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Introduction to Stein’s Method and Normal Approximation

Introduction

Stein’s method is a sophisticated approach for proving generalized central limit theorem, pioneered
in the 1970s by Charles Stein, one of the leading statisticians of the 20th century. In the ordinary
central limit theorem, if X;,X>,---,X, are independent and identically distributed random vari-
ables, then the simple average of these random variables follows the standard normal distribution
(Gaussian distribution)
n
X —
LiaXionl v,
o\n
where E(X;) = u, Var(X;) = 62.
The usual method to prove central limit theorem when random variables Xi,X>,---, X, are
independent and identically distributed is to demonstrate convergence in distribution
2

n
LioiXi—np < x) —>/x ! e*%dt,asn—wo,
o\/n —e0 /270

where the probability on the left-hand side can be computed by Fourier transform. The Fourier
transform will decompose as a product because of independence. But what if these random vari-
ables X’s are not independent? The technique mentioned above to prove central limit theorem is
no longer useful. As a result, Stein came up with a new approach to prove that a random variable
W approximately follows Gaussian distribution by bounding the Wassertein distance between two
random variables, W and Z, where Z follows standard normal distribution, even if the condition of
independence is violated. In this paper, we will introduce four techniques to bound the Wassertein
distance between W and Z, including dependency graph, method of exchangeable pairs, size-bias
coupling and zero-bias coupling, based on which we can prove ordinary central limit thorem,
Hoeffding combinatorial central limit theorem, Lindeberg-Feller central limit theorem and other
normal approximations in the Wasserstein metric.

P(

1 Fundamentals of Stein’s Method

In this section, we will introduce an overview of Stein’s method, including the motivation and sig-
nificance of this approach, some basic idea of probability metrics, relationship between Kolmogorov-
Smirnov distance and Wasserstein distance, as well as how Stein’s idea derived from these nice
properties in the probability metric.

1.1 Overview

Given a collection of samples, it will be easier for us to make statistical analysis if we can obtain
the approximate distribution (for instance, normal distribution, poisson distribution, exponential
distribution, etc.) of the random variable that we are interested in. The ordinary central limit thorem
can help us obtain the approximate distribution given that a sequence of such random variables are
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independent.

However, in real applications, random variables are not always independent and identically
distributed (independence is an indispensable condition for the ordinary central limit theorem).
Thus we need a more sophisticated approach to obtain the limiting distribution, and Stein’s method
helps us to deal with such problems on the basis of the following idea:

Let W be a random variable and Z be a standard Gaussian random variable, i.e. Z ~ N(0,1).
The density function of Z is

and the cumulative distribution function is

P(ng):/xoo

To show that W is approximately Gaussian distributed, we need to prove that P (W < x) ~ P
(Z <x).
Recall the fact:

P(W <x) =Eg(W),

where

(1) = 1 if u <x,
SW=Y0  ifu>x

The most intuitive way to prove convergence in distribution is that if we can show
Eg(W) ~ Eg(Z), ey

then we can conclude that random variable W approximately follows standard Gaussian distribu-
tion.

In Stein’s method, we can obtain this approximation of distribution by bounding the Wassertein
distance between W and Z when g is 1-Lipschitz from the perspective of probability metric.

Now we will start the introduction of Stein’s method in more details, including why getting
the upper bound of Wassertein distance works, some important properties of the solution to Stein’s
equation for both general g and specific g, some useful techniques to bound Wassertein distance,
like dependency graph, method of exchangeable pairs, size-bias coupling, zero-bias coupling, and
application of Stein’s method in proving generalized central limit theorem using these techniques.

1.2 Probability metrics

Definition 1 For two probability measures L and v, the probability metric is:

/g )dp(x /g )dv(x

dy(u,v) = sup
g€Y

2)

4
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where ¢ is some family of test functions.
As for two random variables W and Z, the probability metric has the form

dy (W, Z) = sup
geY

Eg(W) —Eg(2)], 3)

/ 2(x)dFy (x) — / g(x)dFZ(x)‘ — sup

gevy

where Fy (x) and Fz(x) are distribution functions of random variables W and Z respectively.

Kolmogorov-Smirnov distance and Wasserstein distance for random variables W and Z can
be defined as follows for special g:

1. If g = 1j.<y is an indicator function, then the Kolmogorov-Smirnov distance can be defined
as follows

Kolm(W,Z) =sup|P(W <x) —P(Z <x)|.
xeR

2. If ¢4 is a collection of 1-Lipschitz functions, the Wasserstein distance can be defined as
follows

Wass(W,Z) = sup |Eg(W) —Eg(Z)].
gce¥

Lemma 1 Suppose W, Z are two random variables, and Z has a density with respect to Lebesgue

measure bounded by a constant C. Then Kolm(W,Z) < 2,/CWass(W,Z).

Proof. Fix € > 0. Define g}ﬂ ¢(w) tobe 1 when w < x, 0 when w > x+ €, and linear between.

P(W <x) ~P(Z <x) =P(W <x) ~Eg; o(2)] +Elg; £(2)] - P(Z <)
<E[gye(W)] ~Elgy(2)] + Elgy(2)] ~P(Z < x)
1
EWass(W Z)+Ce,
since g}c’g (w) is 1-Lipschitz, and the density of Z is bounded by C.

If we take € = w, then we have

P(W <x)—-P(Z<x)<2,/CWass(W,Z).

Define gie(w) to be 1 when w <x — €, 0 when w > x, and linear between. Then we can get the
same upper bound for P(Z < x) — P(W <x).

Therefore,
Kolm(W,Z) = sup|P(W <x) —P(Z <x)| <2,/CWass(W,Z). 4)
xeR
In particular, if Z ~ N(0,1), then C = \/Lz? This finishes the proof. O
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1.3 Stein’s idea

From Gaussian integration by parts, we know that if X is a random variable with mean O and
E(x?) = 62, then the density function of X is

[
¢(x) = e 2.

Note that x¢(x) = —c2¢’(x). Then given a continuously differential function f : R — R, ExF (x)
satisfies

ExF (x) = /+wa(x)(p(x)dx = -0’ F(x)o(x) ‘+w

—00

+o? / O;F'(x)(p(x)dx

— 00

= 0°EF'(x),

when the limits lim F(x)@(x) = 0 and integrals on both sides are finite.
X—so0

Therefore, for standard Gaussian distribution, we have ExF(x) = EF’(x), as a result of the
special case with ¢ = 1. Based on this result, we have the following nice property for standard
normal distribution, which is also known as Stein’s Identity.

Lemma 2 (Stein’s Identity) If Z ~ N(0, 1), then

Ef'(Z) =EZf(Z), (5)

for all absolute continuous functions f : R — R with E|f(Z)] < e.
Conversely, if E[f'(Z)] = E[Zf(Z)] for all bounded, continuous and piecewise continuously differ-
entiable functions f with E|f'(Z)| < o, then Z has a standard normal distribution.

We will later show the proof of this lemma in the next section. Stein’s method is deduced from the
above idea. If a random variables W satisfies (5) approximately, i.e. Ef'(W) =~ EW f(W), then we
can conclude that W is approximately a standard Gaussian random variable.

Recall the probability metric of two random variables:

dy(W,Z) = sup |Eg(W) —Eg(Z)|,
geYy

where ¢ is some given class of functions.

If we can find another class of function f € .% such that

supl (W) ~ Eg(2)] < sup 17" (W) ~ W5 (W), ©)

then we can bound de (W, Z) by bounding |E[f' (W) — W f(W)]|. On the basis of this relationship,
Stein’s method can be characterized by the following equation

f'(w)=wf(w) = g(w) —Eg(2), )

6



Introduction to Stein’s Method and Normal Approximation

which is also known as Stein’s equation.

If .7 is a class of functions such that for every g € ¢, there exists f € .% such that (7) holds,
for Z ~ N(0, 1), then (6) holds, which is obvious by taking expectation on both sides of (7)

E[f (W) - Wf(W)] =Eg(W) —Eg(Z). ®)

Noticeably, there are several boundary conditions for the solution of equation (7), which will be
explained in details in section 2.

Lemma 3 Given a function g : R — R that is bounded, then there exists absolutely continuous f
solving (3) for all x, satisfying

|fwwg\/§|g<w>—lﬁzg<z>|w and || < 2lg(w) —Eg(Z)|-.

