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Abstract

For a random vector X in R”, we obtain bounds on the size of a sample, for which the empirical pth
moments of linear functionals are close to the exact ones uniformly on a convex body K C R". We prove
an estimate for a general random vector and apply it to several problems arising in geometric functional
analysis. In particular, we find a short Lewis type decomposition for any finite dimensional subspace of L .
We also prove that for an isotropic log-concave random vector, we only need |n? /2 logn ] sample points
so that the empirical pth moments of the linear functionals are almost isometrically the same as the exact
ones. We obtain a concentration estimate for the empirical moments. The main ingredient of the proof is
the construction of an appropriate majorizing measure to bound a certain Gaussian process.
© 2006 Elsevier Inc. All rights reserved.
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1. Introduction

In many problems of geometric functional analysis it is necessary to approximate a given ran-
dom vector by an empirical sample. More precisely, given a random vector X € R"”, we want to
find the smallest number m such that the properties of X can be recovered from the empirical
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measure 1/m ZTzl ) X constructed with independent copies X1, ..., X;, of the vector X. In
particular, for p > 2 and for y € R”, we want to approximate the moments E|(X, y)|? by the
empirical averages 1/m Z;f':l [(Xj, y)|? with high probability. Moreover, we require this ap-
proximation to be uniform over y belonging to some convex symmetric set in R”. A problem of
this type was considered in [4]. Formulated in analytic language, it asks about finding the small-
est m and a set of points xy, ..., x, € X such that for any function f from an n-dimensional
function space F C L1(X, u),

1 m
(1—a)lflh < E;|f(x;)| < =8)lflh.
P

Another example of such problems originates in Computer Science. The probabilistic algorithm
for estimating the volume of an n-dimensional convex body, constructed by Kannan, Lovasz, and
Simonovits [12] required to bring the body to a nearly isotropic position as a preliminary step.
To this end, one has to sample m random points xy, ..., X, in the body L so that the empirical
isotropy tensor will be close to the exact one, namely

<e. (D

1 < 1
H;;x]@x]—m/x@)xdx
J= L

This problem was attacked with different probabilistic techniques. The original estimate of
[12] was significantly improved by Bourgain [3]. Using the decoupling method he proved that
m = C(¢)nlog n vectors xi, ..., x, uniformly distributed in the body L satisfy (1) with high
probability. This estimate was farther improved to (Cn/&?) - logz(Cn /&%) in [23,24]. The proof in
[23] used majorizing measures, while the later proof in [24] was based on the non-commutative
Khintchine inequality.

These problems were put into a general framework by Giannopoulos and Milman [8], who re-
lated them to the concentration properties of a random vector. Let o > 0 and let v be a probability
measure on (X, £2). For a function f: X — R define the 1, -norm by

1/l =inf{x >0 /exp(lfl/)»)“dv < 2}.
X

Chebychev’s inequality shows that the functions with bounded ,-norm are strongly concen-
trated, namely v{x | | f(x)| > At} < Cexp(—t¥). Let u be a Borel measure in R”. It is called
isotropic if

/x Rxdpn(x)=1Id,

Rl’l
where Id is the identity operator in R”. Note that this normalization is consistent with the one
used in [12,23,24]. The normalization used in [8,17] differs from it by the multiplicative coeffi-

cient Li, where L, is the isotropic constant of j (see [17]).
The paper [8] considers isotropic measures which satisfy the 1, -condition for scalar products:

el <€
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for all y € §"~!. Here and below C, c, ... denote absolute constants, whose value may change at
each occurrence.

Note that by Borell’s lemma, any log-concave measure in R” satisfies the r-condition
[17,18]. Let p > 1 and let i be an isotropic log-concave measure satisfying the 1, -condition
for scalar products with some « € [1,2]. The central result of [8] provides an estimate for the
minimal size of a set of independent random vectors X1, ..., X;, distributed according to the
measure pu such that the empirical p-moments satisfy the inequality

m l/p
1
n(p) < (; Zlﬂx, y>}”> <D(p)., VYyes' )
J:

The -condition implies that the L ,(w)- and L(u)-norms of the function fy(x) = (x, y) are
equivalent. Thus the inequality (2) means that the empirical p-moment of f is equivalent to the
real p-moment up to a constant coefficient.

In the present paper we use a different approach to this problem based on the majorizing
measure technique developed by Talagrand [26]. This approach lead to breakthrough results in
various problems in probabilistic combinatorics and analysis (see [26] and references therein). In
a similar context the majorizing measures were applied in [25] to select small almost orthogonal
submatrices of an orthogonal matrix, and in [23] to prove the estimate (1) with small m.

To state the results we have to introduce some notation. Let (R", {-,-)) be a Euclidean space,
and let | - | be the associated Euclidean norm. For a symmetric convex body K in R”, we
denote by || - || x the norm, whose unit ball is K, and by K° ={y e R" | Vx € K, (x,y) < 1}
the polar of K. We assume that the body K has the modulus of convexity of power type g > 2
(see Section 2 for the definition). Classical examples of convex bodies satisfying this property
are unit balls of finite dimensional subspaces of L, [5] or of non-commutative L,-spaces (like
Schatten trace class matrices [27]). We denote by D the radius of the symmetric convex set K,
i.e. the smallest D such that K C DB;. For every 1 < g < +00, we define ¢* to be the conjugate
ofg,ie. 1/qg+1/q* =1.

Given a random vector X in R”, let X1, ..., X,, be m independent copies of X. Let K C R”
be a convex symmetric body. Denote by

m

V,(K) = sup |(X;. 0|7 —ENX, »)|"
=1

1
yek|Mm F
the maximal deviation of the empirical p-moment of X from the exact one. We would like to
bound V), (K) under minimal assumptions on the body K and random vector X. This will allow
us to choose the size of the sample m for which this deviation is small with high probability.
Although the resulting statement is pretty technical, it is applicable to a wide range of problems
arising in geometric functional analysis. We discuss some examples in Sections 3, 4.

