Convergence of Random Variables

In topology, we know that the notion of convergence can differ depending on the topology that the space
is equipped with. Some notions of convergence can be compared but some other do not. In this chapter,
we will discuss different notions of convergence of random variables and see which notions are stronger or
weaker than the others.

4.1 Convergence in Probability

Given a sequence of random variables (X, ),,>1 with values in R? defined on the probability space (2, A, P).
In Measure Thoery, we have already discussed the following two notions of convergence,

. Almost sure convergence: if P({w € Q | X (w) = lim,, 00 X, (w)}) = 1, then we write X,, =5 X,

« For p € [1,00), convergence in LP: if lim,_, E[|X;, — X|P] = 0, then we write X, 2 x.

Definition 4.1.1 : If the following holds for all € > 0,

lim P (|X, — X|>e) =0,

n—oo
then we say that (X,,),>1 converges in probability (FEZEUEX) to X, denoted,

x, & x.

Then, we show that the notion of convergence in probability is metrizable.

Let C?Rd (9, A, P) be the space consisting of random variables with values in R%. We define the following
equivalence relation on this space: X ~ Y if and only if X and Y are equal almost surely. We write
L% 4(92, A, P) for its quotient space, on which we can define the following distance (EER&),

dX,Y)=E[|X -Y|A1]. (4.1)

Proposition 4.1.2 : The definition in Eq. (4.1) is indeed a distance characterizing the convergence in
probability, i.e, (X,,)n>1 converges in probability to X if and only if d(X,,, X) tends to 0. Moreover, the
metric space (L%,(2, A, P), d) is complete.

Proof : It is not hard to show that Eq. (4.1) defines a distance. One only needs to use the definition of
the quotient space and the definition of a distance. Next, we show that this distance is equivalent to
the convergence in probability. First, we assume that (X,) converges in probability to X. Then, for
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any given € € (0, 1), we have,

E[|Xn = X A1) SE[|X0 = X[1x,—xj<e] + E[(1Xn = XA DL x, - x)5e]

<
<e+P (X, —X|>e).

This implies that lim sup d(X,,, X') < €. Sincee > 0 can be arbitrarily small, we obtain lim d(X,,, X) =
0. Conversely, if lim d(X,,, X) = 0, then for any € € (0, 1), we have,

P(X,—X|>¢e)<e'E[|X, - X|A1] = 1d(X,, X) — 0.

Now, we show the completeness of the metric space (Lg,, d). Given a Cauchy sequence (Xy,) for
the distance d, we can extract a subsequence Yj, = X,,, such that forall & > 1,

d(Yy, Vi) <27F

Then, we have,

E {Z(’Yk+1 = Yi| A 1)} = d(Yi, Yiq1) < 0.
k=0 k=0

Hence, > (|Yr41 — Yi| A 1) < o0, as., meaning that > |Y; — Yi| < o0, a.s. and the following
definition makes sense,

X =Yo+ Y (Yes1 — Ya).
k=0

From the above construction, we know that (Y}) converges a.s. to X and using the dominated conver-
gence theorem, we reach at,

d(Y, X) =E [|Vy — X| A 1] — 0.

So (Y%) converges in probability to X. Finally, since (X}) is a Cauchy sequence, (X}) also converges
in probability to X. O

Proposition 4.1.3: Let (X,,),>1 be a sequence of random variables. Then the following properties are
true.

(1) If (X,,) converges a.s. orin LP forp > 1 to X, then it also converges in probability to X .

(2) If (X,,) converges in probability to X, then there exists a subsequence (X, ) converging a.s. to X.

Proof : We have already proven (2) in Proposition 4.1.2, so we focus on the proof of (1). If (X,,)
converges almost surely to X, then from the dominated convergence theorem, we have,

d(Xp, X) =E[|X, — X| A 1] — 0.
If (X,,) converges in LP to X, then

d(Xp, X) < [|Xn = X, < [[Xn = X[, — 0.
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Proposition 4.1.4 : Let (X,,),>1 be a sequence of random variables converging to X in probability.
Suppose that there exists 7 € (1,00) such that (X,,)n>1 is bounded in L". Then, for allp € [1,r), the
sequence (X, )n>1 converges to X in LP.

