called the Brownian bridge.
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This convergence in distribution of the empirical process, combined with
continuity properties of the supremum and L? norms on a space of processes,
recovers the Kolmogorov-Smirnov and Cramér-Von Mises theorems.

Corollary 27.18 (Kolmogorov-Smirnov and Cramér-Von Mises).

, 1 , 1
sup |Hiv‘ Lo, sup |M,| et / (HN)? dx Lo, M? dz.
z€[0,1] N—=00 ze0,1] 0 N—oo Jg

The remarkable properties of Brownian motion allow the distributions of
the random variables in the corollary above to be determined.

Remark 27.19 (Alternative definitions). The Brownian bridge can be defined
in several other ways:

e standard Brownian motion on the time interval [0, 1], conditioned to vanish
at times 0 and 1;

e the process (Mt)te[o,l] given by M; = B;—tB1, where (Bt)t>0 is a standard
Brownian motion;

e the solution of the time-inhomogeneous stochastic differential equation

My

dM; = dB; —
t A —

dt.

Unlike the second, the last formulation shows that the Brownian bridge is a
Markov process.

27.6 Euler scheme

Consider the diffusion process (X¢),~ solving the following stochastic differ-
ential equation: -
dXt = O'(Xt) dBt + b(Xt)dt

Except in special cases, this equation has no explicit solution. We therefore
seek to approximate it by a Markov chain that is easy to simulate. The simplest
idea, and the most robust in practice, is to proceed as for ordinary differential
equations, introducing an Euler scheme associated with a time discretization.
Let a > 0. The Euler scheme with step size « is the Markov chain (Y;"),,-,
taking values in R and associated with the kernel

P (z,) = N(x + ab(x),a“(§)2>.

It can be extended to a diffusion process (Xg)t€R+ whose coefficients are
constant between times that are multiples of a: for ¢ € [an, a(n + 1)],

t t
X7 =X, —|—/ b(X,)ds —|—/ o(Xy.,)dBs
ta

no
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= X + (t = na)b(X5,) + 0(X5,) (Bt — Bna).

Then Y& = X, for every n € IN.

Theorem 27.20 (Weak error). If the coefficients b and o are functions of
class C* with bounded derivatives, then for every bounded measurable function
f and every t > 0, there exists C > 0 such that

IE, f(X:) — E, f(X{)| < Ca.

Proof. We sketch the proof. Denote by (Pt)t20 the semigroup associated with
(Xt);>0 and by L its infinitesimal generator. Write

PZf - Pomf = ZPEFI(PQ - Pa)Pa(n—k)f'
k=1

The expansions of the two probability kernels P, and P, agree through order
2. Indeed, since O, P; = LP;,

Pog(z) = g(x) + aLg(z) + O(a?)
Let Y have distribution A/(0,1). Setting 6(z) = v/ao(z)Y + ab(z), we have
P.g(z) = Eg(z + ab(z) + Vao(z)Y)
=B (ola) + )y () + "G

x)3
2 g ( ) 6( ) "
= g(:L') + aLg(:L’) + O(aQ)

@)+ 06

since the moments of orders 1 and 3 of Y vanish. The error between the
diffusion and the Euler scheme over one time step « is therefore of order a?.
After n iterations, the error is thus of order « (since an is of order ¢). A
major difficulty remains: controlling the derivatives of P, (,_p)f to justify the
expansion above. This follows from regularity properties of the solution of the

parabolic partial differential equation d;u = Lu. a

One can also control the pathwise discrepancy between the processes X
and X, assuming they are constructed using the same Brownian motion.

Theorem 27.21 (Strong error). If there exists C > 0 such that, for all
z,y € R,
[b(x) = b(y)| + |o(z) — o(y)| < Cle —yl,

then, for every p > 1 and every T > 0, there exists K,(T) such that
IE( sup | X, — Xta|f’> < Kp(T)aP/?,
0<t<T

The proof is technical but fairly direct. It relies essentially on It6’s formula,
Gronwall’s lemma, and the Burkholder-Davis-Gundy inequality.
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27.7 Further reading

Many books are devoted to stochastic calculus and diffusion processes. In
particular, the book by Tosif Gikhman and Anatoliy Skorokhod [GS72] studies
diffusions on an interval of R and their behavior at the boundary of the
domain. The various versions and subtleties of process convergence results are
collected in the book [EK86] by Stewart Ethier and Thomas Kurtz. Section
7.4 of this very dense work addresses, in particular, diffusion approximation
and provides a proof of Theorem 27.3.