To bound such random process, we must have some control of the random variable
max g j<m | X j|2. To this end we introduce the parameter «, ,, (X), which plays a key role below,

I/p
()= (E max 1)

IJ/m

We prove the following estimate for V,,(K).
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Theorem 1. Let K C (R”, (-,-)) be a symmetric convex body of radius D. Assume that K has
modulus of convexity of power type q for some q > 2. Let p > q and let g* be the conjugate of q.

Let X be a random vector in R", and let X1, ..., X;, be independent copies of X. Assume that
(logm)*/1"
Cpp————(D kpm(X))’ <8% supE[(X, y)|"
m yeK

for some § < 1. Then

EV,(K) <28 supE[(X, y)|”.
yekK

The constant C),  in Theorem 1 depends on p and on the parameter A in the definition of the
modulus of convexity of power type g (see Section 2.1 for the definition).

Note that minimal assumptions on the vector X are enough to guarantee that £V, (K') becomes
small for large m. Indeed, assume that the variable | X |, possesses a finite moment of order p + ¢
for some positive . Then

m 1/p+e
1
Kp,m(X) < <EZ |Xj|§+£) < ml/P+€(E|X|§+£) /p+e’
j=1

so the quantity

(logm)?/4*
dogm)y7” 'Kll;,m(X)

tends to 0 when m goes to co. Moreover, in most cases, K ,; (X) may be bounded by a simpler
quantity:

m 1/P
1
Kpm (X) < <E§ :|X,-|§) <e(BIX )" =:eM, 3)
j=1

where s = max(p, logm).

Theorem 1 improves the results of [8] in two ways. First, it contains an almost isometric
approximation of the L ,-moments of the random vector by empirical samples (see Theorem 2
below). Second, the assumption on the norm of a random vector X used in Theorem 1 is weaker
than the v, -assumption on the scalar products, appearing in [8]. This allows to handle the sit-
uations, where the 1, -estimate does not hold (see, e.g., approximate Lewis decompositions,
discussed in Section 3).

While Theorem 1 combined with Chebychev’s inequality provides a bound for V), (K), which
holds with high probability, it is often useful to have this probability exponentially close to 1. Us-
ing a measure concentration result of Talagrand [14, Theorem 6.21], we obtain such probability
estimate in Theorem 4.

We apply Theorem 1 to isotropic log-concave random vectors. This class includes many nat-
urally arising types of random vectors, in particular a vector uniformly distributed in an isotropic
convex body (see Section 4 for exact definitions). The empirical moments of log-concave vectors
have been extensively studied in the last years [3,7,8,12,24]. We will prove the following
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Theorem 2. For any ¢ € (0, 1) and p > 2 there exists no(e, p) such that for any n > ny(e, p),
the following holds: Let X be a log-concave isotropic random vector in R", and let X1, ..., X,
be independent copies of X. If

m=|Cpe *n?*logn|
then for any t > ¢, with probability greater than 1 — Cexp(—(t/C}je)l/p),for any y e R",

m

_ p_ 1 T »
aowasm;meswmmxm.

The constants C, and C ;] are positive real numbers depending only on p.

Theorem 2 provides an almost isometric approximation of the exact moments, instead of the
isomorphic estimates of [8], and achieves it with fewer sample vectors. In the case p =2, it
also improves the estimate of [24], and extends to the general setting the estimate obtained by
Giannopoulos, Hartzoulaki and Tsolomitis [7] for a random vector uniformly distributed in a
1-unconditional isotropic convex body.

The rest of the paper is organized as follows. In Section 2 we formulate and prove the main
results for abstract random vectors. The key step of the proof of Theorem 1 is the estimate of the
Gaussian random process

p

)

m
Zy =Y gi[(X;.y)
Jj=1

where g; are independent standard Gaussian random variables A/ (0, 1). To obtain such estimate
we construct an appropriate majorizing measure and apply the Majorizing Measure Theorem of
Talagrand [26]. In Sections 3 and 4, we provide applications of Theorem 1. Since we require only
the existence of high-order moments of the norm of X we can apply Theorem 1 to the measures
supported by the contact points of a convex body, like in [22,23], as well as to finding a short
Lewis-type decomposition, as described in Section 3. In Section 4, we study in detail the case of
log-concave random vectors X. In the last part of this paper, we extend the results obtained in
[8] for a uniform distribution on a discrete cube to a general random vector X, which satisfies a
Yy estimate for the scalar products (X, y), y € R".

2. Maximal deviation of the empirical p-moment
2.1. Statement of the results

Let K C R" be a convex symmetric body. The modulus of convexity of K is defined for any
£€(0,2) by

Sk (8) =inf{1 _ ”%

cxlle =1, liyllg =1, ||x_y||K>8}~
K
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We say that K has modulus of convexity of power type g > 2 if 6k (¢) > ce? for every ¢ € (0, 2).
It is known (see, e.g., [21, Proposition 2.4] or [6]) that this property is equivalent to the fact that
the inequality

x+yl|? 1

P
> +

1
E(qu" +Iyl%)

XYy
2

K

holds for all x, y € R". Here A > 0 is a constant depending only on ¢ and ¢g. Referring to this
inequality below, we shall say that K has modulus of convexity of power type ¢ with constant A.
Our main result is the following theorem, which implies Theorem 1 from the Introduction.

Theorem 3. Let K C R" be a symmetric convex body of radius D. Assume that K has modulus
of convexity of power type q with constant A for some q > 2, and let g* be the conjugate of q.