Proof : From the assumption, consider C' > 0 such that foralln > 1, E []Xn\"] < C. From (2)
of Proposition 4.1.3, we may find a subsequence (ny)x>1 such that X,,, > X. Then, the Fatou’s

lemma implies
E[|X|"] =E [kh—{go | X0, "] < lilgng [|Xn, "] <C.

For all p € [1,7) and € > 0, we have,
E UXn - X|p] =k HXn - X|p]l|anX|<s] +E HXn - X|p]l|anX|>s]
<P +E X, — X[ P(X, - X| > &) P
<P 4 2CPITP (X, — X| > €)' 7P
where in the second line we apply the Holder’s inequality and in the third line we apply the Minkowski’s
inequality,
E [|X, — X" = [ Xa — X|E < (1Xall, + 1X]1,)7 < €77 = 22Cml".
Since (X,,) converges in probability to X, we find,

limsupE [| X, — X|P] <eP.

n—oo

Since ¢ can be arbitrarily small, (X,,) converges to X in L”.

4.2 All-or-none Law
The all-or-none law is also known as Kolmogorov’s 0-1 law (Kolmogorov Z&—7&) , which states that the
probability that a tail event (EBIHZE) occurs is either 0 or 1.

Definition 4.2.1:Let (X,),>1 be a sequence of independent random variables with values in any
metric space. For all n > 1, define B,, to be the following o-algebra,

By =0(Xk: k>=n).

We also define the asymptotic o-algebra (it o X2 B to be,

B = ) Bn.
n=1

A measurable event in By, is called a tail event (FBIHZHEF) .

Last modified: 22:14 on Tuesday 11" November, 2025



Chapter 4 Convergence of Random Variables

Theorem 4.2.2 : Using the above notations, B, is a trivial o-algebra, i.e., for all B € By, we have
P(B)=0orl1.

Proof : Foralln > 1, let
Dy =0(Xg: k< n).

From Question 3.1.19, we know that for all n > 1, the o-algebras D,, and B, are independent, so
D, is also independent of B,. This implies,

VAe |JDn, VBeBsn, P(ANB)=P(A)P(B).

n=1

Since UD,, is closed under finite intersections, from Proposition 3.1.18, we know that B, is indepen-
dent of the following o-algebra,

0’( fj Dn) =o(X,:n>=1).
n=1

Since B, is also included in the above o-algebra, so B, is independent of itself, which means that for

all B € B, we have,
P(B) = P(BN B) = P(B)?,

implying P(B) = 0 or 1. O

Question 4.2.3: Given an i.i.d. sequence of random variables (X}, ),>1 and define o-algebras By and B, as
in Definition 4.2.1. Show the following properties.

(1) IfY is a real random variable that is B,,-measurable, then it is almost surely a constant.

(2 1t % (X1+...X,) converges almost surely, deduce from the previous question that its limit must almost
surely be a constant.

The following proposition is an important application of the 0-1 law.

Proposition 4.2.4 : Let (X,,),>1 be an i.i.d. sequence of random variables with distribution P(X, =
H)=PX,=-1) = % Foralln > 1, let S, = X1 +...,+X,. Then,

as., sup S, = +o0 and i%f Sn, = —o0.
n

In particular, it means that almost surely, there exists an infinity of n such that S, = 0.

Remark 4.2.5 : We toss a fair coin. Assume that we earn one dollar when we get a head and loose one
dollar when we get a tail, then during the whole game, the net asset can be as positive as possible and also
as negative as possible.
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Proof : For all p > 1, we define the following event,
A, ={-p<inf S, <supS, < p}.
n=1 n>1
We note that the limit of (A4)) is,
Ay = pli_{]go tA, ={-0< i%fSn <sup S, < oo}

First, we want to prove that for all p > 1, P(A4,) = 0. Forall k > 2p and j > 0, let

Bk ={Xjk+1 =" = Xjryr = 1}
Then, we have,
o
U Bjx C A5 (4.2)
=0
Since (Bjk)j>0 is an independent sequence of events with > IP(B;;) = oo, from Borel-Cantelli

lemma, the event on the left side of Eq. (4.2) has probability 1, meaning that P(A4,) = 0. By the
continuity of probability measures, we obtain P(A) = lim 1 P(A,) = 0, which means,

P({i%fS = —oo} U {s%pS =o0}) = 1.

