The Canonical
Gaussian Measure on

Rn

1. Introduction

The main goal of this course is to study “Gaussian measures.” The sim-
plest example of a Gaussian measure is the canonical Gaussian mea-
sure P, on R™ where n > 1 is an arbitrary integer. The measure P, is
one of the main objects of study in this course, and is defined as

P,(A) := / Yn(x)dx for all Borel sets A C R",
A

where

e—lxl?/2
(271—)11/2
The function 4 describes the famous “bell curve.” In dimensions n > 1,
the curve of vy, looks like a suitable “rotation” of the curve of ;.

Tnlx) = [x € R]. (1.1)

We frequently drop the subscript n from P, when it is clear which
dimension we are in. We also choose and fix the integer n > 1, tacitly,
consider the probability space (2, % ,IP) where we have dropped the
subscript n from P, [as we will some times], and set

Q:=R", and %F:= BR").
Throughout we designate by Z the random vector,

Zilx):=x; forallx e R"and 1 <j < n. (1.2)
3



4 1. The Canonical Gaussian Measure on R"

Then Z := (Zy,...,Z,) is a random vector of n ii.d. standard normal
random variables on our probability space. In particular,

Pr(A)=P{Zc A} for all Borel sets A C R".

One of the elementary, though important, properties of the measure
P, is that its “tails” are vanishingly small.

Lemma 1.1. As t — oo,

PlreR: x> t) = g O nose-ri

2n/21(n/2)
Proof. Since .
Sni=ZIP =) 2 (1.3)
i=1
has a x> distribution,
1 o0
. _ 2y - (n-2)/2 ,—x/2
PR x| > ) = PS> £ = g ftQ x(n-2)2=x12 gy
for all t > 0. Now apply I'Hopital’s rule of calculus. O

The following large-deviations estimate is one of the consequences
of Lemma 1.1:

1
tlim t—glog]P {xeR": |x| >t} =-4. (1.4)

Of course, this is a weaker statement than Lemma 1.1. But it has the
advantage of being “dimension independent.” Dimension independence
properties play a prominent role in the analysis of Gaussian measures.
Here, for example, (1.4) teaches us that the tails of IP,, behave roughly
as do the tails of P4 for all n > 1.

Still, many of the more interesting properties of P, are radically
different from those of Py when n is large. In low dimensions—say
1 < n < 3—one can visualize the probability density function 7y, from
(1.1). Based on that, or other methods, one knows that in low dimensions
most of the mass of P, lies near the origin. For example, an inspection
of the standard normal table reveals that more than half of the total
mass of P4 is within one unit of the origin; in fact, P1[-1,1] ~ 0.68268.

In higher dimensions, however, the structure of IP,, can be quite dif-
ferent. Recall the random variable S, from (1.3), and apply Khintchine’s
weak law of large numbers XXX to see that S,/n converges in prob-
ability to one, as n — oco.! This is another way to say that for every

1In the present setting, it does not make sense to discuss almost-sure convergence since the un-
derlying probability space is (R", B(R"), Pp).
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>0,

lim P {x ER": (1 —en' < x| <1+ e)n“Q} 1. (15)
n—oo

The proof is short and can reproduced right here: Let IE denote the
expectation operator for IP := IP,, Var := the variance, etc. Since ES, =
Var S,, = n, Chebyshev’s inequality yields P{|S, —ES,| > en} < e?n%
Equivalently,

1

Plx e R (1 —en <[z < (L+ e} >1- .

(1.6)
Thus we see that, when n is large, the measure IP,, concentrates much
of its total mass near the boundary of the centered ball of radius n!/2,
very far from the origin. A more careful examination shows that, in
fact, very little of the total mass of P, is elsewhere when n is large. The
following theorem makes this statement more precise. Theorem 1.2 is
a simple example of a remarkable property of Gaussian measures that
is known commonly as concentration of measure XXX. We will discuss
this topic in more detail in due time.

Theorem 1.2. For every € > 0,

P {x ERM: (1—en'? < x| <+ e)nW} >1-927".  (17)

Theorem 1.2 does not merely improve the crude bound (1.6). Rather,
it describes an entirely new phenomenon in high dimensions. To wit,
suppose we are working in dimension n = 500. When & = 0, the left-
hand side of (1.7) is equal to 0. But if we increase € slightly, say to
€ = 0.01, then the left-hand side of (1.7) increases to a probability > 0.986
(). By comparison, (1.6) reports a silly bound in this case.