Let X be a random vector in R" and let X1, ..., X, be independent copies of X. For p > q set
lo 1/q*
A=crar 88 (X2 and B = supE|(X. y)|".
m yeK
Then
1« 5
IEsup—Z (X;,»|" —E[(X,y]|"| < A*+ AVB.
yek|Mm j=1

The assumption of Theorem 1 reads A? < 82 . B, hence A2 + A\/E < 26B. Thus, Theorem 1
follows immediately from Theorem 3.

Remark. In fact we shall prove a slightly better inequality. Define

1/p
Ky m (X, K) = (Elina<x |X; |212n/a<x X IIKO) ;

\J \n‘l

then Theorem 3 holds, if the quantity (D« p m (X))P/? is replaced by D/c;,’m(X, K)P/2. Since
K c DB, itis clear that

K (X, K)PP2 < DPPP e, (X)PF2
The proof of this theorem is based on the following lemma.
Lemma 1. Let K C R" be a symmetric convex body of radius D. Assume that K has modulus of

convexity of power type q with constant A for some q > 2, . > 0. Let q* be the conjugate of q.
Then for every p > q, and every deterministic vectors X1, ..., X, in R",

12
E sup C”)J’(logm)l/" D I<nax [X ;]2 sup<Z| %) |2(‘!7 l)) ,
K

j=1

m
> eilixg 0|’
j=1

where expectation is taken over the Bernoulli random variables (¢;)1<j<m-
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The proof of the lemma uses a specific construction of a majorizing measure. It will be pre-
sented in Section 2.2.

Proof of Theorem 3. The proof is based on a standard symmetrization argument. We denote by
X 1 s X ;n independent copies of X1, ..., X,,. Let (¢ j);f’zl be independent symmetric Bernoulli
random variables, which are independent of all others. Then the expectation of
1 m
V,(K) = sup|— (X,
P = sup| X:j j

can be estimated as follows:

mEV,(K) =E sup

S lxn|

yeK j=1
m
yek j=1
m
<ExEx sup| Y (|(x = |(x5.9)")
yeK j=1
m
=ExExEesup| Y e (|(X;, 0" — [(X}. y)|")
yeK j=1
m
< 2ExE, sup ZS./|(Xj,y>|P .
yek j=I
Therefore, Lemma 1 implies
. 1/2
(logm)!/4 I ¢ TR
pyppe™) . -
EV,(K) < CPAPD NG Exlglj%mlxj|2522<m2_: :

Since p > 2, it is easy to see that

1/2
2(17 1))
Ja

Lo 1/2
<Ey max |X max || X; /02_15 — ,
x max |Xjlz max X1y upmzj

I1<j<m J< yek

1
Ex max |Xj|> sup(—
<<

JIM m

||M§

172
pm(X K)p/2<EX SUP_Z| Js y| )

yek M j=1
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1 p/2 p 172
< (X, KPP (EV, (K) + sup E|(X. )| )
ye

We get that EV,,(K) < A'(EV,(K) + B)'/? where

1 1/q*
A/ZCP)LPD%K;””(X’K)P/Z and stup]E|(X,y)’p

Am ’ veK
which proves the announced result. O

We present now a deviation inequality for the positive random variable V,(K) under the
assumption that | X |, satisfies some ¥, estimate. Mendelson and Pajor [16] studied the same de-
viation inequality in the case p =2 and K = B} using a symmetrization argument. Our approach
is based on a concentration result of Talagrand (Theorem 6.21 in [14]).

Theorem 4. With the same notation as in Theorem 3, let V,(K) be the random variable

m

V,(K) = sup (X, 0" —ENX, y)|"|
=1

1
m £
yekK j

Assume that |||X|2]ly, < oo for some 0 < o < p. Then there exists a positive constant Cq, p
depending only on a and p such that

Vi >0, P(V,(K)=1)<2exp(—(t/Q)*P),

where
1 pla
0 =ca,p(Evp<K> 4 S o |||Xlz||f,’,a)-

Remark. Observe that in the typical case, Q is of the order EV,(K) for which we may use
Theorem 3. By Lemma 2 (see below),

epm(X) < C(plogm)'“[1X 12, ;

therefore, using Theorem 3,
0 < Co p(2A7+ AVB),

where

(logm)l/q*+p/2a
Ay =Apr/2T”|X|2

H% and B:supE|(X,y)|p.
yeK

For the proof of this theorem, we need an elementary lemma.
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Lemma 2. Let § > 0 and let Z1, ..., Z,, be independent copies of a random variable Z. Then
) max |Z,-|H <Clogm |1 Z|ly,.
j=1,...m

Proof. Note that for any random variable Y the inequality || Y ||y, < A is equivalent to

1Y), < car'’?
for all r > 1. Assume that r < logm. Then

1/logm m r/logmy 1/r
r j=1

m 1/logm
< (Z]E|zj|‘°gm> <Clog’m || Z|ly,.

=1,...,

If r > logm, then using max;—i__na; < (Z] 14 7T we get

,,,,,

r
| max 12;1] < (ZE|Z|) <mMZ) < 'l Zy,.

These two inequalities imply the lemma. O

Proof of Theorem 4. To any vector x € R” we associate the function f, defined on K by

fi:K—>R

1
i — (| [ =[x 0]7).

Let fx be the random vector of L., (K) associated to X. Now we apply Theorem 6.21 of
Ledoux-Talagrand [14] to || Z’j": 1 fx; Il where the X ;’s are independent copies of X. By de-
finition,

m
> fx; =Vp(K).
j=1 Loo(K)
and
1
Il < o (supl (X0 + sup B ) )< 22X +EIX).