And if g is Lipschitz, then

T
|floo < | |0y flloo < \/;|g/|oo, and  |f"]e < 2|g'|c0-

(Proof of Lemma 3 will be given in the next section.)

Particularly, if g is 1-Lipschitz, the probability metric becomes Wasserstein distance, and if .7 is
defined as a family of functions satisfying

2
F =€ Z |fl-<1, flos \/; and |f"|.. <2},
then we have

Wass(W,Z) = sup|Eg(W) —Eg(Z)| < sup |[E[f'(W) —W f(W)]|. )
=4 feF

From Lemma 1 we have already known that Kolm(W,Z) < 2,/CWass(W,Z), hence if we can
show that the upper bound of Wass(W, Z) approximates 0, then we can conclude that
|IP(W < x)—P(Z < x)| — 0. Finally, by definition of convergence in distribution, we get

W~ N(0,1).

In section 3, we will see some applications of Stein’s method to show normal approximation by
bounding Wasserstein distance.
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2 Detailed Illustration of Stein’s method
In this section, we will give the proof of Stein’s identity and study the solution of Stein’s equation

F'(w) —wf(w) =g(w) —Eg(Z),

for both general g and special g.

2.1 Stein’s Identity (proof)
To prove Lemma 2 (Stein’s Identity), we first need the following result.

Lemma 4 For fixed z € R and ®(z) = P(Z < z), the cumulative distribution function of Z, the
unique bounded solution f(w) of the equation

fw) =wfw) = 1< — P(2)

is given by
2
V2meT®(w)(1-®(z)), w<z
Flw) = i W)(1-®(z)), w< (10)
2ne 7 d(z)(1 —P(w)), w>z
W'2
Proof. Multiply both sides of the equation by e~ 2 :
v _w?
e Z[f(w)—wfw)] = e 7 [z — P(2)],
and the above equation yields
w2, W
(f(w)e™) =€ 7 [1j<y) — P(2)]
Integration yields
2 w 2
e s = [ ey~ @())e Tdx, (1

\A«'z
and since f is unique, there is no constant term in (11). Then multiply both sides by e 2, we have

—o00

Flw) = e’ / My — ()] Tdx

w2 o 2

=7 | ey —P()e T dx [

which is equivalent to (10), since

'"Two forms of solution come from the fact that [~ [1(,<,) —®(z)]e” Z dx =0.
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a w<z
1) =% [ ey~ @())e T
:eWZZ(l—CID(z))\/ﬁ/_i \/lz_nefdx
— V27t B(w)(1 - B(2))
b.w>z

=e? [ e TP(z)dx
w
e d(2) [ e i d
= Te2 P(z e 2dx
() w V2T

Based on the result in Lemma 4, now we can show the proof of Stein’s identity.

Proof of Lemma 2 (Stein’s Identity) . “—>" Suppose that Z ~ N(0, 1), and E|f'(Z)| < oo, we
can then write Ef’(Z) as an integral and exchange the order of integral to get the final result using
Fubini theorem [

1 oo 2
Bf(2)= | foeza

0 oo 2
:—ﬁ/ f/ € de—"— f ZdZ

=\/%/if/(z)/: —x)e” 2dxdz+—/+wf / wxe_%zdxa’z

:\/Lz_n/_i(/oxf'(z)dz)( ) dx+\/T_n/+m/f dz)xe T dx

1 Foo 2
= = [ (@ o) ax
1 Feo 2
:IEZf(Z)—\/T_nf(O)/_W xe  Zdx
=EZf(Z),

which implies that if Z ~ N(0, 1), then we have Ef’(Z) = EZf(Z).

2Suppose A and B are complete measure space. Suppose f(x,y) is A x B measurable. If [[,. 5 |f(x,y)|d(x,y) <
then [, ([pf(x,y)dy)dx = [([s f(x,y)dx)dy = [[5. 5 f(x,y)d(x,y).

9
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“<=" Suppose that Ef'(Z) =EZf(Z).
Recall Stein’s equation:

f(w) —wf(w) =g(w) —Eg(2),

where Z ~ N(0,1).
Taking g(w) = 1<y, the solution implied in Lemma 4 satisfies the conditions of Lemma 2
(Stein’s Identity), thus we have

0 =E[f'(W) =W f(W)] =E[1j<y] — P(z) =P(W <x) —P(Z <x).

Therefore, W ~ N(0, 1). This finish the proof. O

2.2 Solution to Stein’s equation

Lemma 5 For a given real valued measurable function g with E|g(Z)| < eo,and Z ~ N(0,1), the
Stein’s equation for g is:

f(w) —wf(w) =g(w) —Eg(2),

and the unique, bounded solution to this differential equation is

flw) = e% /W eiTX2 [g(x) —Eg(Z)}dx = —eﬂZv2 /+oo€§2 [g(x) —Eg(Z)}dx. (12)

— w

W’z
Proof. Mutilplying both sides of Stein’s equation by e~ 2 yields

2 2

(f(w)eﬂfy )I =e 2 (g(w) —]Eg(Z)).

Integration yields
f(w)eTz = /W e%ﬁ[g(x) —Eg(Z)]dx%—Ce%
fw)y=e7 /:eé[g(x) —Eg(Z))dx+C.

In order to get a unique and bounded solution f(w), C must be 0. So the final solution for Stein’s
equation is

10
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We have two forms of solution as a result of the following fact:

/:x’e_gz[g(x)— / Tz x)dx — Eg(Z)/J:oe_szdx
=V [ e g(d—VamEg(2)

= V2nEg(X) — V2nEg(Z)

This finishes the proof. O

Additionally, we have another form of solution,
1
f(w):—/o . ( )E[Zg(\/—w—I—\/l— 12)ldt,  Z~N(0,1), (13)

if g is Lipschitz.
Proof. We need to check that (13) satisfies f'(w) —wf(w) = g(w) —Eg(Z).
First, let’s take first derivative on f(w) with respect to w.

_/01 S 1 _tE[zg’(\/Eer V1—1Z)]dt.
By Stein’s identity EZf(Z) = Ef’(Z), we have
E[Zg(Viw++V1—1tZ)] =1 —tE[g'(Vtw+ V1 —tZ)].

Combining the above calculations, we obtain that

f’(W)—Wf(W)Z—/O1 [2\/1T g (WViw+V1-12)] Z-g(Viw+V1—12)]dt

dt+/ —/——t) -8(
§(WVitw+V1—1Z)|di+

B _/o1 [2\/17

1 W /
/0E[m~\/l—t-E[g(\/fw—i—\/l—tZ)]dt

Lz
= | B+ 58 Wi VT=iz)ds
o (tdg(Viw+ V1 —12Z)
_E/O 7 dt
—E[g(\/fw—f—\/l—tZ)’(j
= g(x) —Eg(2).

11
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This finishes the proof. a

2.3 Boundary conditions for the solution of Stein’s equation

In this section, we will show the proof of Lemma 3, the boundary conditions for the solution of
Stein’s equation.

Lemma 6 If g: R — R is bounded, then |f|. < \/g

g(w) —Eg(2)

o)

Proof. We need to consider two cases, w > 0 and w < 0.

a.w>0
Recall the solution of Stein’s equation for general g

fn=—e [ e g~ Bg(2))ax

The supremum norm of f satisfies

—X

W2 e 2
vusmm—&@mfz/ e dx.

w
W2 ey =2 W2t 2
Let h(w) = e ["“e™ dx, then ' (w) = —1+we' > [ e dx. Define

0x) = ——eF 1—CI>(x):/:(p(t)dt, r(x):%qigx).

By Mill’s ratio inequality:

1
T <r(x)< o Vx>0,

e D . .
then we have we 2 ["e2 dx < 1 and h'(w) < 0, which implies that 4(w) is decreasing on
[0, +-<], and thus

h(w) < h(0) = g
Therefore,
e 220 e
when w > 0.
b. w<0

In this case, we use another form of the soluiton

e [ ¥ fglo) ~Bg(z))ar,

—o0

12
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and the same method as w > 0 as well as the symmetry of standard Gaussian distribution to
get the upper bound of | f|c.