Proof. From now on, we let It := [, denote the expectation operator
for P := P,. That is,

E(f) := Ep(f) := ]fd]Pn = /fd]P for all f € LY(P,).
Since S, := Y ; Z2 has a x2 distribution,

Ee™n = (1 —20)™2 for —co < A < 1o, (1.8)

and E exp(AS,) = co when A > /2.
We use the preceding as follows: For all t > 0 and A € (0, 1/2),

P{x: x> n'2t} = P(S, > n?} = P {5 > e} < (1-02) e,
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thanks to Chebyshev’s inequality. Since the left-hand side is independent
of A € (0,1/2), we may optimize the right-hand side over A € (0,1/2) to
find that

P {x 2]l > n“zt} < exp { —n sup
0<A<f2

A2 + %log(i - QA)} }

=exp{—g[t2—1 —21091‘”.

Taylor expansion yields logt <t —1 — %(t —1)? when t > 1. This and the
previous inequality together yield

P {x ] > n“Qt} L e M) o gmnlt-t], (1.9)

When t = 1, the same inequality holds vacuously. Therefore, it suffices
to consider the case that f < 1.

In that case, we argue similarly and write

P {x el < ni/gt} =P {e_)‘sn > e_)”“tz} [for all A > O]

}
=exp{—g [1—t2—zlogt”.

Since t < 1, a Taylor expansion yields —2log t > 2(1 —t)+ (1 —t)?, whence

1
A%+ 5 log(1 + 2A)

< exp { —n sup
A>0

. 1/2¢] nr o < o-n(l-1)
IP{x. x| < n t}\exp{ 2[1 t 21091‘”\63 .
This estimate and (1.9) together complete the proof. O

The preceding discussion shows that when n is large, P{||Z|| =~ n!/?}
is extremely close to one. One can see from another appeal to the weak
law of large numbers that for all € > 0,

P{(1 - elppn'’® < |Z]l, < (1 + hppn®} 51 asn - oo,

for all p € [1,c0), where p, := E(|Z1|P) and || - ||, [temporarily] denotes
the ¢P-norm on R"; that is,

], o | (Dt )™ i1 <p <o,
P maxici<n |xi|  if p = o0,
for all x € R". These results suggest that the n-dimensional Gauss space
(R™, B(RR"™), P,) has unexpected geometry when n > 1.

Interestingly enough, the case p = oo is different still. The following
might help us anticipate which £*°-balls might carry most of the measure
P, when n > 1.
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Proposition 1.3. Let M, := maxi<i<n |Zi| or := maxici<n Zi.- Then,

1
Iim ——E(M,) = 1.
o L (Mn

It is possible to compute E(M,) directly, but the preceding bound
turns out to be more informative for our ends, and good enough for
our present needs.

Proof. For all t > 0,
P (M, >t} <1ANnP{|Zy| > t} <1A2ne "2

Now choose and fix some € € (0, 1) and write, using this bound,

00 2(1+€)logn 00
E(max|Z|> / P{max]Z|>t}dt / +/
1<i<n 0 1<i<n 0 2(1+¢€)logn

<V2(1 +€)logn + Qn/ e 12 q¢
2(1+€)logn

=V2(1 +g)logn + 0 (n™¢).

Thus, we have E(M,) < (1 + o(1))v/2logn, which implies half of the
proposition. For the other half, we use Lemma 1.1 to see that,

P{maxzig 2(1—e)logn]> 1_/ ~t2/2dt
I<isn 201-¢ logn
1+o0(1) 4
— 1 I S +& — 1 ,
(1~ g > o)

for example because 1 — x < exp(—x) for all x € R. Therefore,

E <max Zi; max Z; > O) <max Zi; max Zi > V211 —¢ logn>

1<i<n 1<i<n 1<i<n 1<i<n
> +0(1))v2(1 — €)logn.
On the other hand,

‘E<maxZi; maxZi<O>‘ ZE(]Z] maxZ <O>

1<i<n 1<i<n 1
i=

< n\/IP { max Z; < O} =n2™"? = o(1),
1<i<n

as n — oo, thanks to the Cauchy-Schwarz inequality. The preceding two

displays together imply that EM, > (1 + o(1))\/2(1 —€)logn as n — oo

for every € € (0,1), and prove the remaining half of the proposition. [J
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2. The Projective CLT