0. Guédon, M. Rudelson / Advances in Mathematics 208 (2007) 798-823 807

Theorem 6.21 of Ledoux—Talagrand [14] states that if o/p < 1, there exists a constant cg, p
depending only on o/ p such that

VoK), < cop (BVo KO+ [ max 1, lewcio |,

I<j<m a/p

Moreover,

max <—H max |X; H
H1<J<m ”fX ”LOO(K) llla/p\ m l</<m| |2 Ya/p
DP
“227) s
1<j<m

Lemma 2 implies

‘ max |X; |2H gC(logm)l/“|||X|2”1//~ “4)

1<j<m Yo “

This proves that

1 pla
[Vy (K| Yoy < ca,,,<IE:V,,(K) + %m X1 ||§a).

The deviation inequality follows from the Chebychev inequality. O
2.2. Construction of majorizing measures

Let us recall the assumptions of Lemma 1. The ambient space is R” equipped with a Euclidean
structure and we denote by | - |2 the norm associated. The symmetric convex body K has a
modulus of convexity of power type g > 2 with a constant A, which means that

x+yl? a

2

=y

1
5 E(IIXIIq + i) ®)

Vx,yeR", H + 179

K

and satisfies also the inclusion K C D B, which means that
Vx eR", |x|]> < D|x|k.

Let p>¢q >2,and Xy, ..., X,, be m fixed vectors in R". We define the random process V, for
all y e R" by

)

m
Vy ZZSJ|<XJ")’>
j=1

where ¢; are independent symmetric Bernoulli random variables. It is well known that this
process satisfies a sub-Gaussian tail estimate: Yy, y € R”, Vr > 0,

ct?
P(|Vy - Vy| 2 t) < 26Xp(—m>,



808 0. Guédon, M. Rudelson / Advances in Mathematics 208 (2007) 798-823

where
P, 5) = (X n]" = x5 5"
j=1

Instead of working with this function which is not a metric, it will be preferable to consider the
following quasi-metric

m

d*(y.5) Z Xy =) 0 PP+ x5 P070).

The following propositions state inequalities that we will need to prove Lemma 1. Proposition 1
gives some information concerning the geometry of the balls associated to the metric d and
Proposition 2 explains relation between metric d, new Euclidean norm and the following norm
defined by

[xllc = max [(X;,x)]|.
1<j<m

We denote by B, (x) the ball of center x with radius p for the quasi-metric d.

Proposition 1. Forall y,y € K,

d(y,y) < pd(y,y). (6)
172
2 1
d(y.5) <2y - y||oosup<Z| i )> , @
yE
Hy—wm\l%2§mWﬂﬂw—ﬂM. (8)

Moreover, the quasi-metric d satisfies the generalized triangle inequality, and for any point x,
the ball B, (x) is a convex set: forall uy, ..., uy e R" and all x, y,z € R",

N—-1

d(ul,uN)<2pZd(u,-,u,-+1) and d2<x,yT+Z> %(dz(x y) 4 d*(x, z)) )
i=1

To prove it, we will need the following basic inequalities on real numbers.

Lemma 3. For every x,y € RY and p > 2, we have

|xP — yP| < plx — yly/x2P72 4 y2r=2, (10)

Moreover, if f(s,t)=|s —t|\/|s|2P~2 4+ |t|2P—2 thenforallry,...,ry €R,

N-1

fOi,rn) <2p Y flrisrign),

i=1
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and forallr,s,t € R,

F(n6+0/2° <(f0r9)*+ f(nD?) /2.

Proof. The first inequality is straightforward. To prove the second one, consider two cases. When
riry = 0, since

i1 = IR P2+ ey P2 < V21 — 1P

’

the conclusion follows from the triangle inequality and inequality (10). When r;ry < 0, we can
assume without loss of generality that 71 > 0 and ry < 0. Then

Frrn) =+ v VP2 + w272 < (r + v (P 1w 1P
<2(r] + Iry1?).

Let m < N be a number such that r,,, > 0 and r,,,4-1 < 0. Then

m—1 N-—1
S L S L o L e N L e S T e L
i=1 i=m+1

Combining the previous inequalities with (10), we get

m—1 N-1
FOrn) <2 |l = lriga P[4 20mm + et P) +2 Y (1717 = lrial?|
i=1 i=m+1
m—1 N-1
—1 _
<2p Y FOinrig) 4 20m — s ) (i I 1P 42p D F G rig)
i=1 i=m+1
m—1 N-1
<2p ) fUisrie) +2V2f G rme) +2p Y frivrivn)
i=1 i=m-+1

which proves the announced result. The last inequality follows from the fact that for p > 2, the
function v — (1 — v)2(1 + v2?~2) is convex on R, which can be checked by computing the
second derivative. 0O

Proof of Proposition 1. Inequalities (6) and (9) clearly follow from the three inequalities proved
in Lemma 3. Inequalities (7) and (8) follow from simple observations about d and the fact that
K CDB). O

Proposition 2. Let M = sup,cg Z.';’:l (X, WP~ For a fixed u € K, we define the Euclid-
ean norm | - |g, associated to u by

m
22 =S [Xe ) [(Xe )PPV, vzeR
=1
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Then the following inequality holds for all z, 7 € R™:
_ _ _ - 2p—2 | = 2p—2
d*(2,2) <2471z =2l + Mllz = 215, (Iz — ull "+ 12— ul 7))

Proof. By homogeneity of the statement, we can assume that

m
= sup Z‘(Xj, y)]z(‘"_l) =1
yEKj:1

For any z e R, let L, = {€ € {1,...,m} | |{X¢, 2)| = 2|{X¢, u)|}. Then by convexity of the
function ¢ — t2P~2, we have

3K, PP <2273 3 (X 2 — ) PO 22073 3 (g, w) [0
Lel; LeL; LeL,
- _ 1 B
<22P 32‘()(&1_”)}2(17 1)+§Z|<X[,Z>|2(p 1),
lelL, LeL,

which proves (since M = 1) that for any z € R”,

2(p—1 — 2p—2
S X PPV <Az —ug
tel;