Therefore,
e <[ 2[n) (a2,
This finishes the proof. a
Lemma 7 If g: R — R is bounded, then |f’| <2|g(w) —Eg(Z)|c.
Proof. We only consider the case when w > 0, and the upper bound can be attained using the same

manner by using another form of the solution when w < 0.
By taking first derivative with respect to w, we have

f'(w) =wf(w)+g(w)—Eg(Z)

I )
— g(w) ~Eg(Z) +w(—¢®) [ e [g(w) - Eg(2)]ax

w

and hence e
70 < lgw) ~ Eg(@)]o(14we’™ [ e ).

w

By Mill’s ratio inequality r(x) < )—16, we can get

W2 e 2
we2/ e 2 dx<1,whenw > 0.

w

Therefore,
1|0 < 2[g(w) — Eg(Z)]w-

Lemma 8 If g is Lipschitz, but not necessarily bounded, then | f|s < |g'|c.
Proof. If g is Lipschitz, then we have another form of solution that have been proved in the previous
subsection

g
f(w):/o mE[Zg(\/;w—l—\/l—tZ)]dt, Z~N(0,1).

Suppose that
f(2)=gWtw+V1-12),

and based on Stein’s identity that for any absolutely continuous function f

EZf(Z) =Ef'(Z),
then we can obtain that

E[Zg(Vtw++V1—1tZ)] =1 —1tE[g'(Vtw+ V1 —tZ)]. (14)

13
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Plugging in (14) into the solution, we can get

1 1 /
F(w) :—/O mw/l—t]E[g (Viw+ T —12))dr,

and thus

|
[} < ! oo/ _dt - ! [N}
fles < g ) 2i gl
This finishes the proof.

Lemma 9 [f g is Lipschitz, but not necessarily bounded, then |f|« < \/g 18| co-

Proof. If g is Lipschitz, then we have

1 1
Flw) = — /0 mE[Zg(\/EW—F\/I—tZ)]dt,

and taking the first derivative with respect to w, we obtain that

f(w)= —/01 Z\/%E[Zg'(\/ZWnL V1—1Z)]dt.

So the supremum norm of f/(w) satisfies

too 1 2 T
o < ¢l -E|Z] <2 ’oo/ X .9_20,’x:\/j /oo
|f o < 8]0 - E|Z] < 2|g] 0 “Vm 2Igl

Lemma 10 [f g is Lipschitz, but not necessarily bounded, then |f" |« < 2|g'|c.

Proof. By taking second derivative on Stein’s equation with respect to w, we get

fr(w) =g (w)+f(w)+wf'(w)
=g/ (w)+ f(w) +w[wf(w)+g(w) —Eg(Z)].

14
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Rewrite g(w) —Eg(Z) as an integral:

e0)~ Be(2) =gw) — = [ " gl)e Ty
1t 2
52| s —gl)ezay
1 2

- 7[ [ g0 —gtDe =av+ [ (gw) —gle " a)

oo Y42 ,
/ e 2/ z)dzdy — / 1/ e 2g (z)dzdy]
27'L' w

\/fr[/— g'(z)/_meﬁdydz—/;mg’(z)/;we’zdydz]

we can rewrite (15) as follows

2

(15) = V2re™ [ ¢(@0() (@) - Bz~ Ve [ [ @2z + | (BEIE(w)d]

(15)

—\Vame's [/W g (2)@(z)(P(2) —CTD(w))dz—/W g’(z)@(z)cb(z)dz—/w ¢ (2)®@ ()P (w)dz]

W2
—V2me'? [

B
=
T
3 =
OQ\
o
o
o
QU
2N
_|_
oy
=
5\8
OQ\
o
B
D
QU
KAl

15
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Combining all these calculations together, we get
f(w) =g (w)+f(w)+w[wf(w) +g(w) —Eg(z)]
g(w) —Eg(2)] + (1+w?)f(w)

{@Pd— [ (B V2R + e [B0) [ ¢ @)

—oo w —oo

[
[

Hence the supremum norm of f”'(w) satisfies

oo

7SI L 1+ —V2R( 02 T )] [ ez |—w—v2r(1 W) o) [ B()dz],

w
(16)
Recall Mill’s ratio inequality (x > 0)
2 e 2
al <ez / e 2dt < —,
1+x X X
which is equivalent to
_2 _2
xe 2 ez
<1-P(x) < a7
V271 (1+x2) @) xV2n
It’s easy to see that (17) implies
X2
—x+V2r(14+x%)e? (1 —d(x)) >0.

2
Additionally, since x + /27 (1 +x?)e 2 ®(x) > 0, based on the fact that x > 0, then we can remove
the absolute value sign. Moreover, by simple integration, we can obtain that

w | —
/oofl)(z)dzzw(l)(w)—k\/ﬁe 2, (18)
and . L
/W(1—<I>(z))dz=—w(1—d>(w))+me2. H (19)

3" ®(z)dz = [".(z)'®(z)dz, and then using integration by parts, we can get the above result.
41— ®(z))dz = [(z)'(1 — @(z))dz, and then using integration by parts, we can get the above result.

16
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Finally, by substituion, we get

oo

¢@Mz+hw+¢5a1+w%a?¢owy/ B(2)dz = 1.

w

w

[—w + \/ﬁ(l + wz)egcﬁ(w)] /

—o0

Therefore,
[0 < 2/8|ce-
O

Lemma 11 A less constrained bound: |f" |« < 4|g|, when g is Lipschitz.
Proof. Recall

f'w) = wf(w) = g(w) —Eg(2),
and

f1w)=wf'(w) =g'(w)+ f(w). (20)

Let h(w) =g (w) + f(w), then we have Eh(Z) = E[g'(Z) + f(Z)]. Since Z ~ N(0,1), and f’ is also
absolutely continuous, then by Stein’s Identity we have

Ef'(2) = Ezf'(2).

Hence,
En(Z) =Elg'(2)+ f(2)] =E[f"(2) - 2f'(2)] = 0,

and (20) can be rewritten as
' (w) —wf'(w) = h(w) +E[h(Z)], (1)

where h := g’ + f. Therefore, f’ is the solution for the new Stein’s equation (21), and thus also
satisfies the boundary condition that we have proved before:

1" <2|¢"+ f —E[¢'(Z) + f(2)]],. = 2lg' + fl-
<2(|&"|oo + |f1eo)
<2(]g [0 + 18 [00) = 418 |0

This finishes the proof. O

2.4 Example-Ordinary Central Limit Theorem in the Wasserstein metric

Let X1,X2, ..., X, be independent random variables with E(X;) = 0, E(X?) = 1 and E|X?| < oo. Let

W = Xkt and then W ~ N(0,1).

Proof. Take any f € C'withf’ absolutely continuous, and satisfying |f| < 1, | f'| < \/%, If < 2.

17
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LetW, =W — 7, which implies that W;_LX; (“_L” is the sign for independence). Note that
E(Xif (W) =EX:(f(W) — f(W;) + Xif (Wi)] = E[X;(f (W) — f(W;))]
= E[X;(f(W) = f(W0) — (W = W) f' (W) | + E[X;(W — W,) f'(W)].

Note that f”(x) = w, and thus we can obtain

EW f(W)] = % iE[xiﬂW)],

and
FOW) = F(W) = (W = W) (W] < S (W — Wi
thus
X2
E[X(FW) ~ (W) — (W ~ W) (W))] < 51" B
Again, .

BV~ WS (W) = —=B0X7]- Bl (W) = =Bl (W)

since W; is independent of X;. Based on the above calculations, we can get

[EWF(W) —%iE[f’(Wi)H < nifm-ﬁ

Finally, note that

2 i) wr o) < L § s -wy

i=1

Combining all these together, we obtain that

B[ (W)~ WrW)]| < iil EIX 4+ Y EIX|

3
n2

E|X;|3. Therefore,

wi—
IN

Since E(X?) = 1, we can say that E[X;* > 1, and E|X;| < (E|X;|? )

n
Z ’Xi|37

Wass(W, Z)

N\m| W

18
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which converges to 0, since E|X;|? < co. Finally, we can conclude that W ~ N(0, 1). O

3 Appication of Stein’s method

Based on the idea from Stein’s method, we know that if we can figure out that Wasserstein distance
between random variables W and Z approximates 0, where Z is standard Gaussian, then we can
conclude that W approximately follows standard normal distribution. Unlike the proof of ordinary
central limit theorem in the Wasserstein metric, it not quite easy to compute the upper bound of
Wass(W, Z) directly in most cases. In this section, we will introduce some useful techniques that are
mostly used to obtain the upper bound of Wasserstein distance Wass(W, Z), including dependency
graph, method of exchangeable pairs, size-bias coupling and zero-bias coupling.