The characteristic function of the random vector Z is
Ppo(w):= Ee"Z = e~ Iwl?/2 [w e R"].
If M denotes any n x n orthogonal matrix, then
EeiwMZ _ o-IMw|?/2 _ o~lw|*/2

Therefore, the distribution of M Z is IP,, as well. In particular, the normal-
ized random vectors Z/||Z| and MZ/|MZ| have the same distribution.
Since the uniform distribution on the n-sphere $"~!:= {x ¢ R": |x|| =
1} is the unique probability measure on $"~! that is invariant under or-
thogonal transformations, it follows that Z/|Z| is distributed uniformly
on $"~!. By the weak law of large numbers, ||Z|/\/n converges to 1
in probability as n — oo. Therefore, for all fixed k > 1, the random
vector \/n(Zy ..., Z)/||Z| converges weakly to a k-vector of iid. N(O,1)
random variables as n — co.

In other words, we have proved the following.

Proposition 2.1. Choose and fix an integer k > 1 and a bounded and
continuous function f : R¥ — R. Let u, denote the uniform measure
on /n$""!. Then,

lim flxy,...,xp) pp(dxy -+ - dxy) = f dPy.
n—oo \/ﬁsn—i Rk

In other words, this means roughly that the conditional distribution
of Z, given that (1 — &)n'? < ||Z|| < (1 + &)n'’?, is close to the uniform
distribution on \/n$" ! asn — ocoand € — 0. Itis in fact possible to make
this statement precise using a Bayes-type argument. But we will not do
so here. Instead we end this section by noting the following: Since the
probability of the conditioning event {(1 — &)n!? < ||Z|| < (1 + &)n'?} is
almost one—see (1.5)—we can see that Proposition 2.1 is a way of stating
that the canonical Gaussian measure on R" is very close to the uniform
distribution on /n$"~! when n >» 1.

Proposition 2.1 has other uses as well.

3. Anderson’s Shifted-Ball Inequality

One of the deep properties of P, is that it is “unimodal,” in a certain
sense that we will describe soon. That result hinges on a theorem of T.
W. Anderson XXX in convex analysis. Anderson’s theorem has many
deep applications in probability theory, as well as multivariate statistics,
which originally was one of the main motivations for Anderson’s work.
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We will see some applications later on. For now we contend ourselves
with a statement and proof.

In order to state Anderson’s theorem efficiently, let us recall a few
basic notions from [undergraduate] real analysis.

Recall that a set E ¢ R" is convex if Ax + (1 —A)y € Eforallx,y € E
and A € [0,1]. You should check that E is convex if and only if

E=AE+ (1 -MAE forall A € [0,1],
where for all a,f € R and A, B C R",
aA+BB:={ax+By:x €A,y € B}.
Proposition 3.1. Every convex set E C R" is Lebesgue measurable.

Remark 3.2. Suppose n > 2 and E = B(0,1) U F, where B(0,1) is the
usual notation for the Euclidean ball of radius one about 0 € R", and
F c 8B(0,1). Then E is always convex. But E is not Borel measurable
unless F is. Still, E is always Lebesgue measurable, in this case because
F is Lebesgue null in R".

Proof. We will prove Claim. Every bounded convex set is measurable.

This does the job since whenever E is convex and n > 1, EN B(0, n)
is a bounded convex set, which is measurable according to the Claim.
Therefore, E = US>, E N B(0, n) is also measurable.

Since OF is closed, it is measurable. We will prove that |0E| = 0. This
shows that the difference between E and the open set EY is null, whence
E is Lebesgue measurable. There are many proofs of this fact. Here is
an elegant one, due to Lang XXX.

Define
M = {B € B(R"): |[BNIE| < (1 —3_“) [B[}.

Then Jf is clearly a monotone class, and closed under disjoint unions.
We plan to prove that every upright rectangle, that is every nonempty
set of of the form []i_,(a;,b;], is in JI. If so, then the monotone class
theorem implies that Jf = B(R"). That would show, in turn, that |0E| =
|0E N 0E| < (1 — 37™)|0E|, which proves the claim.