Hence, for any z,z € R”,

> [Xez =[x P70 <Nz - 212 D (X, 7Y

lel, lel,

—1 2p—2 -2
APz —ull ™ Nz = 205

For any ! ¢ L, we have |(X;, z)| < 2|(X;, u)|, so

m
21X 2= |xe 7Y <4r7! 31 2 = 2| P07
tgL; =1

The same inequalities hold if we exchange the roles of z and Z. To compute d?(z;, z j), we split
the sum in four parts and apply the inequalities above:

m
dz(Z’Z):Z|<XM—Z>|2|<x@,z>|2""”+}(Xe Z_Z| l(x ’2(1; 1
=1
=3 [(Xez = DX P70+ Y [ XKooz — 21X )P0
| "[(Xe 2]
tel, L¢L,
+ 3 Xz =P 1Xe DY+ Y [(Xewz = 2 |ixe P70

teL; t¢L;
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—1 -2 -2 2p—2 2p-2
24 Mlz—zlg, +llz = 215 (lz —ull " +lz—uli 7). O

Proof of Lemma 1. By inequality (6), we may treat V) as a sub-Gaussian process with the
quasi-metric p - d. By homogeneity of the statement, we can assume that

m
sup Z|(X-i’ y)|2(p_1) =1.
yek j=1

Denote Q =max|jgm | Xj|2. We want to show that

E sup |Vy| < CPAP Q(logm)'/?" D. (11)
yeK

By Proposition 1, the diameter of the set K with respect to the metric d is bounded by 2+/20D.
Let r be a fixed number chosen such that » = ¢p? for a large universal constant ¢ and kg be the
largest integer such that r %0 >2/20D.

The proof of inequality (11) is based on the majorizing measure theory of Talagrand [26]. The
following theorem is a combination of Proposition 2.3, Theorem 4.1 and Proposition 4.5 of [26].
Note that assuming that » > 2, one can set K (r) = C in Proposition 2.3, and K(2,1,r) = C in
Proposition 4.5.

Theorem. [26] Let r > 2. Let ¢y : K — R™* for k > ko be a family of maps satisfying the fol-
lowing assumption: There exists A > 0 such that for any point x € K, for any k > ko and any
N eN,

(H) for any points x1, ..., xn € B, (x) withd (x;, x}) > rk=Lg # j, we have

1
max geia(xi) > () + -~ log N.

,,,,,

Then for any fixed yy € K,

Esup [Vy —Vy | <cA- sup  ¢(x).
vek k>ko,xeK

To obtain the conclusion of Lemma 1, set yy = 0.
To complete the proof, we have to define the functionals ¢ : K — R™. Let k; be the smallest
integer such that %1 < QD/./n. For k > ky + 1, set

k
1 NG -
—1 Jlog(1 +40Dr).
) =1t er T 0D logm) IXI;F og(1 +40QDr)
=K1

Note that in this range of k the functionals ¢ do not depend on x. We shall show that with this
choice of ¢, the condition (H) follows from the classical volumetric estimate of the covering
numbers.
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For ko < k < k1, the functionals ¢y are defined by

. k —ko
¢e(x) =min{|y|%. vy € By, ()} + Togm

Since ¢ > 2 then 1 < ¢* < 2 and (logm)l/q* > J/logm. It is easy to see using definitions of kg
and k; that

sup (o) <.
xeK, k>ko

We shall prove that our functionals satisfy condition (H) for
A= (CA)PQD(dogm)'/7",

where C is a large numerical constant. That will conclude the proof of Lemma 1 with a new
constant C. O

Proof of condition (H). Let N € N, x € K, xy,...,xy € B,«(x) with d(x;,x;) > r~*=1. We
have to prove that

r=%/log N
(CA)P QD(logm)!/a"

,-:I?flfzv Gr42(xi) — P (x) >

For k > k1 — 1, we always have

Vnlog(1+4QDrk+2y

rv2(xi) — Pr(x) = 0D (ogm)V/a*

Since the points x, ..., xy are well separated in the metric d, they are also well separated in the
norm | - || x. Indeed, by (7) and (8), we have

Ixi —xjllx =r*"'/QDV2.

By the classical volumetric estimate, the maximal cardinality of a z-net in a convex symmetric
body K C R" with respect to || - ||k does not exceed (1 4 2/¢)". Therefore,

Viog N < \/n log(l + 2\/§QDrk+1),

which proves the desired inequality.

The case kg < k < ki — 2 is much more difficult. Our proof uses estimates of the cover-
ing numbers, in particular, the dual Sudakov inequality [20]. Recall that the covering number
N(W,| - |lx,t) is the minimal cardinality of || - || x-balls of radius ¢ needed to cover the W.

For j=1,..., N denote by z; € K the points which satisfy

Iz 1% = min{ Iy 1%, y € By i2(xp).



0. Guédon, M. Rudelson / Advances in Mathematics 208 (2007) 798-823 813
Denote by u € K a point such that ||u||?( =min{||y|%, ye By p,p-k(x)}. Set
q q
0 =mjé,1X||Zj||K — llullg-

Then we have max ; ¢y 12(x;) — ¢ (x) =0 + 2/(logm). We shall prove that

2

logm

> r* flog N/A. (12)

Since d(x;, xj) > rk-1 Z] € B4pr—k—2 (x1), and d satisfies a generalized triangle inequality, the

points (z;)1¢ <~ remain well separated. Indeed,
r < d g, xg) <2p(d i, ) +din 7)) +d 2, %)) <2pd(zi, 7)) + 16p°r 72
and since r = cpz, we have
L —k—1
d(zi,zj) =r " "/cp
for all i # j. Recall that r = cp?. Using again the generalized triangle inequality, we get that
d(x,z)) <2p(d(x.x)) +d(xj.2)) <2p(r~* +4pr~™2) <dpr*.