3.1 Dependency Graph
We firstly will introduce the definitions of dependency graph and dependency neighborhoods.

Definition 2 {X;},cy are random variables. A dependency graph for {X;}icy is any graph G with
vertex set V such that if S, T are two disjoint subsets of V so that there is no edge of G between any
vertex in S to any vertex in T, then {X;}ics and {X;}icr are mutually independent.

Definition 3 (Dependency neighborhoods) We say that a collection of random variables {X1, X3,
-+, X, } has dependency neighborhoods N; C {1, ---, n}, i=1,--- ,n, if fori € N;, X; is indepen-
dent Of {X]}j¢Nl

Lemma 12 Given a graph G, let D = 1 + maximum degre{] of G. Let W =Y i, X, then

Var(W) < DY’ Var(X;). (22)
icV

Proof. Var(W) can be expressed as the following:

Var(W) = Var@ X) = Y[E(X;) - E()E(X,))
ic i,]

We denote the neighborhood of i by N;, and if j € N;, then j ~ i.
WLOG, we assume that E(X;) = 0, then

Var(W) = ZE(X,-X]-) = Z.E(Xixj).
i,j

iule
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24 x2
Note that X;X; < X ;X’ , thus Var(W) satisfies the following inequality

X7 +X2
Var(W) < Z E(——
hj~i
Z Var(X, +Var(X )
i
<D Var(X;)
i€V
This finishes the proof. O

3.1.1 Application of Dependency Graph

In this section, we will introduce an example about how to use Lemma 12 to compute the upper
bound of Wasserstein distance. This example also illustrates that a sum of locally dependent ran-
dom variables will be approximately normal.

Example Suppose that E(X;) =0, Var(};X;) = o0°, W = Z’ tand Z ~ N(0,1), and then we have

Wass(W,Z) <

2\/_ D3 ZE\X |+ —32ny 3.

Proof. Let W; = é2j¢]\[i X;. Obviously, W; is independent of X;, and W — W; = éZjeN,- X;. Take

any f such that |f| <1, |f'] < \/%, 1f e <2
Let’s first look at E[W f(W)]. By assumption, E(X;) = 0, and thus we have

E[W f(W ZE Xif(w
1
- E;E[Xif(W)] — E;E[Xif (W;)]

- éZE[(X,-(f(W)—f(WG))}
=(I) + (1),

where (1) = ¢ LEXi(f(W) — f(W;) = (W = Wy) f/(W))] and (IT) = & L E[X;(W —W;) /' (W)].

Note that W — W, = éz jen; Xj- As aresult of Taylor expansion and conditions satisfies by f, we

20
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can get

)2.f_’

1
mSEEMmW—m 5

1 /!
< %’f !;E|X1(W —W)?|

< %;Ew Y X

JEN;

Plugging in W — W, = %ZjeN,- X to equation (I7), we have
1
=~ YEX(W W) f (W)]

= Y EX( Y X))

JENI

=B[N (g LX(E %))

JEN;
LetT = é Y. Xi(Xjen, X;), then the expectation of T satisfies
1
E(T) = —5 Y E[X;- o(W — W)
1 1
:EZEWM:EMWEM
=E(W?) =1.
Next, we can bound the absolute value of (II) — f'(W) by
(1) = f'(W)] = [ELf'(W)(T —1)]]
2
<|f|lo-E|T —1| = \/;\/]E|T—1|~E]T—l|

g¢g¢ﬁ;tﬁi=¢%Jﬁﬁﬂ,

Note that |[EW f(W) —Ef'(W)| < (I)+ |(II) — f'(W)|. Combining the above results, we can obtain
that

W F9)~EF (V)| < |2 VarlT) + 5 B Y X

JEN;
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and % ZE|Xi(ZjeNi Xj)2| can be bounded by

ZE|X Y X)) |< Z Y EIXXX]

JEN; i jkeN;

<im L L EXEHERE +EXS)
i jkeN;

D? 3
1

. ... . s X X n
where the last two inequalities come from A-G inequality: ===+ > /X1 X; - - -Xnﬁ
To get the upper bound of Var(7'), let’s first compute the upper bound of Var(Y. X;(¥jen, X;))-

var(Y. X;( Y. X)) = Var( Y X.X;),

where
E(X}) +E(X})

Var(XiX;) < E(X7X}) < 5

Finally, using the result in Lemma 5, we can obtain that

Var( Y XiX; <2DZ):Var X:X;) <2D2><DZIE xH,
i,jEN; i~j

because of the following reason: X;X; is independent of X;X; if k,/ ¢ {N;UN;}. [N;JUN;| <2D
and since N;,N; C V, each vertex in N;UN; has at most D neighbors, which implies that the
maximum degree of the new dependency graph is 2D? and {X;X i, 1€V, j€ N} is a collection
with a dependency graph of maxmimum degree 2D?.

Thus,
1
Var(T) < — - 2D Y Ex?.
ar(T) < o Zl, i

Combining all these results together, we get

Wass(W,Z) <

o [P RN + S LN

X3 +X3+x3
XXX, = §/XPx0x} < T
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3.2 Method of Exchangeable Pairs

Definition 4 (W,W') is an exchangeable pair of random variables if (W,W') and (W,W') have
the same distribution, i.e. (W, W') 4 (W' W).

The following lemma gives an upper bound of the Wasserstein distance between random variables
W and Z using the method of exchangeable pair.

Lemma 13 Suppose (W,W') is an exchangeable pair and there is a constant A € (0,1) such that
E(W' — W|W) = —AW. 23)
Also assume that E(WZ) = 1, then we have the following inequality:

Wass(W,Z) = sup|Ef'(w) — ]E(Wf(W>)|

2 1 1
<./Z _ I _W)2 w3
_\/nVar[E(zl(W W) |W)]+3)LIE|W W,

where Z ~ N(0,1).

Based on the definition of exchangeable pair, we have E(W) = E(W’) and E(W?) = E(W'?) = 1.
Additionally, from equation (23), we have the following conclusions:

1. E(W) =0, since
E[EW -W' W) =EW —-W') =E(AW) = 0.

2. E(W —W)? =24, since

=
=
|
=
[\
I
=

W24+ W2 - 2WW']

Next, we will prove Lemma 13.
Proof. Take any twice differentiable function f such that

2
A<t ry2 12

Let F'(x) = f(x), and by Taylor expansion, we have

0=E(F(W') ~ F(W)) =E(W W) f(W)] + JE[W - WRF W) 4r @4
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where r = E[(W' - W)3f”(W)], W is between W and W', and thus |r| < e EW =W <
TE[W’ — W 3. Since there exists A € (0,1) such that

E(W —WW) = —-AW,
multiplying both sides by f(W) and taking expectation, then we have

E[(W' =W)f(W)] = —AE[W f(W)].
Based on the relationship implied by equation (24), we can get
—AEW f(W)] =E[(W' —W)f(W)]
— —ZE[W W) (W)]

2
_ _E[%E((W’ — W (W)W)] -
) [%f’(W)E((W’ ~W)W)] —r

Next we can bound E[f/(W) — W f(W)] using the above computations,
/ / 1
[Bf'(W) —EW f(W)]| < [E[f'(W)(E(S (W' = W) W) = 1)]| + 3 E|W i
\/>E|E(—A(W —WW) = 1]+ 3 IElW ~WP.

LetY = ]E(ﬁ(W’ —W)2|W)], then we have E(Y) = 1, and

| = E[Y —E(V)] < \E[(Y ~E(¥ Var(Y),

where the last inequality comes from Jessen’s inequality. Therefore,

Wass(W,Z) < \/ %varmz(;/1 W —WRIW)] 4 2o ! SEIW WP

O

Remark: this inequality also holds if W and W’ have the same distribution, but not necessarily
exchangeable.