Choose and fix a rectangle B := []i_,(a;i, b;], where a; < b; for all
1 < i < n. Subdivide each 1-D interval (a;, b;] into 3 equal-sized parts:
(ai,a; +ri], (a; +r;,a; +2r;], and (a; +2r; , a; + 3r;] where r; := (b; —a;)/3.
We can write B as a disjoint union of 3" equal-sized rectangles, each of
which has the form [, (a; + ciri,a; + (1 + ¢i]r;] where ¢; € {0,1,2}.
Call these rectangles Bj,...,Bsn. Direct inspection shows that there
must exist an integer 1 < ¢ < 3" such that OE N By = @. For otherwise
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the middle rectangle ]_Ifzi(ai + r;,a; + 2r;] would have to lie entirely in
E? and intersect 8E at the same time; this would contradict the existence
of a supporting hyperplane at every point of OE. Let us fix the integer ¢
alluded to here.

Since the Bj's are translates of one another they have the same mea-
sure. Therefore,

IBNOE|< Y [Bj| =[B| —|Be = (1-37")B
13
j#e
This proves that every rectangle B € Jf, and completes the proof. O
We will also recall two standard definitions.

Definition 3.3. A set E € R" is symmetric if E = —E.

Definition 3.4. If f : R™ — R is a measurable function, then its level set
at level r € R is defined as f'[r,c0) := {x e R": f(x)>r}:= {f >r}

The main result of this section is Anderson’s inequality XXX, which
I mention next.

Theorem 3.5 (Anderson’s inequality). Let f € L'(R") be a non-negative
symmetric function that has convex level sets. Then,

/f(x —Ay)dx > /f(x —y)dx,
E E
for all symmetric convex sets E C R", every y € R", and all A € [0,1].

Remark 3.6. It follows immediately from Theorem 3.5 that the map
A+ [pflx — Ay)dx is non increasing for A € [0, 1].

The proof will take up the remainder of this chapter. For now, let us
remark briefly on how the Anderson inequality might be used to analyse
the Gaussian measure P,,.

Recall v, from (1.1), and note that for every r > 0, the level set

yilr, 00) = {x eR": |x| < V2logr + nlog(er)}

is a closed ball, whence convex and symmetric. Therefore, we can apply
Anderson’s inequality with A = 0 to see the following immediate corol-
lary.

Corollary 3.7. For all symmetric convex sets E C R", 0 < A <1, and
v € RY, PL(E + Ay) > Pr(E + y). In particular,

Pn(E + ) < Pn(E).
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It is important to emphasize the remarkable fact that Corollary 3.7 is
a “dimension-free theorem.” Here is a typical consequence: P{||Z —a| <
r} is maximized at a = O for all r > 0. For this reason, Corollary 3.7 is
sometimes referred to as a “shifted-ball inequality.”

One can easily generalize the preceding example with a little extra
effort. Let us first note that if M is an n x n positive-semidefinite matrix,
then E := {x € R": x - Mx < r} is a symmetric convex set for every
real number r > 0. Equivalently, E is the event—in our probability space
(R™, B(R"), Pp)—that Z - MZ < r. Therefore, Anderson’s shifted-ball
inequality implies that

Po{(Z-p)-M(Z—-p)<r}<P,{Z-MZ<r} "r>0andpecR"

This inequality has applications in multivariate statistics, particularly to
the analysis of “Hotelling’s T? statistic.” We will see other interesting
examples later on.

§1. Part 1. The Brunn-Minkowski Inequality. The Brunn-Minkowski
inequality XXX is a classical result from convex analysis, and has pro-
found connections to several other areas of research. In this subsection
we state and prove the Brunn—-Minkowski inequality.

It is easy to see that if A and B are compact, then so is A+ B, since the
latter is clearly bounded and closed. In particular, A + B is measurable.

The Brunn—-Minkowski inequality relates the Lebesgue measure of
the Minkowski sum A + B to those of A and B. Let | ---| denote the
Lebesgue measure on R". Then we have the following.

Theorem 3.8 (The Brunn-Minkowski Inequality). For all compact sets
A,BCR",
IA n Bli/n > ]Ali/n + |B|1/n.