Let us mention two further classical examples of convergence of continuous-
time Markov processes with discrete state spaces to a diffusion.

For N € IN*, let ZNM# be the M/M /oo queue, studied in Chapter 11, with
arrival rate N\ and service rate . For all N > 1 and ¢ > 0, set

ZN)\JL

Xﬁ:x/ﬁ( tN —2) avec ZéVA’”:LN)\/,u—O—\/NJ:J.

The sequence (X ﬁv ] ) converges in distribution to the Ornstein-Uhlenbeck

N>1
process solving

dXy = V2\dB;, — uXydt avec Xg =z,

This diffusion approximation of a queue is widely used in practice. This model
is called a fluid queue. See Philippe Robert’s book [Rob00].
Similarly, let (Y) N>1 be a sequence of birth-and-death processes with

respective rates (Ann), oy and (unn), . Assume

NAn —un)=b+O(1/N) et Ay+pny =2a+ O(1/N).
Then the sequence of processes (YLJX,‘ | /N )N>1 converges to the diffusion X
solving the following differential equation: -

dX; = \/2aX, dB; + bX, dt.

Euler schemes associated with diffusion processes have been extensively
studied. We mention the survey books by Peter Kloeden and Eckhard Platen
[KP95], and by Nicolas Bouleau and Dominique Lépingle [BL94] for the proof
of Theorem 27.21, as well as the book by Carl Graham and Denis Talay
[GT13]. Theorem 27.20 can be improved by obtaining an expansion of the
weak error in powers of a. This allows convergence to be accelerated: com-
bining schemes with step sizes 2a and « yields an error of order 2! This
method, called Romberg extrapolation, is also used in numerical analysis of
ordinary differential equations. The two foundational works in this direction
are due to Denis Talay and Luciano Tubaro [TT90], who assume that the test
function is very smooth, and then Vlad Bally and Denis Talay [BT95], who
use Malliavin calculus to obtain the result for bounded measurable functions
when the coefficients o and b are smooth. Denis Talay’s contribution [Tal96]
also provides a survey of weak-error estimates.






Suggested reading

This short chapter offers a necessarily incomplete and subjective selection of
suggested reading on probability at master’s level. Among the most accessible
works are the indispensable classic by William Feller [Fel68, Fel71], the more
recent book by Alan Gut [Gutl3], and the books by Philippe Barbe and
Michel Ledoux [BL98], Jean Jacod and Philip Protter [JP02, JP03], Daniel
Revuz [Rev97], Vivek Borkar [Bor95], Paul Toulouse [Tou99], David Williams
[Wil91], Rick Durrett [Durl0al, Pierre Brémaud [Bré99], and Albert Shiryaev
[Shi96]. We also mention the monumental treatise by Claude Dellacherie and
Paul-André Meyer [DMS0].

Discrete-time martingales are the main subject of the books by Jacques
Neveu [Nev72, NevT75], Peter Hall and Christopher Heyde [HH80], and David
Williams [Wil91].

Markov chains with discrete time and state space are the main subject
of the books by Paoli Baldi, Laurent Mazliak and Pierre Priouret [BMPO0S],
Olle Haggstrom [H&g02], and David Levin, Yuval Peres and Elizabeth Wilmer
[LPWO09]. The book by James Norris [Nor98b] also covers continuous-time
Markov processes with countable state spaces and martingales. We also men-
tion the books by Michel Benaim and Nicole El Karoui [BEKO05], Jean-
Francois Delmas and Benjamin Jourdain [DJ06], Etienne Pardoux [Par07],
and Thierry Bodineau [Bod14], which also present important or classical ap-
plications (physics, biology, financial mathematics, etc.). For a similar ap-
proach that also connects with the modelling component of the mathematics
agrégation examination, see [BC07].