3.2.1 Construction of an Exchangeable Pair

General idea for construction: Let X{,X},---,X, be an independent copy of X;,X>,---,X,, and
choose index I uniformly at random from {1,2,---,n}. ie. (X{,X},---,X,) is independent of
(Xl 7X27 e 7Xn)
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Example
X1,X2,- -+, X, is a sequence of random variables, let W = Y7 X; and

W' = ZX +X =W+X] - X,
J#1

then (W,W’) is an exchangeable pair.
Proof. In order to prove that (W,W') 4 (W', W), we need to show that

PWeA W eB) =PW €AW eB).

LetS_;=X1+ - +Xi1+Xis1+--+X,. Since P(I = i) = %, we have
P(WcA WeB)= ZPWGAWEB)

Since X/ is an independent copy of X;, we have X/ 1 X;, X/ 1 S_;, X; L S_;, where “.L” denotes
independence, and then we can conclude that (S_;, X;, X/) 4 (S—i, X!, X;).
Note that W = S_; +X;, W/ = S_; + X/, thus we obtain that

n
P(WcA W €B)= ZP '€ A,W € B)
”i:l

:P(W’ €AW €B).

Therefore, W and W’ is an exchangeable pair. O

3.2.2 Application of exchangeable pairs in proving Central Limit Theorem

In this part, we will prove the Ordinary Central Limit Theorem for weighted sum of independent
random variables and Hoeffding Central limit theorem, in which random variables are not inde-
pendent, using the method of exchangeable pairs.

3.2.2.1 Weighted sum of independent random variables

Let X1,X5,- -, X, be independent random variables with mean 0, variance 1 and IE|X,~|4 < oo,
Let

1 n
:%;Xi

then W approximately follows standard Gaussian distribution.

Proof. Let X{,X},---, X, be the independent copy of X;,Xa,-- - ,X,, and choose index I uniformly
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n}. In addition, X! is independent of X;, and X;, X! have the same

and randomly from {1,2
Since (W,W') is an exchangeable pair, then we need to check if there exists A € (0, 1) such

distribution.

that
IE(W’—W|W) = —AW.
! X/ —X;
Let W' = \fZHH f = W+ f —W = \[ , and we can compute
E(W'—W|W) as follows
1
EW —W|W) = —=E(X; — X;|W
( W) 7 (X7 — X1 |W)
_ ! xliE(x’ X;|W)
SV ong
= B(Y (X - XW))
noSVn
I &1 1 1
=-E(Y —X)—-E(W|W)=—-W.
JECL X = BWIW) =
Hence, in our example, A = -, and we have
2 1 3
Wass(W,Z) < EVar[ (21 (W —W')? ]W)]+ E|W W
Let’s first compute the upper bound of 57 E[W W'|3. By replacing W' — Wby f , we have
1 - X,
S EIW WP = SR TP
\/_
n / 3 - / 3
= —EX; - X/’ = — ) E[X/ - X||
n2 3n2 =]
8 n
< 3 ZE|X1|3
3n2 =
Next we wiil compute the upper bound of Var[E(%L(W W’)=|W)]. Since
1 ¢ / 2
= [ EX —X) W],

By (W —WW) = SEI(X] X W] = . i
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where E(X! — X;)%|W] can be expressed as follows

E[(X] — X;)*[W] = E(X*|W) +E(X7|W) + 2E(X/X|W)
= 1+E(X?[W)+0
=1 +E(X12|W)7

thus we obtain that

Var[E(%(W —W)2|W)] = Var[% zn}(l +EX?|W)))
= Var[% iE(XﬂW)].

~
—

However, Var[zl—n T E(Xi2|W)] is not easy to compute. Thus we need the following property to
compute the upper bound of Var[[E( ﬁ(W — W2 [w)).

Remark

Var(E(%(W —W')?W)) < Var(E(%(W L ONED)

for any o-field .7 that is larger than the o-field generated by W. Thus we can compute the upper
bound of Var(E(ﬁ (W —W')2|.%)) instead. Let’s first prove why this inequality holds.

Proof. Recall that Var(X) = E(X?) — E?(X), thus we have

Var(E((W —W')2|W)) = E{E[(W — W')*|W]}* — EX(E[(W — W')*|W])
=E{E[(W —W')*|W]}> —E[(W —W')?]
Var(E((W —W')*|.7)) = E{E[(W - W')*|.7]}* —E*[(W - W')’]
Hence, we only need to compare E{E[(W —W')?|W]}? and E{E[(W —W')?|.%]}? to get the
relationship between Var(E((W —W')?|W)) and Var(E((W —W')?|.%)). Let X = (W —W')2,
then we will compare E[E(X|W)]? and E[E(X|.%)]%.
Take W =Y | X; and .%# = (Xy,---,X,), then we have

E(X|W) = E(X|.7) = E[E(X|.7)|W],

because of the fact that (W) C .%, W contains less information than .#, and .% includes
more randomness. Thus,

EEX|W))? =E[E(EX|7) W)
LetY = E(X|.Z7), E2(Y|W) < E[Y?|W], which comes from Jensen’s inequality, and then we

can get
E[E(X|W))* <E[E(Y*|W)] = E(r?) = E[E(X|#)]*.
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Therefore,

Var(E( !

S (W WP |W)) < Var(E( 5 (W —W'| %)

O

Given the property mentioned above, then we can compute the upper bound of the variance as
follows

1 "2 I ¥ miy2
Var[E( 3 OV W) = Varl Y 5O
1 & 2
< Var[2- ) E(X7|(X1,++ X))
iz
1 & 2
= Var[5~ Y E(X71X)]
i
= 1 iv r(X-Z) = 1 i[E(X.“) _]EZ(X.2)]
4n? oA e l
<1 iE(X“)
BE=T
Therefore, if E(X;') <
n 8 3
Wass(W,Z) < N+ —E[Xi|” — 0,asn — o
i=1 3n3
and W ~ N(0,1). O

3.2.2.2 Hoeffding Combinatorial Central Limit Theorem

Suppose (a;,;)} j—1 is an array of numbers. Let 7 be a uniform random permutation of {1,2,---,n}.
Let W =} | ajz(;)- Then we have Wasserstein distance bounded by

Wass(W,Z) <L, - Zalj+ Z\a,JP

where L, L are some constants.

Proof. WLOG, we can assume that

n
aij=0, Y a;=0, =y
1 i=1 n

-

~
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based on which we can show that

W —-EW
W) N(0,1)
Var(W)
at the end of our proof.
Let’s first prove why this assumption does not compromise generality. Let ¢ = 1/ Var(W) and

1 =E(W). Define

1 & 1 &
aj = — E aij7 a.j:_ E aij7 a. = E alj7
nia iz

711

and
ajj—ai.—aj+a.

o

d,‘j:

Since E(W) = u, we can express i in terms of a_ based on the definition of @; , a j, a_. and d;;
! 1 1 5,
u=EW)=E(} anu) = ;Zaij = ma.=na,
i=1 ij

and we can also find the explicit form of 4; and a ;

aijj—ai —aj+ta.

Q

8

Il
S| =
RN
~

Il
S| =

si= L

M:

~
~
[N

(ajj—ai—aj+a.)

QI»—‘

T
T
~.
[N

Il Il
- 2
S
~—~ —~
Sy C
|
M= M=
:IH ,El
M=
Q
K..
HM:

- 3
~
L
~
L

|
i\
8
~

ll
~.
i

M:

aij _Zalj Zzaij))
i,

S Q
S
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Similarly, we can also get a ; = 0. Next, rewrite W and we obtain that

~ 1 &L 1 ¢
W= pe l; in(i) = & lzzi(am(z) —di. —d () +a.)
l n n n
= E(Z Qin(ty — ) @i, — Y, () +1a..)
i=1 i=1 i=1
1 n
G (Z Aim(i) — na,_)E]
i=1
1
=5 W—n)
Hence, . .
EW)=_(EW)-p)=_(p-p)=0
Note that

W—-EW) W-EW)
\/Var(W) \/Var(W) ’

as a result of the following fact:

W—EW)  5(EL i —na.) — GE(LL, din) —na.)