By symmetry, we have,
P(inf S,, = —o0) = P(sup S,, = o0),
n n

So both probabilities are non-zero.
Finally, we want to use the 0-1 law (Theorem 4.2.2) to show that the probabilities in the above
formula are both 1. We first note that, forall k > 1,

{sup S, = oo} = {sup(X +--- + X,,) = o0} € By,

n>k

meaning that the event {sup,, S, = 0o} is Bi-measurable. So it is also measurable with respect to the
intersection of all the B}.’s, which is B. ]

4.3 Strong Law of Large Numbers

The goal of this section is to show that if an ii.d. sequence of random variables (X,,) is in L?, then its
arithmetic average 2 (X7 + ... + X,,) converges almost surely to E[X1].

In Proposition 3.3.6, we proved that under a stronger assumption that E[| X1 |%] < oo, the statement holds.
But here we want to look for the minimal condition so that the theorem holds.

Theorem 4.3.1: Let (X,,),>1 be an i.i.d. sequence of random variables with distribution in L'. Then,

]- a.s.
= (X1 + -+ Xn) 25 E[X1).
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Remark 4.3.2 : The integrability is the optimal assumption since in the above statement, the limit needs to
exist. If the random variables are non-negative and E[X;]| = 0o, we may apply this theorem to (X,; A k)p>1
to get

1 1

S+ o+ X)) Ak = (X0 A+ X AR) 25 E[X AR,

n n

then by using the monotone convergence theorem while taking the limit & — oo to derive,

1
g(X1+---+Xn)ﬁ>+oo.

Remark 4.3.3 : Later in Section 6.6, we will also show that this convergence also holds in L.

Proof : Let Sy =0and S, = X1 + - -+ + X, for n > 1. Set @ > E[X}] and the random variable,

M = sup(Sy,, — na) € [0, c0].

n=0
We will show this theorem by showing (i) and the implications (i) = (ii) = (iii) :
(i) P(M < o0) > 0, or equivalently, P(M = c0) < 1;
(i) M < o0, a.s;
(iii) the strong law of large numbers.
We explain first why (ii) implies (iii) the strong law of large numbers. From the definition of M, for

all n, we have S,, < na + M and from the property in (ii), we obtain,

1
limsup -5, < a, a.s.
n—oo

Since a can be any number larger than E[X] and arbitrarily close to E[X1], we have,

1
limsup — 5, < E[X4], a.s.
n

n—oo

If we replace X, with —X,, then we get,

lim inf lSn > E[X], a.s.

n—oo n

The two formulas above together imply the strong law of large numbers.
Then we show that (i) implies (ii). We first note that for any k£ > 0, the event {M < oo} can be
rewritten as,

{M < o0} = {ili%(Sn —na) < oo}

= {sup(S,, — Sk — (n — k)a) < oo} € 0(Xp41, Xpt2,--.)-

n>k

Hence, we know that the event { M < oo} is measurable with respect to the asymptotic o-algebra B,
which means that P(M < co) = 0 or 1. So, (i) implies (ii).
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Finally, let us show (i). For all £ > 0, define the following random variable,

My = sup (S, —na),

o<n<k
M}, = sup (Sp41 — S1 — na).
o<ngk
Since the vectors (X1, ..., Xy) and (Xa,..., X;11) have the same distribution and we have M} =

F(X1,...,Xy) and M| = Fj(Xa,..., Xy41) for some deterministic (#E 1) function F}, : RF —
R, we deduce that the following two random variables also have the same distribution,

M= lim t M, and M’ = lim 1 Mj.
k—o00 k—o00
Moreover, from the definition, we know that for all k > 1,

M1 = sup (0, sup (S, — na)) = sup(0, M}, + X1 — a) = M}, — inf(a — X1, M}).