The book by Christiane Cocozza-Thivent [CT97] presents applications of
probability to reliability. Extreme value theory is covered, for example, in
the book by Paul Embrechts, Claudia Klippelberg and Thomas Mikosch
[EKM97], while the theory of large deviation principles is covered, for ex-
ample, in the book by Amir Dembo and Ofer Zeitouni [DZ10].

Stochastic calculus is covered, for example, in the books by Jean-Francois
Le Gall [LG13], Bert Qksendal [Dks03], Daniel Revuz and Marc Yor [RY99),
Kai Lai Chung and David Williams [CW14], David Williams and Chris Rogers
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[RW00], and Ioannis Karatzas and Steven Shreve [KS91]. Finally, the book
by Carl Graham and Denis Talay [GT13] also presents results on the approx-
imation of diffusions by Euler schemes.
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actuarial science, 246
algorithm
Arnold—Sleep, 61
BFS, 221
breadth-first search, 221
configuration, 60
EM, 103
Fisher—Yates—Knuth, 55, 184
forward-backward, 91
Kiefer—Wolfowitz, 106
Metropolis—Hastings, 68, 106
Propp—Wilson, 72
quicksort, 54
randomized quicksort, 62
rejection, 55
Robbins—-Monro, 106
Rémy’s, 63
segmentation, 98
simulated annealing, 70, 262, 263
Stam’s, 58
aperiodic, see Markov chain
Arnold-Sleep, see algorithm
Avogadro, see Avogadro’s number
Avogadro’s number, 115
Azuma—Hoeffding, see inequality
Azuma-Hoeffding, see inequality

ballot, see theorem

Barabasi—Albert, see random graph

Barbour—Eagleson, see inequality

Bearwood-Halton-Hammersley, see
theorem

Bell, see numbers, see numbers

Berry—Esseen, see central limit theorem,
see central limit theorem, see
theorem

Birkhoff, see theorem

birth and death, see process

bistochastic, see doubly stochastic

bits, 3

Bollobés, see configuration algorithm,
see configuration model

Boltzmann, see entropy, see kinetic
theory of gases, see entropy

Borel-Cantelli, see lemma

branching, see property

Brownian bridge, 360

Brownian motion, 311, 319, 347, 353,
355

Burkholder-Davis-Gundy, see inequality

Cannings, see model

card shuffling, 31

Carleman, see condition

Catalan, see numbers, see numbers, see
numbers

Cauchy, see law

Cayley, see graph

Cesaro, see lemma

Chapman—Kolmogorov, see equation,
see equation

Chebyshev, see inequality, see inequality

Chen—Stein, see method

Chernoff, see inequality, see theorem

Chinese restaurant, see process

Clopper—Pearson, see confidence
interval
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coalescence of trajectories, 73
coin tossing, 1, 38, 157, 187, 191, 199,
212

comparaison série-intégrale, 187
competing exponential clocks, 137
condition

Carleman, 290

Doeblin’s, 68

Lindeberg, 125

Lyapunov, 83, 84
configuration, see model
constant

connective, 217

Euler’s, 10
coupling, see method, see method, see

method

coupon collector, 1, 9, 25, 33, 109
Courant-Fischer, see variational formula
covariance, 273, 320

sample, 273, 289
Cramér—Lundberg, see model
Cramér-Von Mises, see theorem
cutoff, 34, 115

de Moivre—Laplace, see central limit
theorem
de-Poissonization, 268
decomposition
Dunford, 347
derangement, 55
dice rolling, 9
Dirichlet, see problem, see problem
discrete Laplacian, 28
disorder, 250
distance
coupling, 237
Fréchet, 237
Kolmogorov-Smirnov, 278
Mallows, 237
total variation, 4, 146
Wasserstein, 15, 145, 230, 279, 329,
331, 344, 346
distribution
Bernoulli, 1
beta, 161, 193, 197
beta-binomial, 3, 197
binomial, 1
Ewens, 66, 176, 183
geometric, 2