It means that z; € By, (x), u € By -« (x), and the convexity of the balls for the quasi-metric
d proved in Proposition 1 implies (u +z;)/2 € By,,,—«(x). Since K has modulus of convexity of
power type ¢, inequality (5) holds. By the definition of u, we get that forall j =1,..., N,

—ull4 1 q

Zj q q
5 K<§(||Zj||,<+||u||1<)—

Zj+tu
2

q q
Zj — lu 0
llzjllx — | IIK<

X

24

X

K 2

N

This proves thatVj =1,..., N, |lz; —ul g < 2104 Let 8 > 0. Consider the set
U=u+220"1K
which contains all the z;’s and let S be the maximal number of points in U that are 25 separated

in || - |loo. Then U is covered by S subsets of diameter smaller than 26 in || - || metric, and so
SSNWU, |l - lloo, 28). Set

§ =¢crat—rrkgtiat

where the constant ¢ will be chosen later. Since U = u + 2201/9K and K C DB}, the dual
Sudakov inequality [20] implies

Vi0gS < \/1og N (BY. || - loo. 8/ DA6Y/4) < cDAOVE| Gl oo /5.

Here G denotes a standard Gaussian vector in R”. It is well known that
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.....

‘We consider now two cases.
First, assume that S > +/ N. Then by previous estimate and the definition of §, we get

V1og N < cOAD/logm 648 < 6P r* QAP D \/logm
which easily proves (12) (since ¢* < 2).
The second case is when § < +/N. Since U is covered by § balls of diameter smaller than 2§
in || - ||lso, there exists a subset J of {1, ..., N} with #J > +/N such that
Vi,jeld, lzi—zjlloo <28.
By Proposition 2 applied to the Euclidean norm defined by
a 2 2(p—1
2, = Xe ) P|(Xe w277,
=1
we get that
d*(zi,2j) <2477 |z — zjlg, +47APPT2 P24 82),
Since 6 < 1 and g < p, the definition of § implies
42[))\'2[7—29(217—2)/1182 g (45)2[)r—2k02([)/q—1) g (45)2[7’_—2/{.
Recall that d(z;,z;) > r %! /cp and r = cp?. Hence,
r 2 ep® <d(zioz))? <2477z — 2y, + 2048 r R
Choosing ¢ small enough, we get that for all i, j € J,
|zi —zjlg, =1 * 1P,
Since K C DB/, we have the following estimate for the covering numbers:
#ISN(U, |- lg, . ’r Y =N(K, |- |g,, cPr 1 2201/4)
<N(By, |- lg,, cPr=*1 /2204 D).

Recall that G denotes a standard Gaussian vector in R". By the dual Sudakov inequality [20], we
have

log N ( B N ¢ erk gV DEIG
Og 2’|'|gu’2)\,D91/q X r | |gu

<crel, pEIGE ).



0. Guédon, M. Rudelson / Advances in Mathematics 208 (2007) 798-823 815

Since for all y € K, 3", [(X;, y)[*?~1 < 1, we obtain
d 2 1)
EIGIE = 1XeB(Xe.w)" "™V < 0%
=1

Since #J > +/N, we have J0ogN < CPrktiyp QOl/q with a universal constant C. Moreover,
by Young’s inequality

01 < (logm)V 7" (6/q + 1/(g* logm))

and since ¢* <2< g and A > 1, we get

. 2
V1og N < (CL)? F**1' D 0 (logm)'/4 (9 +3 )
ogm

This completes the proof of (12) and the proof of condition (H) for the functionals ¢y. O
3. Approximate Lewis decomposition

It is well known that if E is an n-dimensional subspace of L, then E is (1 + &)-isomorphic
to an n-dimensional subspace of KN with N depending on n, p and ¢. Lewis [15] proved that
any linear subspace E of ZN possesses a special decomposition of the identity. More precisely,
there exists a Euclidean structure on E with the scalar product (,-), vectors yi, ..., yy € E and
scalars ¢y, ..., cy > 0 such that

vi, (i,yi)=1,

N 1/p
el e = (Zci|<x,yi>|”) . VxeE,

i=1

e =) ciyi®yi.
i=1

Denote by (H, | - |g) the linear space E equipped with this Euclidean structure. Recall that
p* denotes the conjugate of p. In the following theorem, we prove that both spaces E and H can
be (1 + &)-embedded in E’I’} and 7' respectively via the same linear operator

T:RYN — R™,

whenever m is of the order of ¢ ~2n?/? log?/ P (n /€*/P). This extends a classical result of Bour-
gain, Lindenstrauss and Milman [4] (and [14] for a better dependance on ¢) and some results
in [22] concerning the number of contact points of a convex body needed to approximate the
identity decomposition.

Theorem 5. Let E be an n-dimensional subspace of L for some p > 2. Then for every &€ > 0
there exists a Euclidean structure H = (E, (-,-)) on E and m points xi, ..., Xy in E with

cr «f n cr n
< =y P/21602/P < = _P/21002
m < 82n log ) S 82” log Yy
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such thatVj, |xjlg =1 andforall y € E,

n m 1/p
1—¢ < — <(1+¢ ,
(1 —e)lylle (mJX_; ¥y, X;) ) (+o)lyllg

1/2
n
(1—s>|y|H<<ZZ|ny ) <U+8)ylu.

Jj=1

3

Proof. Let X be the random vector taking values y; with probability ¢; /n. Then forall y € E,
2
E[(X. )" =Iylg/n and E[(X.y)|"=yl}/n and |X|z=1.

We will apply Theorem 1 twice: first time for the unit ball of E, and then for the unit ball
of H.

Since E is a subspace of L, by Clarkson’s inequality [5], Bg has modulus of convex-
ity of power type p with constant A = 1. From Lewis decomposition, we get ||y|g < |y|p <
n'/2=1/P|y| g which means that for D = n!/2=1/P,

By C B C DBg.