1<n<k+1
Mj, and M ,’c being both in L! and have the same distribution, we get,
Efinf(a — X1, M)] = E[M{] — E[My41] = E[My] — E[My11] <0

Next, since M; > 0, we have |inf(a — X1, M})| < |a — X3
convergence theorem that

, then it follows from the dominated

E[inf(a — X1, M")] = klim E[inf(a — X1, M},)] < 0.
—00

Finally, if P(M = oo) = 1, then we also have P(M’ = oco) = 1, meaning that inf(a — X1, M') =
a — X7 a.s. But we chose a > E[X], which contradicts the fact that E[a — X] < 0. O

4.4 Convergence in Distribution
4.4.1 Definition and Examples

The functional space C,(R?) consists of continuous bounded functions from R? to R. We can define a
norm on this space to be the supremum of the function.

¢l = sup |¢(x)].
z€Rd

Definition 4.4.1: Given a sequence of probability measures (1, ),>1 on R%. We say that (1,,)n>1
converges weakly (5380 to p, denoted,

Hn, = H,

if the following condition holds,

Vi € Cy(RY), /sodun — /sodu- (4.3)
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Given a sequence of random variables (X,,),>1 with values in R If the sequence of distributions
(Px,, )n>1 converges weakly to Py, then we say that (X, ),>1 converges weakly (33U8%) or converges
in distribution (9UYERY) to X, denoted,

X, 5x o x,9%x

The weak convergence of random variables is also equivalent to the following condition,

Vo € Cy(RY),  E[p(Xn)] — E[p(X)].

Remark 4.4.2 : We add some comments to the above definition.

(1) The space of measures on R? can be seen as a subspace of the dual space Cj(R%)*. As such, Eq. (4.3)
can be understood as the convergence in the weak-* topology. However, in Probability Theory, it is
called “weak convergence”.!

(2) In the definition, there is an abuse of notations: when we say that the sequence of random variables
(Xn)n>1 converges weakly to X, there is no uniqueness for X; the only mathematical object with
uniqueness is the distribution Py . Therefore, in a more precise language, we say that the sequence of
random variables (X,,),,>1 converges in distribution to Py.

(3) When we talk about other notions of convergence of random variables, we need them to live on the
same probability space but not for the convergence in distribution. The random variables can be defined
on different spaces and that is why this notion is important in Probability Theory.

Example 4.4.3 : Below we give two examples of the convergence in distribution.

(1) If X, has the uniform distribution on {2% : 1 < k < 2"}, then X, converges in distribution
to the uniform distribution on [0, 1] because the Riemann summation of a continuous function
approximates its Riemann integral.

(2) If X, has the Gaussian distribution (0, 02) with 02 — 0, then X, converges in distribution
to a random variable which is almost surely zero.

Question 4.4.4: If p,, = p, look for a continuous but unbounded function and a discontinuous bounded
function such that Eq. (4.3) does not hold.

Question 4.4.5: Let (X,,),>1 and X be random variables with values in Z?. Prove that X,, converges in

distribution to X if and only if|

veezd, P(X,=z)— P(X =ux).

Question 4.4.6: Assume that for all n > 1, the random variable X, has a density, denoted Py, (dz) =
pn(x) dz. Suppose

(1) pp(x) — p(x), dz-as.,

'In French mathematics literature, there is another term to distinguish this notion, called “convergence étroite”.
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(2) there exists a non-negative function ¢ such that [p4 ¢(z) dz < oo and

Vn, pn(z) < gq(z), dz-as..

Prove that p is the density function of a probability measure on R? and that X,, converges in distribution to

p(z) d.

Question 4.4.7: If (X,,),>1 converges in distribution to X, is it true that for any B € B(R%), we also have
the following convergence?

P(X, € B) — P(X € B).

4.4.2 Equivalent Conditions for Convergence in Distribution

The following theorem gives some properties which are equivalent to the weak convergence of probability
measures.

Theorem 4.4.8 (The Portmanteau Theorem ?) : Let (f1,)n,>1 and 1 be probability measures on R?. Then,
the four following conditions are equivalent.

(1) The sequence (i )n>1 converges weakly to fu.
(2) For any open set G C R?,
lim inf 1, (G) = u(G).