Gumbel, 12, 114, 127, 129, 173
invariant, 32, 33, 68, 69, 75, 77, 93,
94, 108, 109, 111, 113, 116, 119,
121, 145, 146, 148, 149, 160-162,
228, 229, 342-345, 348
multinomial, 25, 40, 167
negative binomial, 2
offspring, 37
Pareto, 130, 208
Pascal, 2
Poisson, 8, 54
Rademacher, 17
reversible, 68, 108, 145, 344
semicircle, 22
uniform
finite graphs, 58
matchings, 57
partitions of a finite set, 58
rooted plane binary trees, 60
spanning tree, 63
symmetric group, 55, 184
Zipf, 208
DNA, 89, 174
Dobinski, see formula
Doeblin, see condition
Donsker, see theorem
Doob, see optional stopping theorem
doubly stochastic, 33, 108
Dunford, see decomposition
Désiré André, see formula

Ehrenfest, see model, see urn
EM, see algorithm
energy, 65
free, 249
entropy, 107, 258
Boltzmann, 66, 155
relative, 104, 334, 344
Shannon, 155
equality in distribution, 48
equation
Chapman—Kolmogorov, 142, 228, 235
Fokker-Planck, 325
heat, 304, 318
heat with drift, 322
kinetic Fokker-Planck, 344
master, 201
partial differential, 300, 322



stochastic differential, 159, 161, 319,
320, 335, 336, 347, 354, 356, 358,
361
telegraph, 300, 303, 307
wave, 304
Erdés—Gallai, see theorem
Erdés—Rényi, see random graph, see
random graph

error
strong, 362
weak, 362

Fuler, see constant, see scheme

Euler scheme, 361

Ewens, see sampling formula, see
distribution

exact sampling, 77

exchangeability, 165, 197

excursion, 305

exponential family, 67

Fekete, see lemma, see lemma

Fisher—Yates, see algorithm, see
algorithm

fixation, 153, 156

FKG, see inequality

Fokker-Planck, see equation, see

equation
formula
Bayes’, 96

Courant-Fischer variational, 278
discrete 1t6, 22
Dobinski’s, 57
Désiré André’s, 23
Ewens sampling, 176
Hadamard, 283
Isserlis’, 56
Ito, 312, 320, 323, 355, 362
Kantorovich—-Rubinstein, 147
mean value, 309
Mehler, 321
Plancherel, 326

Fourier, see transform

Friedman, see urn

Frobenius, see norm

Fréchet, see distance

function
acceptance-rejection, 69, 71
beta, 197
characteristic, 13, 171, 241, 316
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contracting, 73

discrete Green, 30

gamma, 197

generating, 21, 39, 143, 215, 216, 235,
316

harmonic, 22, 28, 309

partition, 65, 248

reinforcement, 202

scale, 354

Galton—Watson, see process, see tree
gambler’s ruin, see problem
Gaussian free field, 30, 66
Gaussian vector, 95, 320
generating series, 325
giant connected component, 221
Gibbs, see measure, see Gibbs sampler
Gibbs sampler, 70
graph
d-regular, 59
Barabési—Albert random, 199
Bethe, 213
Cayley, 184
complete, 220
dual, 218
Erdés—Rényi random, 58, 220
finite, 58
preferential attachment, 199
random, 66, 212
regular, 69
Green, see function
Gronwall, see lemma
Gumbel, see distribution

Hadamard, see formula
Hamiltonian, 65, see Hamiltonian cycle
Hamiltonian cycle, 261
Hardy—Weinberg, see law
harmonic, see function, see measure
Hermite, see polynomial
Hilbert-Schmidt, see norm
Hoffman-Wielandt, see inequality
Hoppe, see urn

hypoellipticity, 341

Hormander, 341

immigration, see Galton—Watson
process
inequality
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Azuma-Hoeffding, 85, 208

Azuma-Hoeffding, 131, 264, 266, 280

Barbour-Eagleson, 15
Burkholder-Davis-Gundy, 362
Chebyshev, 264, 280
Chebyshev’s, 117

Chernoff, 264

Chernoff’s, 118

FKG, 251, 253

functional, 348
Hoffman-Wielandt, 279
Jensen, 251, 256, 329, 334
Jensen’s, 67, 104