Var(W) \/éVar(Z?:l Qjn(i) —Na..)
(W—EW)) — (na.—E(na.))

since na. is constant.
Thus, if we can show that % ~ N(0,1), then we can conclude that % ~N(0,1).

Now, let’s continue proving why the assumption made at the beginning does not compromise
generality. By simple computations, we obtain that Var(W) satisfies

~ W — 1 2
Var(W) = Var( 5 ‘u) = ?Var(W) = % =1,

and both E[@jz ;)] and E[d ;)] equal to 0

S | =

Elajn)] = Z dij=d;. =0, E[az;]=0.
j=1

! ]
TV iy = Yioy 5 Yot Gin(n) = 3 Lj ek = L4 jdij = na...
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Rewrite Var(W)
Var(W) = Var[z din(i)]
i=1

= Z Var(dm‘(l)) + Z COV(dm(l) ’ a]”(]))
i=1 i#]

- 21 (B ) —E(ain())] + ; [B(in(idjm()) — EGim(s)JB(@ ()]
= 1]

= Y E(@) + X Edin(ydjn(j)
i=1 i#)

el 1 vya
n Yon(n—1) Y

I
—_
~.

I
—_

i) k£l

. ~ _1lvyvn =~ . _ noos_ L noos._ ~  ~
Andsince g;, = 5, Zj:1 dijj =0, we have Zj:l djj=0and similarly, };'_; d;; =0.Then }.;+; ¥ x4 dixdji
can be expressed as follows

Z Z dikdj; = Z Z Z Z dixdji
i# ] k#l i j#i ok 1Fk

= szik Y () ap)

i kA Ik

ZzzdikZ(—djk)

i koA

i=1j=1 1j=1 i,j
n—1 Oy o
Therefore,
l n n
Var(W):ch:n 1Z(Clij—ai._d,j+a..)2:n 1( a?,j—nZa?.—nZa.szrnza%)-
-1 S =1 =

On the basis of the relationship that we have analyzed between W and W, we can see that it’s
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reasonable to assume that
n n 1 n 2
ai7j:07 ai,j:07 _— ai,j: 17
Z._ Z._ n—1 Z .
i=1 ]—1 LJ

naZ

where Z;le a;j=d;, Y ,a;j=4d.j, and an12i,j i.j is equivalent to

1
n—1

1 ~
: gZ(aij —ai. —a_j—l—a,_)2 = Var(W) =1,
L,j

and then we have E(W) =0, Var(W) = 1.

Before computing the upper bound of Wasserstein distance, we first need to construct an
exchangeable pair (7, "), which will be applied to construct exchangeable pair (W, W').

Theorem 1 Let ' (1) = n(J), n'(J) = n(I) and 7' (k) = (k) if k # 1,J, where 1,J are selected
uniformly at random on {1,2,--- ;n}, where @' is denoted by wo (1,J). Then (7, &) is an exchange-
able pair.

__1lvyn

Proof. We know that 7 is permutation from {1,2,---,n}, and #(I) = . Y| 7(i), then we have

P(ncA,n' e B)=P(rcA no(l,J)EB)
1
= P(rcA i,j) €B).
”(”_1); (r€A,mo(i,j) €B)

Let T = mwo (i, ), which is still a uniform permutation of indices. and thus, 7 = T o (i, j). So we
finally get

P(t€A,mwo(i,j)€B)=P(no(i,j)cA,t€B)=P(n € B,mo(i,j) €A),

where the last equality comes from the fact that 7 and 7 have the same distribution.
d
Therefore, (x,7') = (7', 7). 0

Now we can construct an exchageable pair for W. Let W =Y} | Ain(;)- Then (W,W') is an
exchangeable pair. And obviously,

W' =W = arpy + ayp(s) — Qrz) — ara)
= Apn(y) T (1) — An(r) ~ An()

Recall that if W and W' is an exchangeable pair, then E(W/ — W|W) = —AW. To obtain A, we
firstly compute E(W' — W |x), and later we will see that E(W/' —W|W) =E(W' —W|nx).

E(W' —W|z) = Y. (@in(j) + (i) — Gin(i) — Ajn(j))-

n(n—1), Zic,
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Note that
1
L din(i) = 2. ) ding
”_1z¢Jl nn=1) 57
1
n(n ”—l)zi,am(i
4
=
Similarly,
1 4
nn—1) #]aJ”(J) on

Additionally, by assumption, we have } ;. ;djz( ) + aiz(;y = 0 by fixing i, then we can obtain that

1 1 1
mzam n—l ZZ Qin(j :—n—_l);am(i):—mw-

i#] i i#]

Slmllarly, = 1 Yitjdjn(i) = —n(n—lfl)W.
Combining all these together we get the following equation

2
EW —W|r) = - W which only depends on W. (25)
n_

So we have

EW —W|W)=EW —W|r) = — W,

n—1
and hence in our example, A = %

Next we will bound the Wasserstein distance by computing the upper bound of Var|[[E( ﬁ (W' —
W)2|W)] and E|W’ —W|? separately in order to complete the proof of Hoeffding combinatorial
CLT.

In the previous part we have proved that Var(E(ﬁ (W —W"2w)) < Var(]E(ﬁ (W —W")2|.7)), if
W is measurable in o-field .#, and .7 is larger, hence we can bound Var(E(ﬁ(W —W')?|W)) by
bounding Var(E (55 (W —W')?|x)).

Let’s first bound E|W’ — W 3. Note that

E|W —W|* =E[EW —W|3|n],
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where E(|W' — W *|7) satisfies

1
/— 3 = . . . N — . o — . . 3
E(W = W[*|m) n(n—l)i§i|a’”(l)+aﬂ(1) diz(j) = 4 jm(i)|
2 Y ainy P + g+ laingy P+ lajego )
_n(n_l)i.j7éi in(i) in(j) in(j) jr@)l )

where the last inequality is based on the fact that (a+b —c —d)> < 16(a® +b> + 3 +d>). The we
can get

1 16
IE|W WP < 3AE[ﬁ.é.(|ai7v(i)|3+|aj7r(j)|3+|ai7r(j)|3+|aj7r(i)|3)]
i,j#i
< g % "= 1) ;;4 X Elajn )|
n—1 64

< —1) iil?
- 6 Xn(n—l) (n Zla]'

n—1 64 \
<— X;g‘aiﬂ'

Note that based on our assumption at the beginning we have a;; = O(\/Lﬁ), then we have

C
E\W —WpP<—

32 N

where C is a constant.
Now we will prove the concentration for the conditional variance in the upper bound of Wass(W, Z).
Let’s first look at E((W' —W)?|x).

1

]E((W/_W)2|7t) = n(n— 1)

Y (@in(i) +aja(j) — din() — ajn(i))- (26)
=y

Let Ajj = ajn(i) + ajr(j) — Qin(j) — ajn(i)- Then the above equation (26) becomes

E(W = W)*|r) =

1751
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Based on the fact that Var(X) = E(X?) — (E(X))? and

Var() X;) ZVar )+ Y Cov(X;, X))
i i#]

:ZVar )+ Y [E(X:X; — E(X,)E(X;)]
i i#j

= Y [E(XX)) — E(X)E(X;)],
L]

we have
Var(X) = 5—5 Vi A
ar(X) p ( ar§
i#]
=2 n—l 3 3 3 [E(A7AR) — E(A7)E(AZ)],
i#jk#l
where

;;;'1{ FAY) —E(AT)E@Af)] = #XI}#[ AR — E(A7)E(A7)]
i#] 7]

+ Z [E(AZAM) E(A%)E(A%,)} :
i jFkA
Let1=Y,,;u[E(A7A7) — E(A7)E(A})], then we have

I= Y [E(A7AR) —EMADHE@AD)] < ), EAjAR)

i# ] k#l i# J k1
E(Af,) +E(A], 2.2
<4 Z E(A,-sz ) <4 Z (i) (using the fact that xy < Ay )
= 2
i#Jl i#j,l
<2Y [E(A}) +E(4))]
i,J,l

<2nY E(A}) +n) E(A})] =4n ) E(A]
ij il ij
Plugging in the original form

E(Af)) = El(ain(i) + aja(j) — din() — 4in(i) ]

and using the fact that
(a+b+c+d)* <8(a*+b*+c*+db),
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we can obtain that
4 4 4 4 4
E(A};) < 8[E(dir()) +E(d;r;) + Eldiz ) + Elajz)]
8
Therefore,

1<4n) E(A})
irj

16
§4n27(;afl—|—;a§l)
i.j
< 642(2(1?, —i—Za‘}l) = 64(n2a?, +n2a‘}l) = 64 x 2nZafj.
i 1 7 il ]

iJ
Now we move on to compute II, where 1T = ¥;.. ;4 [E(A},AZ)) — (A7 )E(AZ, ).

a. Let’s first look at E(A7AZ)).