(3) For any closed set F C R¢,
lim sup pin (F) < p(F).

n—oo

(4) For any Borel set B C R¢, if pn(0B) = 0, then,

lim fin(B) = pu(B).

n—oo

Proof : We first prove that (1) = (2). If G is an open set in R% we can construct a sequence of
continuous bounded functions (¢ )p>1 such that 0 < ¢, < 1 and ¢, T 1. For example, take ¢, (z) =
pd(z,G) A 1. We have,

liminf y1,,(G) = lim inf (plirglo 1 /(pp d,un)

n—oo n— oo
> sup (1t [ )
= sup (/sop du) = pu(G).

The equivalent relation (2) < (3) is not hard to prove. Taking the complement interchanges the role

’In the first edition of the book “Convergence of Probability Measures” from Patrick Billingsley (1968), he mentioned that this
result can be tracked back to an article of Aleksandrov in 1940. Later, in the second edition (1999) of the same book, he dedicated
this theorem to Jean-Pierre Portmanteau, and cited the article “Hope for the empty set?” (Espoir pour 'ensemble vide?) from
the journal “Annales de I'Université de Felletin”. However, this person, the university and the article do not exist.
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of an open set and a closed set and also changes the direction of the inequality.
Prove that (2)+(3) = (4). Let B € B(R?). Then, we have,

lim sup g, (B) < limsup pn,(B) < u(B),
lim inf i, (B) = liminf p, (B) > w(B),

Due to the assumption that ;,(8B) = 0, we have p(B) = p(B), implying,
lim sup pp, (B) = liminf p,(B) = lim p, (B).

Finally, we prove that (4) = (1). Let ¢ € Cy,(RY). We can separate the positive and the negative part
of ¢ into ¢ = pt — ™, so we can assume that ¢ is a non-negative function. Since ¢ is bounded, we
can take K > 0 such that 0 < ¢ < K. From the Fubini’s theorem, we obtain,

/@(x)ﬂ(dx) = / (/OK ]l{tégo(x)}dt)u(dx) = /OK (/]l{tsga(z)}u(dﬂ?)) dt.

Let Ef = {x € R?: ¢(x) > t}. Then the above formula rewrites,

K
[ e@ntan) = [ u(sf)at
Similarly, for all n, we have,
K
[ @) = [ u(E) .

We can notice that Ef C {z € R? : p(z) = t} and it follows from Exercise 1.13 that there exists at
most countably many ¢ such that

p({z e RY: p(z) =t}) > 0.
Hence, from the assumption (4), we have,
pn(EF) — p(EY), dt-as.,

and the dominated convergence theorem implies,

[ et = [* Bt [* )= [ o). )

Question 4.4.9: Consider real-valued random variables (X,,),,>1 and X and we write (F, )n>1 and Fx for
their distributions. Then, the sequence of random variables (X},),>1 converges in distribution to X if and
only if for all the points of continuity x of Fx, the distribution function Fx, (z) converges to F'(z).

Proposition 4.4.10 : If (X,,),>1 converges in probability to X, then (X,,)n>1 also converges in distri-
bution to X.
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Proof : First, assume that (X,),>1 converges almost surely to X. In this case, for any ¢ €
Cy(R?), o(X,,) converges almost surely to ¢(X) and the dominated convergence theorem implies
E[p(X,)] — E[p(X)]. This shows that (X,,),>1 converges in distribution to X.

In a more general setting, we show by contradiction. Suppose that (X,,),>1 does not converge in
distribution to X, then we can find ¢ € Cy(R?) such that E[p(X,,)] does not converge to E[p(X)].
Let ¢ > 0 and a subsequence (ny)x>1 such that for all k, we have,

VE=1,  [Elp(Xn,)] - E[p(X)]] > e

From Proposition 4.1.3, we can find a subsequence (Xnkl )i>1 that converges almost surely to X, but
the proof from the first part gives a contradiction. g

Proposition 4.4.11 : Show that if (X,,)n>1 converges in distribution to X which is almost surely a
constant, then (X,,) also converges in probability to X.

Proof : See Exercise 4.15. O

We define C..(R%) to be the set of continuous and compactly supported (BE§H 1) functions.

Proposition 4.4.12: Let (y,,) and u be probability measures on R%. Let H be a subset of the normed
space (Cy(R%), ||-||..) and assume that its closure (BE2) contains C..(R?). Then, the following properties
are equivalent.