Le Cam, 189

Le Cam’s, 8, 15

logarithmic Sobolev, 331-335, 348

Markov, 140, 141, 187, 221, 265, 282

Markov’s, 12
Maurer, 132
Poincaré, 327-329, 348
Schwarz, 282, 329, 332
Schwarz’s, 112
infinitesimal generator, 144, 147, 226,
234, 246, 322
internal diffusion limited aggregation,
80, 87
interval
Clopper—Pearson confidence, 3
prediction, 11, 12
Wald confidence, 2
inverse temperature, 65, 248
irreversibility, 107, 344
Ising, see model
Isserlis, see formula
1t6, see formula

Jensen, see inequality, see inequality,
see inequality

Jordan, see curve

Jordan curve, 218

Kalman, see Kalman filter
Kalman filter, 94
Kantorovich-Rubinstein, see formula
kernel

discrete Poisson, 28

Poisson, 312, 313, 317

proposal or exploration, 69
Kingman, see coalescent

Kingman’s coalescent, 177
Knuth, see algorithm, see algorithm
Kolmogorov, see zero-one law, see

diffusion process

Kolmogorov-Smirnov, see distance, see

theorem

Kullback-Leibler, see divergence
Kullback-Leibler divergence, 334

Langevin, see process
Laplace, see transform, see principle,

see transform

law

Beta, 358
Cauchy, 316
Hardy—Weinberg, 151, 152
invariant, 300, 307, 323, 329, 334-336,
350, 357-359
large numbers, 2, 21, 273, 275277,
360
Markov chains, 94
martingales, 97, 98
Mendel, 151
of large numbers, 241, 242
Markov chains, 160
martingales, 125
of rare events, 148
of small numbers, 148, 220, 225
quarter-circle, 289
Rademacher, 300
reversible, 323
semicircle, 276
small numbers, 9, 351
Strassen’s iterated logarithm, 204,
242
Zero-one
for exponential distributions, 139,
208
for polymers, 252
Kolmogorov, 219, 252

Le Cam, see inequality, see inequality
lemma

Borel Cantelli, 3, 12, 73, 141, 187,
191

Borel-Cantelli, 271, 281

Cesaro’s, 84

Fekete, 217, 256

Gronwall, 335, 362

Rényi, 137



Scheffé’s, 46
Slutsky, 189
Wald, 241
life and death, see birth-and-death
process
likelihood, 97, 101
loi
Beta, 3

Malliavin, 341
Mallows, see distance
Marchenko-Pastur, see theorem
Markov, see inequality, see property,
see property, see inequality, see
semigroup
Markov chain
aperiodic, 32, 33, 68, 90, 109, 160
embedded, 231
hidden, 89
lazy, 109, 349
sampled, 350
martingale, 2, 22, 28, 42, 84, 97, 125,
155, 157, 163, 196, 264, 312, 323,
343, 355, 357
bounded, 43, 155, 313, 318
bounded in L?, 46, 128, 174, 188, 236,
255
nonnegative, 42, 43, 131, 155, 221,
243, 252
matching, 56, 60
minimum Euclidean, 261
matrix
adjacency, 58
covariance, 273
random, 273
replacement, 199
sample covariance, 273, 289
Vandermonde, 164
Maurer, see inequality
maximum likelihood, 97, 101
maximum likelihood estimator, 97, 101
measure
empirical spectral, 274
Gibbs, 65, 248, 329
harmonic, 28
speed, 354
memorylessness, 137, 176, 207, 233
Mendel, see law
method
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Chen—Stein, 15
coupling, 7, 15, 19, 81, 109, 146, 157,
213, 218, 221, 230, 231, 279, 331,
346
coalescent, 74
coupling from the past, 74
inverse transform sampling, 53
moments, 83, 281, 283
Monte Carlo, 106, 263
of moments, 229
rejection sampling, 55
second moment, 12, 187
Metropolis—Hastings, see algorithm
mixture
of distributions, 100, 197
of Gaussian distributions, 102
model
Cannings, 162, 163
configuration, 60
Cramér—Lundberg, 246
Ehrenfest, 107
Erdds—Rényi, see random graph
Ising, 66, 76
Moran, 152
Wright-Fisher, 19, 40, 151, 155, 168
Wright-Fisher, 124, 356
moment, see method of moments
moments, see method of moments
determination, 283
exponential, 264
monotonicity, 74
Monte Carlo, see method
Moran, see model
most recent common ancestor, 168
multigraph, 59

network, 222
norm
Frobenius, 279
Hilbert-Schmidt, 279
Schur, 279
numbers
Bell, 57, 191
Catalan, 22, 24, 35, 62, 284
Stirling, first kind, 192
Stirling, second kind, 9, 170, 191, 192

order statistic, 123, 137
Ornstein—Uhlenbeck, see process
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Ornstein-Uhlenbeck, see semigroup
oscillation, 264