AGAL = (Qin(iy + Qjr(j) — Qi) — Qi) (A () + Qn(t) — Gen(t) — Un(r) -
and

1
(n—1)(n—=2)(n—3)’

(1(0), 7)), 7(K),7(1)) = (i, s, with probability -

where {is}4_, € {1,2,-- ,n}. Thus,
1
nn—1)(n—2)(n—3

2 2
Y (@i +ajn,—ain, —aji) (ki +ar, —ari, —ari)”
i\ FirFi3Fis

242
E(A5Aw) =

)X

b. Next we compute E(A%)E(A%l) LetA; = (a,'7il +aji, —aii, —aji )2 and A, = (ak7i3 +api, —
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Apiy — a17,-3)2. Then we have

1

E(A7)E(A7) = 0 Y (aii +ajn—aii, —aji)’x
nin— )iﬁéiz
1 2
n(n — 1) i3§;4(ak7’3 —|—a17,4 — Akiy — al,t3)
1
-} 2 Z (ai,i] taji, —aij, —aji, )2(ak,i3 +ai, — i, — al,i3)2
n*(n—1) i1 #ip i3l
1
= Y A+
n(n—1)(n—2)(n—3) 17737,
1 1
[ - ] AjAr+
n?(n—1)2 nn—1)(n—2)(n—3) i#l';a#m
1
Y AlAs
nn—1)%, L=,
As aresult, II can be rewritten as follows
I=-— [( 5 ! i 1 ! 7 3 ) Z A1A2+—2 ! 02 Z AlAz}.
i#jFktl T (n=1)* n(n—1)(n—2)(n-3) i FirFi3Fis ni(n—1) i1 702,137 14

Obviously, bounding |II| is enough. As for AjA;, we have the following inequality

4 4
(aijy +aji, —aijp —aji)* + (ais +agi, — ai, —ar,)
2

2 2 2 2 2 2 2 2
<d4(aj;, +aj, tai, +aj;)+(ag, +ai, tag, +ai)]

A1Ay <

Let (+) = (25,17 ~ a3 Bt o s ia AtA2 and (%) = by B iy i, 4, ArAo. Then
when n is large enough, sum of (x) and sum of (k) satisfy

1
(%) ~ o
i1kt A IFRAL s iy

Ci, ey 4 4
S;Xn Zaij:CII’laij.
L,J

A1Ar

and

(>x<>|<)wi4 Z Z A1Ar

it jEkALinFin, iz Fia

6))
< F(rﬁ X nZZafj) = CznZa?j,
i,J i,J

it jAhA]
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[13 2

where “~”” means approximation.

Thus,
1| < CnZa C's are constants),
i,J
and . .
Var(X) < - (n —17 5 X LnZa,J (L is constant) and ﬁVar X) < - Za?j,
Therefore,

2 1 1
Wass(W,Z)S\/%Var[ (M(W W)2 W)+ 37 EIW - w'?

1 4 3

- a~+— ’a,‘j’ .

Based on our assumption at the beginnig, we have a;; ~ 0(%) and thus Wass(W, Z) is bounded by
%, where C is some constant. Finally, we can conclude that W ~ N (0,1), as n — o. This finishes

the proof of Hoeffding combinatorial central limit theorem. O

3.3 Size-bias Coupling
3.3.1 Some basic idea about size-bias coupling

Definition 5 For a random variable E(X) > 0 with E(X) = U < oo, we say that the random vari-
able X* has the size-bias distribution with respect to X if for all f such that E|X f(X)| < oo, we
have

EXf(X)] = HE[f(X")].

Theorem 2 Let X > 0 be a random variable such that E(X) = . < oo, and Var(X) = 6. Let X* be
defined on the same space as X and have the size-bias distribution with respect to X. If W = Xu

(e}
andZ ~ N(0,1), then
u 2 . u s 2
Wass(X,Z) < ?\/;\/Var(E(XY_MX)) +F]E[(X - X)7].
Proof. Take any twice differentiable function f satisfying |f|e < 1, |f|e < 4/%, and |f"]e < 2.

E[W f(W)] can be expressed as follows:

BIW (W) = B[ E A =B () - L]
po X —u X—u
=E[_(f(——) -],

where the last equality is from the definition of size-bias distribution.
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Then a Taylor expansion yields

M X —p o, X (X-X), X —u
R e G R e G

E[W f(W

for some X* lies between X and X*. Then using definition of W in terms of X we obtain that

[ELF (W) W A(W)] | = [BLF (W) = 2500 = X)£ (W) —E[z“?o@ xSt
< Bl - oo X))+ s Bl xR

Since || < %, and by taking conditional expectation, we have

[ELF(W)(1 - S5 ("~ \H@l__ S—X))!:\/%]E[Eu—gw—mxn\
S\/;E\l—iE( ~X[x)],

Note that 62+ u2 = E(X?) = E(X - X) = uE(X*), which implies that E(X* — X) = Z. Then we

get g
\fﬂz\l—ixﬁ:( —X[X)| = “\[E}——E( —X[x)|
\[ )E —X|X)] - (“—X|X)‘.

Now by Cauchy-Schwarz inequality (|E(XY)| < /E(X2)+/E(Y2), which implies E?(X) <E(X?)),
we have

\/>‘IE —X|X)]-E(Xx* X|X \/7\/ —X|X))—IE(XS—X|X)}2
— ;\/;\/Var(E(XS —X|X))

QL@\E[(XX—X)Zf”(X*;“)H < 22‘3 2E|(X* —X)?| = %E[(XS—X)Z],

and since | f"'| <2, we can get

Combining the above results, we finally bound the Wasserstein distance by

Wass(X,Z) \/>\/Var T—X[X)) —|—%E[(XS—X)2].

39



Introduction to Stein’s Method and Normal Approximation

This finishes the proof. a

3.3.2 Construction of size-bias coupling

Considering the fact that there is an explicit form of the upper bound of Wasserstein distance
Wass(W,Z) if we can construct a size-bias coupling, we need some approaches for this construc-
tion. In this section, we will introduce three methods about constructing a random variable X* that
has the size-bias distribution with respect to X, given some specific conditions.

Method 1
LetX =Y" ,X;, where X; > 0 and E(X;) = ;. The following steps show the construction of size-
bias of X.

1. For each i = 1,2,---,n, let X7 has the size-bias distribution of X; and independent of X,
X3, j # i. Given X;’ = x, define the vector (X J@) j=i to have the same distribution of (X;)
conditional on X; = x.

2. Choose a random summand X; , where the index I is chosen proportional to U;, and indepen-

dent of all else. Let E(X) = u, P(I = i) = ﬁ’

3. Define X* = ¥ ;. X!+ X;.

If X* is constructed by the above 3 steps, then X* has size-bias distribution of X.

Method 2

Let X1,X>,---,X, be non-negative independent random variables with E(X;) = 1;, and for each
i=1,2,---,n, let X} have the size-bias distribution of X;, and X? is independent of X; and X?,
i#j. IfX=Y" X;,E(X)=u,and]Iis chosen independent from all else with. If P(/ = i) = ’;’
then X* =X —X; +X # has the size-bias distribution of X.

Proof. Because of the independence stated in this method, the conditioning in the construction has
no effect.

Method 3

Let X1,X>,---,X, be zero-one random variables and P(X; = 1) = p;. For each i = 1,2, ,n, let
(X J@) j+i have the distribution of (X;);.; conditional on X; = 1. If X =}/, X;, E(X) = u, and 1
is chosen independent from all else with P(I = i) = %, then X° =Y #IX}I) + 1 has the size-bias
distribution of X. .