Let X1, ..., X;, be independent copies of X, then

1/p
sup E|(X,y)|p=1/n and /cp,m(X)z(]E max |Xj|pH> =1
yeBg 1<j<m

Applying Theorem 1 with § = ¢, we get that if m > CPnP/2(logm)*'?" /&%, then

m
S| = vl
" Xj, y E

j=1

E sup <e.

yeBg

Now, we apply Theorem 1 for K = By which clearly has modulus of convexity of power
type 2 (i.e. satisfies inequality (5) for g = 2). In that case, D =1, and

12
sup E[(X,y)[*=1/n and kpm(X)= (]E max |X; |2) —1.
Iyla<1 Sm

\j\

Applying Theorem 1 for g = p =2 and § = &, we get that if m > C>nlogm/e2,

n < 2
2 X =yl <e

Jj=1

E sup
yla<1

Choosing the smallest integer m such that, for a new constant C s

lolc .
m>= —2n”/2(logn/e4/”)2/‘"
e



0. Guédon, M. Rudelson / Advances in Mathematics 208 (2007) 798-823 817

we get by Chebychev’s inequality that there exist m vectors x1, . .., x,, of Euclidean norm 1 such
that forall y € E,

p
<ellylly

§|=

m
Z i) = Iyle

and

2
<elyly

n m
— 2 e =l
j=1

which gives the desired result. O
4. Isotropic log-concave vectors in R”

We investigate the case of X being an isotropic log-concave vector in R” (or also a vector
uniformly distributed in an isotropic convex body). Let us recall some definitions and classical
facts about log-concave measures. A probability measure 1 on R” is said to be log-concave if
for every compact sets A, B, and every A € [0, 1], w(AA + (1 —A)B) > u(A)* u(B)!~*. There is
always a Euclidean structure (-,-) on R” for which this measure is isotropic, i.e. for every y € R",

E(X,y)? = /(x, y)2du(x) = |yl

]Rn

A particular case of a log-concave probability measure is the normalized uniform (Lebesgue)
measure on a convex body. Borell’s inequality [2] (see also [17,18]) implies that the linear func-
tionals x — (x, y) satisfy Khintchine type inequalities with respect to log-concave probability
measures. Namely, if p > 2, then for every y € R”,

1/2 1/2

(E(X, )2) 2 < (B[(x, y)|P) P < Cp(B(X, y)?) (13)

or in other words

[ 3], < CEX. 022

We have stated in (3) that it is easy to deduce some information about the parameter «p ,, (X)
from the behavior of the moment M of order s = max(p, logm) of the Euclidean norm of the
random vector X. These moments were studied for a random vector uniformly distributed in an
isotropic 1-unconditional convex body in [1], and for a vector uniformly distributed in the unit
ball of a Schatten trace class in [11], where it was proved that when s < c/n, M is of the same
order as M, (up to constant not depending on s). Very recently, Paouris [19] proved that the
same statement is valid for any log-concave isotropic random vector in R”. We state precisely
his result.
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Theorem. [19] There exist constants c, C > 0 such that for any log-concave isotropic random
vector X in R", for any p < c/n,

(EIX15)"" < C(EIX13)"”.

From this sharp estimate, we will deduce the following

Lemma 4. Let X be an isotropic log-concave random vector in R" and let (X ;)1 j<m be inde-
pendent copies of X. If m < e“V", then for any p > 2,

/p cﬁ if p<logm
— P N ’
Kp,m(X)—(Elgl]?‘é‘ |X]|2) < {Cpﬁ if p>logm.

/M
Proof. Since X is isotropic, and for every y € R”, E(X, y)*> = IyI%, we get E|X|§ =n. By
Borell’s inequality [2], Vg > 2, (]E|X|g)1/‘1 < Cg+/n. Therefore if p > logm,

1/p 1/p
<E11<na<x |xj|§) <<E Y |xj|§) < Cpm'PJn < Cp/n.
1<j<m

If p <logm, by (3),

1/p
(E max |Xj|§) <e(E|x[yem)!/ioem,
I1<jsm

Since m < V", logm < c+/n, the theorem of Paouris implies
logmy1/logm
(EIX[5E") " < C i,
which concludes the proof of the lemma. O

Corollary 1. Let X be an isotropic log-concave random vector in R", and let (X )1 j<m be
independent copies of X. Then for every m < eV,

H max |Xj|2H <Cm.
1<j<m ¥

Proof. By Lemma 4, we know that

1/r
Vr>2, (E max |Xj|§) <Cryn
1<j<

/xm

which proves the claimed estimate for the ¥/1-norm. O
Remark. Recall that for a random isotropic log-concave vector, Borell’s inequality implies that
l1X12], <Cvn.

Therefore, a direct application of Lemma 2 is not enough to obtain the desired estimate.
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We are now able to give a proof of Theorem 2. It is based on the estimates of «, ,,(X) proved
above.

Proof of Theorem 2. Let ¢ € (0,1) and p > 2 and set ng(e, p) =cp + e~%P where ¢ » depends
only on p. For any n > no(e, p), for any log-concave isotropic random vector X in R”, set

1 m
Vp = sup |— i y —E|(X, y)
yeBy|M Z=: x|
where X1, ..., X, are independent copies of X. Assume that p <logm and m < eV then by

Lemma 4, we know that
2
Kpm(X)P < cfnp/ .

We shall use Theorem 1 with K = Bj which is uniformly convex of power type 2 with constant 1
and for which D = 1. By (13),

1< sup E[(X, y)|” < p?,
yEB]

therefore Theorem 1 implies that for every 8 € (0, 1), satisfying C?n?/?(logm) < 8§%*m, we have

E sup

1 m
— T =EUX, vy |7 < 28pP.
s 10l

By taking & such that 26p? = ¢, we deduce that
it m> C;,s_2np/2 log(ne_4/p) then EV, <e.
Since n = ng(e, p), it is easy to see that if
m= LCpe_zn”/2 logn |,

then m > C;,a_2n1’/2 log(n8_4/P), m< eV and p < logm which allows us to use the estimate
EV, <e.