PDMP, see piecewise deterministic
Markov process, see piecewise
deterministic Markov process

percolation, 212

phase transition, 250

phenomenon

threshold, 14, 39, 115, 214, 249, 250

phylogeny, 179

Plancherel, see formula

Pochhammer, see polynomial

Pochhammer symbol, 192

Poincaré, see Poincaré sieve, see
Poincaré sieve, see inequality

Poincaré sieve, 11, 56

Poisson, see process, see kernel

Poissonization, 189, 268

polymer, 66, 247, 249

polynomial

Hermite, 325
Pochhammer, 192
preferential attachment, 199
principle
Donsker invariance, 338, 353
inclusion-exclusion, 11, 56, 192
Laplace, 70
maximum, 312
pigeonhole, 267
rotation, 49, 297
probability
critical, 212
extinction, 41
percolation, 212
problem
Dirichlet, 310
discrete Dirichlet, 28
gambler’s ruin, 19, 28, 81
marriage, 132
optimal stopping, 132
secretary, 132
stochastic control, 132
traveling salesman, 71, 261
process
autoregressive, 17, 95, 231, 324
Bernoulli, 2
birth and death, 147, 170
Chinese restaurant, 124, 175, 176, 181

compound Poisson, 241

confined Langevin, 339
continuous-time Markov, 147
Galton—Watson, 168, 221, 233
Galton—Watson with immigration, 50
Galton-Watson, 296, 298

Gaussian, 320

Kolmogorov diffusion, 336
Ornstein—Uhlenbeck, 121, 148
Ornstein-Uhlenbeck, 319, 338, 354
piecewise deterministic Markov, 226,

240
Poisson, 2, 112, 136, 175, 225, 239,
291, 300

Poisson point, 268

pure death, see Yule process

TCP window-size, 226

thinned Poisson, 139

Wiener, 347

Yule, 138, 139, 147, 233
Prohorov, see theorem, see theorem
property

branching, 38, 46

Markov, 46, 252, 255, 256, 300, 312
Propp—Wilson, see algorithm
Pélya, see urn

queue, 135, 363
fluid, 363

Rademacher, see distribution
random environment, 248, 250
random walk, 18, 24, 48, 221, 242, 248,
315
on the discrete cube, 108
on the symmetric group, 31
persistent, 307
vertex-reinforced, 203
randomized combinatorial optimization,
261
reinforcement, 195
geometric, 204
linear, 204
reversibility, 107
reversible, see distribution
Rémy, see algorithm
Rényi, see lemma

Scheffé, see lemma



scheme
FEuler, 361
Schur, see norm
Schwarz, see inequality, see inequality,
see inequality, see inequality
second law of thermodynamics, 107
self-avoiding loop, 218
self-avoiding path, 212
semicircle, see distribution
semigroup
Markov, 227, 349
Ornstein-Uhlenbeck, 320
Shakespeare, 3
Shannon, see entropy
simulated annealing, see algorithm
singular values, 289
Slutsky, see lemma
Sobolev, see inequality
spectral gap, 327
spectrum
gap, 327
of transition matrix, 164, 165, 229
sample covariance matrix, 289
transition matrix, 111, 325
spin, 30, 66
Stam, see algorithm
Stirling, see numbers
Strassen, see law of the iterated
logarithm, see law of the iterated
logarithm
subadditivity, 217, 256, 268, 269
submartingale
bounded in L', 51
sum-integral comparison, 85, 127
supermartingale, 244
symmetric group, 32, 54, 55, 66, 181,
261