Proof. Based on the notations in method 3, we have u =3}" | p;and X* =}/ X ](I) +1, (X](’) )jki =
(X;) jilX; = 1. Then we can easily get

E[f(x)] = Y
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Additionally, we can also get the following relation by simple calculations:

zn: 1+ Y X)X =1]= pE[F(1+ Y x\")

j=1 J#i J#i

Finally, we obtain that

Elf(X*)] =

‘:I»— ||M=

This finishes the proof. 0

3.3.3 Application of size-bias coupling

A very important application of size-bias coupling is to prove the concentration of measure for the
number of isolated vertives in the Erdos-Rényi random graph. A full version of proof can be found
in Ghosh’s paper [4].

From the mehtods introduced above, we can see that a necessary component is that W is
nonnegative. However, this is not quite natural, especially when the distribution of W is symmetric
around zero, since W should be closer to a standard Gaussian random variable Z. This shortcoming
motivates the introduction of zero-bias coupling.

3.4 Zero-bias coupling

3.4.1 Basic idea about zero-bias coupling

Definition 6 For a random variable W with (W) = 0 and Var(W) = 6% < o, we say that random
variable W* has the zero-bias distribution with respect to W if for all absolutely continuous f such
that E[W f(W)] < co, we have

E[W f(W)] = 6’E[f'(WF)].

Theorem 3 If W is a random variable with E(W) = 0 and Var(W) = 1, and let W* defined on
the same space as W and have the zero-bias distribution with respect to W. If Z ~ N(0,1), then

Wass(W,Z) < 2E|W*—W|.

Proof. Take function f satisfying |fle < 1, [f'|e < 1/ %, and | "] < 2. Obviously,

Wass(W,Z) < sup|E[f'(W) — W f(W)]| = sup|E[f'(W) — f'(W9)]].
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Then by Taylor expansion, we have

Wass(W,Z) < |f"|<E|W —W?| = 2E|W* - W|.

Proposition 1 Let W be a random variable with E(W) = 0, and Var(W) = 6% < .

1. There is a unique probability distribution for W* satisfying
EWf(W)] = o*E[f' (W),
for absolutely continuous f such that EW f(W)] < oo

2. The distribution of W* is absolutely continuous with respect to Lebesgue measure with den-
Sity
1 1
fo(w) = ?E[W- Lwsw)] = —?E[W Lw<w)-

Proposition 2 If W is a random variable with BE(W) = 0, and Var(W) = 6% < oo, then (aW )* has
the same distribution as aW~.

3.4.2 Construction of zero-bias coupling

In general, the construction of zero-bias coupling is difficult to achieve. So we consider a simpler
and special case that in which the random variable W is the sum of independent random variables.

Theorem 4 Let X1,X>,- -+, X, be independent random variables with E(X;) = 0, Var(X;) = Gl-z,

and Y, O'l-2 = 1. Define W =Y.' | X;, then we have the following method to construct zero-bias
W= for W.

1. For eachi=1,2,---,n, let X have the zero-bias distribution of X;, independent of X; and
X;: j?é i'

2. Choose a random summand X;, where the index I satisfies P(I = i) = 67, and is independent
from others.

3. Define W* =Y ;1 X;+X; =W —X; + X[.
Then W* has the zero-bias distribution of W.

Proof. Note that E[X;f(X;)] = 0?E[f(X}?)] and W — X; is independent of X;. Then we have

EWf(W)] E[Xif(W)] = iE(Xif(W—Xi+Xi))

I
D=
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Additionally, since E[f'(W —X; +X{)] = YL, 62 f'(W — X; + X?), and then we obtain that
EW f(W)] = E[f'(W = X1+ X)] = E[f'(W*)] @7

Therefore, we can conclude that W* has the zero-bias distribution of W by definition. ad

3.4.3 Application of zero-bias coupling

Zero-bias coupling are generally applied to prove Lindeberg-Feller Central Limit Theorem.
First, let’s introduce the triangular array of random variables.

X1 X12 X13 -+ Xip,
Xo1 X0 Xo3 -+ Xop,
X31 X320 X33 -+ X3y,

an XnZ Xn3 T Xnnn

where X;;’s are random variables and satisfy the following properties

1. For each i, the n; random variables X1, - - -, Xjy, in the i-th row are mutually independent.
2. E(X;;) =0, for all , j.
3. Y, E(X}) =1, forall i.
Let (X; n)1<i<nn>1 be the triangular array of random variables defined as above such that Var(X; ,) =

Gl%n < oo Let W, =Y | Xi . and then Var(W,) = 1. A sufficient condition for W, to satisfy central
limit theorem is the following Lindeberg condition:

n
Z E[Xi?nl(|Xi,n|>g)} — 0, asn — oo,
i=1

for all € > 0.

Theorem 5 Let (X ,)1<i<nn>1 be the triangular array of random variables defined as above and
let X;, , be a random variable independent of X; ,, with P(I, = i) = Gi%n' For each i, let X7, have
the zero-bias dsitribution of X; ,, independent of all else. Then Lindeberg condition

(X2, (x,0>¢)) — 0, asn— oo,

-

i=1

holds for all € > 0 if and only if
XIZM£>0, asn — oo,
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Proof. Let f'(x) = 1(|y>¢) and f(0) — 0, for some fixed & > 0. Note that

f/(X):{ (1) |X|Z£7

otherwise.

then we have f(x) = |x| - 1(jy>¢) — € and xf(x) = (x* — &]x]) 1(jy>¢). And P(IX} | > €) can be
bounded as follows

n
=Y o’ P(X},| > €)
i=1

|XI N

n

i“z E[lx: 5¢)) = Y, 07 Elf (XF,)]

nLn 4
i=1

N
._.

I

~
I
—_

E (X5 f (XE,)]

I

~
I
—_

E[((X%,) —elX7 ) 1(x: |5¢)]

nn

IA

~
—

E[(X5,) x5, 120)]

which indicates that 0 <P(|X} | >€) <YL E[(X] )21(|an|28)} . Therefore, X}’ | 2.0, asn — oo,

i,n
which is equivalent to Lindeberg condition. O

Theorem 6 IfX] , 2,0, as n — o, then W, satisfies CLT.

Proof. To prove that W, satisfies a CLT, we need to show that Wass(W,,,Z) — 0. Based on the proof
of Theorem 3, we have already known that Wass(W,,,Z) < sup|E[ f'(Wy) — £/ (W3)]|. Additionally,
note that E(x) = [;"P(X > 1)dt ﬂ then we have

ELF (W) = £ W) < EL 00) £ )] = [ R( W) = /005 = 1)
< [T RUr o) - F o) =

21| , . 2[f'|e .
S/o P(’f |oo| Wy — WY Zt)df:/() (lW - Wil = |f//| )

where the last inequality is from Taylor expansion.

Next, we will show [W, — W2| B 0, since if [W,, — WZ| 2 0, then P(|W, — W3| > f” =) =0
by definition of convergence in probability.

Note that |W, —Ws| = [X; , — Xj, »| and X} 2,0, hence in order to prove |W, — W?| 2 0, it’s

“This is because X = [¢* 1(,>)dt, thus, E(x) = [;"P(X >1) - 1d1.
Or <[/ (W) = f' (W) < 2|f |oo
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enough to show Xj, , 2.0. Let m, = max{c?, }, then by Chebyshev’s inequality, we have
i )

< Var(XIm,,) . ?:1 Gi%n 'Var(Xin,n) . ;’1:1 Gi‘,‘n
e? e2 e2

P(|Xln,n| Z 8) >~

where the last equality comes from the fact that Var(W,) = 1.
In the final step, what left to show is m,, — 0. V0 > 0, we have

Oin = B(X) = E[Xiu1 (x,,1<0)] + EXD 1y, 155
And since E[X? 1(x,,1<5)] = X7,P(|Xia| < 8) < 82, we can get
Oin < 87+ E[XT 1y, /55)]-
According to Theorem 5, XIZ;, n LA 0, as n — oo is equivalent to Lindeberg condition, thus,
E[X?,1(1x,,>5)] — 0,as n — co,

Then we can conclude that VY8 > 0, 0 < m, < 82, as n — oo. Therefore, m, — 0, as n — oo. This
finishes the proof. U
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