We can replace A by AA and B by (1 — A)B, where 0 < A < 1, and
recast the Brunn-Minkowski inequality in the following equivalent form:

IAA + (1 = A)B|Y™ = AJAIV™ 4+ (1 - A)|B|Yn,

for all compact sets A, B C R™" and A € [0, 1]. This formulation suggests
the existence of deeper connections to convex analysis because if A and
B are convex sets, then so is AA + (1 — A)B for all A € [0,1].

Proof. The proof is elementary but tricky. In order to clarify the un-
derlying ideas, we will divide it up into 3 small steps.

Step 1. Say that K C R" is a rectangle when K has the form,

K=[X1,X1+k1]x--- X [xn,xn+kn],
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for some x := (x1,...,xn) € R"and ky, ..., k, > 0. We refer to the point
x as the lower corner of K, and k := (ky, ..., ky,) as the length of K.

In this first step we verify the theorem in the case that A and B are
rectangles with respective lengths a and b. In this case, we can see
that A + B is an rectangle of sidelength a + b. The Brunn—-Minkowski
inequality, in this case, follows from the following application of Jensen’s
inequality [the arithmetic—-geometric mean inequality]:

n 1/n n b 1/n L L b
a; i ai i
< = il
<l_1’(1i-l-bi> +<I_1[Cli+bi> \n;<ai+bi>+nz<ai+bi>

i i= i=1
=1.

i=

Step 2. Now we consider the case that A and B are interior-disjoint [or
“ID”] finite unions of rectangles.

For every compact set K let us write K* := {x € K: x1 > 0} and
K :={xeK:x1 <0}

Now we apply a so-called “Hadwiger—-Ohmann cut”: Notice that if we
translate A and/or B, then we do not alter |A + B|, |A|, or |B|. Therefore,
after we translate the sets suitably, we can always ensure that: (a) A" and
B* are rectangles; (b) A~ and B~ are ID unions of rectangles; and (c)

|A*]  [BT|
A |B| -
With this choice in mind, we find that

A+ B> A" + B+ |A”+ BT > (ja | + |B+|“”>n +|AT + B

’

thanks to Step 1 and the fact that A* + B* is disjoint from A~ + B~. Now,

n Bt [l/n\" Bll/n\ "
flasim e pm) < 1) (1 Do) = a0 (1 B )

whence

| B|1/n
W
Now split up, after possibly also translating, A~ into A~ * and B~ into B~
such that: (i) A~* are interior disjoint; (ii) B~'* are interior disjoint; and
(iii) |[A~*|/|]A"] = |[B~*|/|B~|. Thus, we can apply the preceding to A~
and B~ in place of A and B in order to see that

n
]A+B|>|A+|<1+ > +]A” + B7|.

A+ B|l>|AT] (1 [Bli/n ’ At (1 |B|1/n ’ A~ + B~
A+ B[ > [A7| A + AT t1a|m + | + |
[Bll/n

= (JA*[+]A™7]) <1 + (A

n
> + A7 + B
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And now continue to split and translate A™~ and B™~, etc. In this way
we obtain a countable sequence Ay := A*, Ay := A~7F, ..., By := B*,
By := B™7,...of ID rectangles such that: (i) U;2(B; = B [after translation];
(i) UZpA; = A [after translation]; and (ii)

0 B|l/n n Bli/n n n
|A+B| =) Al <1+ :A{m> = |4] <1+ :A:1,H> = <|A[““+[B[“"> .
j=0

This proves the result in the case that A and B are ID unions of rectan-
gles.

Step 3. Every compact set can be written as an countable union of ID
rectangles. In other words, we can find A!,A%,... and B!, B%,... such
that: (i) Every A’ and B¥ is a finite union of ID rectangles; (ii) A/ ¢ A/*!
and B® C B**! forall j, k > 1; and (iii) A = U].=1Aj and B = U]?’iiBj. By the
previous step, |A + B[/ > |Am 4 Bm|tn > |Am|tn | BV fopall m > 1.
Let m T oo and appeal to the inner continuity of Lebesgue measure in
order to find deduce the theorem in its full generality. O

§2. Part 2. Change of Variables. In the second part of the proof we
develop an elementary fact from integration theory.

Let A C R™ be a Borel set, and g : A — R, a Borel-measurable
function.

Definition 3.9. The distribution function of g is the function G : [0, c0) —
R., defined as

G(r) := ‘g_i[r,oo)‘ ={xeA:glx)>r}:=|{g>=r} forallr > 0.