theorem
ballot, 23
Bearwood-Halton-Hammersley, 262
Berry—Esseen, 15, 189
Birkhoff, 307
centered series, 188
central limit, 2, 4, 21, 35, 118, 189,
338, 353, 360
Berry—Esseen, 4, 14
de Moivre-Laplace, 4
Lindeberg—Lévy, 189
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Lindeberg-Lévy, 125
Markov chains, 94
martingales, 83, 87, 97, 98, 125, 189
centred series, 124, 127
Chernoff, 296, 297
Cramér-Von Mises, 361
Donsker, 338, 353
Erdés—Gallai, 59
ergodic
Markov chains, 94, 160
Markov chains (fluctuations), 94
Markov processes, 307
Kolmogorov-Smirnov, 361
Marchenko-Pastur, 288
optional stopping, 22, 28, 155, 221
Prohorov, 277, 282
simplified Wigner, 277
Weierstrass, 283
Wigner, 275
Yaglom’s, 43
theory
Boltzmann’s kinetic theory of gases,
107
free probability, 290
Mendelian, 151
optimal transport, 237
tightness, 277
time
bounded stopping, 244
coalescence, 74, 110, 113, 114
contraction, 73
coupling, 74
cover, 16
exit, 19, 312
explosion, 233
fixation, 153, 156
hitting, 28, 48, 81, 153
relaxation, 339
return, 119
total variation, see distance
transform
Fourier, 290
Laplace, 46, 129, 221, 222, 235, 244,
264, 305, 325
traveling salesman, see problem, see
problem
tree, 212
binary, 60
Galton—Watson, 38, 214, 221
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conditioned on fixed size, 64
minimum spanning, 261
plane, 60
regular, 213
rooted, 60
uniform spanning, 63

urn
Ehrenfest, 107
Friedman, 87
generalized Pélya, 199, 204, 206
Hoppe, 193
Pélya, 87, 195

Vandermonde, see identity, see matrix

Vandermonde’s identity, 26
von Neumann, 3

Wald, see confidence interval, see lemma
Wasserstein, see distance, see distance,
see distance, see distance

Weierstrass, see theorem
Wiener, see process
Wigner, see theorem

simplified theorem, 277

theorem, 275
Wright—Fisher, see model

Yaglom, see theorem
Yule, see process, see process
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Main notation and abbreviations

Mul(n, p

Poi(A
Unif(I

N(m, o>
N(m, X

NN N N A NN

real r.v.

CLT

total variation distance

Wasserstein distance of order p

space of functions f s.t. |f|P is p-integrable

space of functions f s.t. |f|? is Lebesgue integrable on E
space of functions f s.t. |f|P is locally integrable

LP(p) norm of the function f

Hilbert—Schmidt norm 4 /Tr(MM*) of the matrix M
trace of the matrix M

norm, modulus, or absolute value of

symmetric group

greatest integer less than or equal to x (integer part)
least integer greater than or equal to =

natural logarithm

equality in distribution

the random variable X has distribution p

x is defined by a

x is defined by a

min(a, b)

max(a, b)

v is absolutely continuous with respect to p

Bernoulli distribution n +— ply,—1 + (1 — p)l,=o
binomial distribution k — (';;)pku — )" *lpennom
geometric distribution n — (1 — p)"’lplnew*
geometric distribution n — (1 — p)"plyen
exponential distribution z Aeilem%]

Gamma distribution = — /\”F(a)flzaflef)‘w 1.>0
Cauchy distribution z € R +— m

multinomial distribution k& +— (kl,.tl.,kd pllCl .- 'p:dlkelN":k1+-~+kd:n
n

Poisson distribution n — eix%lne]_\l

uniform distribution on the set I

1 2
S
2, 552 ¢ )

Gaussian distribution z — (27o?)~ 1/
Izl @—m),(z—m

Gaussian distribution z — (27)~"/2 det(X)~1/2e 2< ( ) )>

chi-squared distribution with n degrees of freedom = Gamma(n/2,1/2)

Student’s distribution with n degrees of freedom = N (0,1)/+/x2(n)/n
Tn/Yn — 0 as n — co

|z| < C|y| for some constant C > 0
an/bp = 1asn — oo

independent and identically distributed
almost surely

if and only if

random variable(s)

real random variable(s)

such that

Law of Large Numbers

Central Limit Theorem
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