(i) The sequence of probability distributions (j,,) converges weakly to p.
(ii) We have,
Vi € Ce(R?), /sodun — /sodu-

(iii) We have,
Vo € H, /sodunﬁ/sodu-

Proof : Since C,.(R%) C Cy(R%) and H C Cy(R?), there is nothing to prove for (i) = (ii) and (i) = (iii).
Now, we prove (ii) = (i). Consider a continuous bounded function ¢ € Cy(R%) and a seugnece ( f;) of
functions in C,.(R%) such that 0 < f;, < 1 and lim 1 f; = 1, then for any k, we have ¢ f;, € C.(R%)
S0,

/ P dpn —— / @ frdp.

Moreover, we have,

‘/wdun—/wfkdun‘ < (sgp\sO(x)\)(l—/fkdun),

]/wdu—/sofkdu\ < (sgp\gp(x)\)(l—/fkdu).
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Hence, for all &, we have,

timsup| [ odun — [ wdu| < (suplp(@)]) (tmsup (1 = [ fidp) + (1= [ fian))

n—oo n—oo

=2 (suplp(@)]) (1= [ fidn).

The above formula being true for all £, we can take k — oo to obtain,

/«pdun —>/<pdu-

Next, we prove (iii) = (ii). Let ¢ € C.(R?). Using the density of H, for all & > 1, we can find
¢ € H such that ||¢ — ¢k|| < 1/k, so for all k, we have,

limsup‘/cpd,u,n—/cpd,u‘

n—oo
llyr&sogp /<pdun /‘Pkdﬂn"i“/@kdﬂn /apkdu‘ /cpkdu /cpdu‘
< .
k
Since k can be arbitrarily large, we obtain [ ¢ du, — [ ¢ du. O

Remark 4.4.13 : For a sequence (/i,,)n>1 of probability measures on R? and a measure y, we say that s,
converges vaguely GRUIERN) to p if

vreCRY, [ fapm— [fdu

According to Proposition 4.4.12, when we know that y is also a probability measure, the weak convergence
and the vague convergence are equivalent; but in general, without the assumption that p has a total mass 1,
the Fatou’s lemma can only give us u(R?) < 1.

We may consider the following example,

Vi e CuRY,  fln)= /Rdf(m)én(dx) o,

n—oo

implying that u,, converges vaguely to 0, but 0 is clearly not a probability measure because its total mass is
0. The main reason is that, when the test functions at are disposition are functions from C..(R%), we might
have some probability masses that “escape to infinity”, which cannot be captured by functions in C,(R?);
however, the test functions in Cj(R?) are able to capture this phenomenon. This intuition also provides
another explanation for the equivalence between the weak convergence and the vague convergence in the
case that x is a probability measure.

Question 4.4.14: Given a sequence (/1 ),>1 of probability measures on RY. We say that (p1,)n>1 is a tight
(BE) sequence if for all £ > 0, there exists a compact set K, C R4 such that

pn(K:) =21 —e¢.

Given a measure ;. on R? and prove that the following properties are equivalent.
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(1) py converges weakly to p.
(2) pun, converges vaguely to p and (fn,)n>1 is tight.

Theorem 4.4.15 (Lévy’s continuity theorem) : Let (i, )n>1 be a sequence of probability measures on
R, Then, (jt,)n>1 converges weakly to uu if and only if,

vEeRY, (&) — A().
Similarly, the sequence of random variables (X,,)n>1 converges in distribution to X if and only if,

Ve e RY, Dy (&) — Px(8).

Proof : We only need to prove the first part of the statement. If (p,,),>1 converges weakly to f,
then from the definition of the weak convergence, since for any fixed £ € R, both x — cos({x) and
x + sin({x) are bounded, we obtain

VEERY  n(§) = [ unlde) — [ € p(da) = ple).

Then we show its converse. Assume that for all ¢ € R? we have 7i,, (&) — 7i(£) and we want
to show that the sequence of probability measures (jy,),>1 converges weakly. We want to use (3)
from Proposition 4.4.12. To simplify the proof, we also assume that d = 1.