This is standard notation in classical analysis, and should not be mis-
taken with the closely-related definition of cumulative distribution func-
tions in probability and statistics. In any case, the following should be
familiar to you.

Proposition 3.10 (Change of Variables Formula). For every Borel mea-
surable function F: R, —» R,

/F(g(x)) dx = _foo F(r)dGl(r).
A 0

If, in addition, A is compact and F is absolufely continuous, then

/ F(g(x)) dx = f ~ Pr)Gir) dr.
A 0
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Proof. First consider the case that F = 1) for some b > a > 0. In
that case,

/OOF(r)dG(r’) Gb-) - Gla) = —|{x € A: a < glx) < b}
0

— / F(g(x))dx.
A

This proves our formula when F is a simple function. By linearity, it
holds also when F is an elementary function. The general form of
the first assertion of the proposition follows from this and Lebesgue’s
dominated convergence theorem. The second follows from the first and
integration by parts for Stieldjes integrals. O

§3. Part 3. The Proof of Anderson’s Inequality. Let us define a new
number a € [0,1] by a := (1 + A)/2. The number « is chosen so that

ay + (1 —a)(-y) = Ay.

Since E is convex, we have E = aE + (1 — a)E. Therefore, the preceding
display implies that

(E+Ay) 2aE+y)+ (1 —a)(E-y).

And because the intersection of two convex sets is a convex set, we may
infer that

(E+A9)nf~![r,o0) 2 a [(E +y)nflr, oo)] +(1—a) [(E —y)n f—i[r,oo)] .

Now we apply the Brunn—Minkowski inequality in order to see that

1/n
(E+Ay)nftr, o)

‘1/11 1/n

>alE+y)nfTlr,00)  + (L -a|E-ynf o)

Since E is symmetric, E —y = —(E + y). Because of this identity and the
fact that f has symmetric level sets, it follows that

(E-y)nf'Ir,00) = = [(E+r)nfr,o0).

Therefore,

1/n 1/n

’

(E+z)nfr, o)

= |E=9)nfr o)

whence

Hy(r) = |(E + A9) 0 f~'r 00| > |(E +9) 0 7' 00)| := Hi(r).
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Now two applications of the change of variables formula [Proposition
3.10] yield the following:

ffx Aydx—/]‘x y)d

oo [ pde [ ftedr
E+Ay E+y
—/0 rdH, (r) +/0 rdH(r)

/OOO {Hk(r) - I:I1(r)] dr > 0.

This completes the proof of Anderson’s inequality. U

%4. Gaussian Random Vectors

Let (2, %, Q) be a probability space, and recall the following.

Definition 4.1. A random n-vector X = (Xi,...,X,) in (Q,%F,Q) is
Gaussian if a - X has a normal distribution for every non-random n-
vector a.

General theory ensures that we can always assume that 2 = R",
F = B(R"), and Q = P,, which we will do from now on without further
mention in order to save on the typography.

If X is a Gaussian random vector in R™ then a - X has moments of
all orders. Let p and Q respectively denote the mean vector and the
covariance matrix of X.> Then it is easy to see that a - X must have a
N(a - p,a - Qa) distribution. In particular, the characteristic function of
X is given by

E [eia'x} =exp (ia-p - ta-Qa) for alla € R".

Definition 4.2. Let X be a Gaussian random vector in R" with mean p
and covariance matrix Q. The distribution of X is then called a multi-
variate normal distribution on R™ and is denoted by N, (u, Q).

When Q is non singular we can invert the Fourier transform to find
that the probability density function of X is
1
(27[)11/2 | det QIi/Q

When Q is singular, the distribution of X is singular with respect to the
Lebesgue measure on R", and hence does not have a density.

py(x) = exp{-blx—p)-Q7'x -p}  [xeR"

2This means that ;; = E(X;) and Q;; = Cov(X;, Xj) respectively denote the expectation and covari-
ance operators with respect to IP.
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Example 4.3. Suppose n = 2 and W has a N(0,1) distribution on the
line [which you might recall is denoted by IP1]. Then, the distribution
of X = (W,W) is concentrated on the diagonal {(x,x) : x € R} of
R?. Since the diagonal has zero Lebesgue measure, it follows that the
distribution of X is singular with respect to the Lebesgue measure on
R?.

The following are a series of simple, though useful, facts from ele-
mentary probability theory.