To get a deviation inequality for V),, we will apply a result similar to Theorem 4. We know by
Corollary 1 that

< C/n.

H max |X|2‘
l

1<j<m

Following the proof of Theorem 4 and replacing inequality (4) by the previous estimate, we

easily see that
nPp/2
IVplly,, < C,,(IEV,7 + p” )
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Since |_Cp8_2nl’/2 logn| = m then
EV,<e and 2n”/2/m <e
and we deduce from the Chebychev inequality that for any 7 > 0,
P(V, > 1) < Cexp(—(1/Che) /7).

Therefore, for any ¢ > ¢, with probability greater than 1 — C exp(—(t/C/, 8)1/ 7y, vV, <t which
means that

Vy e R",

SIH

m
Z |” —E|(X, || <tlylh.

Since |yl = (E(X, y))V2 < E|(X, y)|P)/P, we get the claimed result of Theorem 2. O
Remark. Since by Borell’s inequality (13), for any y € R”,
b = (E(X, )" < (B[(X, 1)|") " < Cp(BX, 1)?)* = Cplybs,
it is clear that Theorem 2 improves the results of Giannopoulos and Milman [8].
5. When the linear functionals associated to the random vector X satisfy a ¥,-condition

Let start this section considering the case when X is a Gaussian vector in R". Let X;, j =
1, ..., m, be independent copies of X. For t € R” denote by X , the Gaussian random variable

m
Xy = ZIAI'(XJ )
j=1

Observe that if p* denotes the conjugate of p, then

supXty—<Z} iy )W.

teB™

Let Z and Y be Gaussian vectors in R” and R” respectively. Using Gordon’s inequalities
[9], it is easy to show that whenever E|Z|, > ¢~ lE|Y|, (i.e. for a universal constant c,

ES”_ yesn—1

m 1/p m I/p
E|Z|, —E|Y|;<E inf (Z|<Xj,y>|”> <E sup (Z\(xj,yn”)
j=1 Jj=1

<E|Z|, +E|Y]2,
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where (E|Z|, + E|Y]2)/(E|Z|, — E|Y|2) < (1 +&)/(1 — ¢). It is therefore possible to get
(with high probability with respect to the dimension »n, see [10]) a family of m random vectors
X1, ..., X, such that for every y € R”,

1 m 1/p 1+8
Ay < (=Y [(x;n")  <A—1yh.
mj:1 1—¢

This argument significantly improves the bound on m in Theorem 2 for Gaussian random vectors.
In this part we will be interested in isomorphic moment estimates (instead of almost isometric
as in Theorem 2). We will be able to extend the estimate for the Gaussian random vector to
random vector X satisfying the v condition for linear functionals y — (X, y) with the same
dependance on m.
Recall that a random variable Z satisfies the yr» condition if and only if for any A € R,

Eexp(AZ) < 2exp(ci® - [1Z113).
We prove the following

Theorem 6. Let X be an isotropic random vector in R" such that all functionals y — (X, y)
satisfy the Y, condition. Let X1, ..., X,, be independent copies of X. Then for every p > 2 and
everym > nb/?,
1 m 1/p
E sup (— |(X;, y>|”> SN
veBy \ 57
Note that the results of Part 3 of [8] follow immediately from Theorem 6, since the random
vector with independent £1 coordinates satisfies the ¥, condition for scalar products.
Proof. Since X is isotropic,
[x. 0l <X 3], =clyl.
Hence, for any A e R
E a?|yl3
expA(X,y) <2e 2,
Writing
m
A=Xiy—Xpy=Y ((tj =) X+ (X5 y =),
j=1

itis easy to find a new constant ¢ > 1 such that forevery 7, ¢’ € B[’:‘*, v,y € Bg and every A € RT,

Eexp(1A) < 26 U= BHy=y)
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This means that [|Ally, < c(|t — t’|% + |y — y’|§)1/2, and so X; y is a sub-Gaussian random
process with respect to the distance

(e, v () = (It =13+ 1y =y B)".

Let Gy =(Z,t) + (Y, y), where Z € R™ and Y € R" are two independent Gaussian vectors.
Then

20172 _

(EIG1.y — Gy y ) d((t, y); ', ).

The natural metric for the random process X, is bounded by the metric of the process G; y. The
Majorizing Measure Theorem of Talagrand [26] implies that

E sup X;,<C sup Gy,
(t,y)eV (t,y)eV

for any compact set V C R™ x R". Therefore,

1/p
Esup( Z| jy )

y632

—— sup sup Zt] ¥ <

= —— sup sup Gy
teB’"* yesz 1

ml/p 1B, yeB)
C Jn
= l/p(IE|Z|p+]E|Y|2) <[+ W)

This proves that if m > n?/?, then

E sup
yeB)

3|~

m 1/p
Z|<X,,~,y>|”> N
=1

as claimed. O

Remark. Let X be an isotropic random vector in R” satisfying the ¥ estimate for the scalar
products. It is not difficult to see, using Corollary 2.7 in [8], that if m > Cn, then with probability

greater than 3/4
1 m 1/p
g — Xia b
calyla (m ;M il )

for every y € R”. Therefore, using Theorem 6, it is easy to deduce that if m > nP/2, then with
probability greater than 1/2

m

1/p
1
Vy e R, czly|2<<EZ|(Xj,y)|p> <caplyk
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with universal constants ¢, co > 1. This generalizes results of [8] and gives an isomorphic ver-
sion of the result of Klartag and Mendelson [13] valid for every p > 2.
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