Let f € Co(R). Forall o > 0, let

1 z?
9o(2) = 75— oxp (- 52):

In the proof of Theorem 2.4.15, from Eq. (2.10), we know that g, * f converges simply to f. Then
using Question 2.4.16, since f is compactly supported, we have the uniform convergence of g, * f to
f. If we let

H={p=g,xf:f€C.(R)and o > 0},

then C,.(R) C H, so it is enough to show that,
Ve C.(R), /ga*fd,unm/gg*fd,u.
From Eq. (2.8) and Eq. (2.9) in the proof of Theorem 2.4.15, for any probability measure v on R, we

have,
/ go * fdv = ﬂ% / f@)( / g1 /6 ()P(—8) d€ ) da

From the assumption, for all £ € R, 7i,,(§) — 71(€) and |, (§)] < 1, so using the dominated conver-
gence theorem, we obtain,

[ ae@m-e e o [ o on-o ac

Since the left side of the above formula also satisfies |-| < 1, we apply again the dominated convergence
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theorem to conclude,
[ oo+t —= [ g0 1

4.5 Applications of Convergence in Distribution
4.5.1 Convergence of Emperical Measures

Let (X,,)n>1 be an iid. sequence of random variables with values in R?. We can think of these ran-
dom variables as values observed in a series of independent and identical random experiments. In statistics,
we wish to derive the distribution of X from the observations X;(w), ..., X, (w) (w being a point in the
probability space).

Taking a national poll as example. Let /N be the Taiwanese population. The Taiwanese number ¢ has its
own vector a(i) € R representing its data, such as age, income, health condition, political tendency, etc.
When we are given a measurable set A € B(R?) (e.g., fans of Han Kuo-Yu with annual income above 1
million and above 50 years old), we want to know the proportion of Taiwanese popultion whose vector a(7)
belongs to this set. Alternatively speaking, we want to estimate,

When N is large, it is impossible to compute precisely this value, and the ultimate goal of a national poll
is to find a representative set of n people from the Taiwanese population so that we can have a reasonable
estimate of p(A). If we consider uniform random variables Y7, . .., Y, with valuesin {1,..., N} (i.e., choose
n Taiwanese uniformly at random) and write X; = a(Y}) * Xi,..., X,, be i.i.d. random variables with the
following distribution,

N

1 )
VAEBRY,  Bx,(4)=PF(a(¥i) € ) = 1Y Ta(a(i) = p(A).
i=1
From this sample, we obtain the following estimation,
1 & 1 &
n Z 14(Xi(w)) = n Z 5Xi(w) (A).
i=1 i=1

Coming back to the original problem, we want to know whether the above estimate is close to the theoret-
ical value pi(A), which means that we want to know whether the emperical measure defined below converges
to Px, when n tends to infinity,

1 n
;;(Sxi(w)'

The following theorem gives a positive answer.

Theorem 4.5.1: Let (X,,)>1 be an i.i.d. sequence of random variables with values in R%. For allw €

14 Last modified: 22:14 on Tuesday 11" November, 2025
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andn > 1, define i, ,, be the following emperical measure (KEBEHIE) on RY,
1 n
Hnw = — Z 0, (w)-
ni=

Then, when n — oo, we have the following convergence result,

Hnw = IP)Xl .

Remark 4.5.2 : This theorem does not provide any convergence speed, so we do not know at which rate
I, converges to Px, .

Proof : Let H be a countable dense subset of C.(RY). If ¢ € H, from the strong law of large numbers,

we have,
n

Y (X)) 25 Elp(X)]
i=1

The above formula rewrites,
/gpd,un,w 2%, /gdeP)Xl.

Due to the countability of H, we can obtain,
as. Vpe H, /npd,un,w — /gple’Xl.
n—oo

We conclude using Proposition 4.4.12. 0

4.5.2 Central Limit Theorem

In Theorem 4.3.1, we obtained the strong law of large numbers: if (X,,),>1 is an ii.d. sequence of random
variables where each term is integrable, then the following result holds almost surely,

1
E(Xl +o 4 X)) 2 E[X).

After this, we can study the speed of the above convergence. To be more precise, we want to understand the
behavior of the following quantity when n is arbitrarily large,

1
ﬁ(Xl‘F"“FXn)_E[Xl]- (4.4)
Let us start with a simple computation: assume that X; is square-integrable, then we note that,

E[(X1+ -+ X, —nE[X1])%] = Var(X; + - + X,,) = n Var(Xy).