Lemma 4.4. Suppose X has a N,(u, Q) distribution. Then for all b €
R™ and every m x n matrices A, the distribution of AX +b is Ny, (Ap +
b,A-QA).

Lemma 4.5. Suppose X has a Nyp(u, Q) distribution. Choose and fix
an integer 1 < K < n, and suppose in addition that I, ...,Ix are K
disjoint subsets of {1,...,n} such that

Cov(X;,Xj) =0 whenever i and j lie in distinct I,’s.

Then, (Xi)ic1,, - - ., (Xi)iclx are independent, each having a multivariate
normal distribution.

Lemma 4.6. Suppose X has a N, (i1, Q) distribution, where Q is a sym-
metric, non-singular, n x n covariance matrix. Then Q~"2X has the
same distribution as Z.

We can frequently use one, or more, of these results to study the
general Gaussian distribution on R" via the canonical Gaussian measure
P,. Here is a typical example.

Theorem 4.7 (Anderson’s Shifted-Ball Inequality). If X has a N,(0, Q)
distribution and Q is positive definite, then for all convex symmetric
sets F C R" and a € R",

P{Xea+F}<P{XeF]
Proof. Since Q12X has the same distribution as Z,
P{Xca+F}=P {z e Q12q 4 Q‘“QF} .

Now Q~12F is symmetric and convex because F is. Apply Anderson’s
shifted-ball inequality for P, [Corollary 3.7] to see that

P {z c O 2q 4+ Q““QF} <P {z c Q““QF} .
This proves the theorem. ([

The following comparison theorem is one of the noteworthy corol-
laries of the preceding theorem.
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Corollary 4.8. Suppose X and Y are respectively distributed as N, (0, Q,)
and N, (0, Q,), where Q, — Q, is positive semidefinite. Then,

P{XeF}<P{YcF}

for all symmetric, closed convex sets F C R™.

Proof. First consider the case that Q,, Q,, and Q, — Q, are positive
definite. Let W be independent of ¥ and have a N,(0, Q, — Q,) distribu-
tion. The distribution of W has a probability density p,,, and W + VY is
distributed as X, whence

P{XcF}=P{W+VecF) =/ P{Y € —a + F}p, (a)da < P{Y & F},
Rn

thanks to Theorem 4.7. This proves the theorem in the case that Q, —Q,
is positive definite. If Q, is positive definite and Q, — Q, is positive
semidefinite, then we define for all 0 < 6 < € < 1,

X(e):= X +eU, V(8):=V+68U,
where U is independent of (X, V) and has the same distribution N, (0, I)

as Z. The respective distributions of X(e) and Y(6) are Nn(0, Q) and

Nn(0, Qy,), where Q, ., := Q, + &l and Q,, = Q, +6I. Since Q,,, Qy,,
and Q,,, — Q,, are positive definite, the portion of the theorem that
has been proved so far implies that P{X(e) € F} < P{Y(6) € F}, for all
symmetric convex sets F C R™. Let € and S tend down to zero, all the
while ensuring that § < e. Since F = F, this proves the result. ([

Example 4.9 (Comparison of Moments). For every 1 < p < oo, the
fP-norm of x € R" is

1p .
el e | (i)™ it p <o,
P maxici<n |Xi|  if p = oo.

It is easy to see that all centered ¢P-balls of the form {x € R" : |x|p <
t} are convex and symmetric. Therefore, it follows immediately from
Corollary 4.8 that if Q, — Q, is positive semidefinite, then

P{|Xl|p >t} =>P{|Y|p >t} forall t >0and 1 <p < oo.

Multiply both sides by rt"~! and integrate both sides [dt] from t = 0 to
t = o0 in order to see that

E[IX]5] = E[1YI}] forr >0and 1 < p < co.

These are examples of moment comparison, and can sometimes be use-
ful in estimating expectation functionals of X in terms of expectation
functionals of a Gaussian random vector Y with a simpler covariance
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matrix than that of X. Similarly, P{||X + a|, > t} > P{|X|, > t} for all
aeR"t>0 and 1 < p < oo by Theorem 4.7. Therefore,

E (|X]5) = aien]l{nIE) (I1X +alyp) forall1 <p <ooandr > 0.

This is a nontrivial generalization of the familiar fact that when n = 1,
Var(X) = infqer E(|X — al?).