This means that (X; + - - - + X,, — nE[X7])? is linear in n, i.e., Eq. (4.4) and ﬁ are of the same order.
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Below we first state the one-dimensional version of the central limit theorem (FF AR FEEIE), the higher-
dimensional version being discussed later in Section 4.5.3.

Theorem 4.5.3 (Central limit theorem (FPRMBREIE) ) : Let (X,,),>1 be an i.id. sequence of real-
valued random variables where each term is square-integrable. Let 7> = Var(X). Then, we have,

1

=(X1+ -+ Xn — nE[X1]) £, N(0,02).

3

In other words, for all a, b € R with a < b, we have the following convergence,

' 1 b 22
lim P (nE[X1] +avn < X1+ + Xn < nE[X1] +bv/n) = W/ exp (= 5—3) dz.

Proof : The second part of the theorem being a direct consequence of the first part (Question 4.4.9 and
Exercise 4.13), we only need to prove the first part. Additionally, we can replace X,, with X,, — E[X,,],
so that we can assume E[X,,] = 0. Let

1

We want to use Theorem 4.4.15 to show this theorem. The characteristic function of the random

variable Z,, writes,

©2,(§) =E [exp (lf(wm —E [exp (122X1)]" = @, (52",

The series expansion in Proposition 2.4.17 gives, when £ — 0,

) 1 0.252
Oxi(§) = 1+1EE[X)] = SEE[XT] +0(8%) = 1= ==+ o(¢?).
Hence, for any given £ € R, when n — oo, we have,
3 o€’ 1
‘I)Xl(ﬁ) =1-——+o().
So we get,
wee 0.252 1.\n 0.252
Jim @7, (€)= lim (175 +0(1)) =exp(= =) =),

where U has the distribution A/(0,02). To conclude, we have shown the central limit theorem us-
ing Theorem 4.4.15. (]

4.5.3 Central Limit Theorem in Higher Dimensions
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(1) (d)

Suppose that we have an ii.d. sequence of integrable random variables (X,, := (X ', ..., Xn ' ))n>1 with

values in R%. We can apply the strong law of large numbers to each of its component Xr(f) to obtain,
1
(Xt X) 22 E[Xq],

where E[X] is a vector consisting of the expectations of each component. If (X,,),>1 is square-integrable,
we can apply the same approach to deduce the central limit theorem for each of the component. However,
this approach is not enough to get the central limit theorem for the d-dimensional vector for the simple reason
that the marginal distributions are not sufficient to describe the distribution of the whole vector. In fact, the
higher-dimensional version of the central limit theorem involves the multivariate normal distribution that
was discussed in Section 3.4.1.

Theorem 4.5.4 (High-dimensional central limit theorem) : Let (X, ),,>1 be an i.i.d. sequence of random
variables with values in R®. Assume that they are all square-integrable, then we have,

\}ﬁ(xl bt X —nE[X]) D MO, Kx,).

Proof : The proof is exactly the same as in the one-dimensional case. Without loss of generality,
suppose that E[X ] = 0. For all ¢ € R we have,

E {exp(i{- (M))] - [exp (ig-Xl)] = By,

§ n
v v (=)

At the same time, we also have,

€ _ L .r -1
@Xl(%) =1- 3¢ Kx,E+o(n").
Hence,
. . X1+ + X, _ L.
i [GXP(lf‘ (\/ﬁ))] =exp (= 5¢ Kx,).
Finally, we conclude with Lévy’s continuity theorem (Theorem 4.4.15). O

4.6 Conclusion

We use the following diagram to conclude this chapter, showing different notions of convergence and their
relations with each other.
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Almost sure .
There exists a subsequence

convergence
Xn = X \ H
) Convergence Convergence
iZ € LP, in probability _ in distribution
Vn, ‘Xn‘ < |Z , P-a.s. (P) L
/ Xn — X Ao A
Convergence H W H
in LP
P
Xn — X Ir € (p,00), C >0, If X is constant a.s.

v, E[|X,]"] < C.
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