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Abstract

We prove a Chevet type inequality which gives an upper bound
for the norm of an isotropic log-concave unconditional random matrix
in terms of expectation of the supremum of “symmetric exponential”
processes compared to the Gaussian ones in the Chevet inequality.
This is used to give sharp upper estimate for a quantity I'y ,, that
controls uniformly the Euclidean operator norm of the sub-matrices
with k£ rows and m columns of an isotropic log-concave unconditional
random matrix. We apply these estimates to give a sharp bound for
the Restricted Isometry Constant of a random matrix with indepen-
dent log-concave unconditional rows. We also show that our Chevet
type inequality does not extend to general isotropic log-concave ran-
dom matrices.
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1 Introduction

Let n, N be positive integers. Let K C RY and L C R" be origin symmetric
convex bodies, || - || and || - ||z be the corresponding gauges on R and R",
that is the norms for which K and L are the unit balls.

To shorten the notation we write ||I' : K’ — L|| for the operator norm of a
linear operator I' : (RN, || - ||x) — (R™, || - ||z). In particular, [T : K — BY||
will denote the operator norm of I' considered as a linear operator from
(RY, || - |lx) to €Y, where £ is RY equipped with the canonical Euclidean
norm, whose unit ball is BY; similarly for |I" : B} — L||. Also note that
the dual normed space (R™,|| - ||x)* of (RY,|| - ||x) may be identified (via
the canonical inner product) with (RY, || - ||x-), where K° denotes the polar
of K (see the next section for all definitions). The canonical basis on R? is
denoted by {ei}lgigd-

Let (¢i)1<i<max (n,n) be 1.i.d. standard Gaussian random variables that is
centered Gaussian variables with variance one, and I'" be a Gaussian matrix
whose entries are i.i.d. standard Gaussian. Then one side of the Chevet
inequality ([7], see also [8] for sharper constants) states that

n

E gi€i
i=1

N

E gi€;
i=1

where Id stays for the formal identity operator and C'is an absolute constant.
This inequality plays an important role in Probability in Banach Spaces and
in Asymptotic Geometric Analysis ([5, 16]).

We say that a random matrix I' = (v;;) is isotropic if all entries (v;;)
are uncorrelated centered with variance one. It is log-concave if the joint
distribution of the «;;’s has a density which is log-concave on its support.
Finally we say that the matrix I' is unconditional if for any choice of signs
(¢i7) the matrices I" and (g;;v;;) have the same distribution. There are similar
definitions for random vectors.

In Theorem 3.1 we prove that an inequality similar to the Chevet inequal-
ity (1) holds for any isotropic log-concave unconditional random matrix I

E|l: K — L|| <C|ld: K — BY|-E

L
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Namely, we show that for such a matrix one has
E|l: K — L]

Y B — L) E

§C<||Id:K—>BéV||-IE
L
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g Eie; E Eie; )
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where FE;’s denote i.i.d. random variables with symmetric exponential dis-
tribution with variance 1. Moreover, in Corollary 3.2 we provide the corre-
sponding probability estimates.

A result from [9] of the second named author of this article states that

if X = (Xy,...,Xy) is an isotropic log-concave unconditional random vec-
tor in R and if Y = (Ey,..., E,), where Ei,..., E; are i.i.d. symmetric
exponential random variables, then for any norm || - || on R? one has

E|X] < CE[Y], (2)

where C' is an absolute constant.

The proof of our Chevet type inequality consists of two steps. First, us-
ing the comparison (2), we reduce the case of a general isotropic log-concave
unconditional random matrix A to the case of an exponential random ma-
trix, i.e. the matrix whose entries are i.i.d. standard symmetric exponential
random variables. The second step uses Talagrand’s result ([14]) on relations
between some random processes associated to the symmetric exponential
distribution and so-called ~, functionals.

We apply our inequality of Chevet type to obtain sharp uniform bounds
on norms of sub-matrices of isotropic log-concave unconditional random ma-
trices I'. More precisely, for any subsets J C {1,...,n} and I C {1,..., N}
denote by I'(J, I) the sub-matrix of I" consisting of the rows indexed by el-
ements from J and the columns indexed by elements from I. Given k < n
and m < N define the parameter I'; ,,, by

Fk,m = Sup HF(J: I) : 67271 - ESH,
where the supremum is taken over all subsets J C {l1,...,n} and I C

{1,..., N} with cardinalities |J| =k, |I| = m. That is, I';,, is the maximal
operator norm of a sub-matrix of I' with k£ rows and m columns. We prove

that N 5
Iem < C <\/Eln (—) +VkIn <?n>) ,
m
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with high probability. This estimate is sharp up to absolute constants.

Furthermore, we provide applications of this result to the Restricted Isom-
etry Property (RIP) of a matrix with independent isotropic log-concave un-
conditional random rows. We give sharp estimate for the restricted isometry
constant of such matrices.

It is well known and follows from Talagrand’s majorizing measure theo-
rem (see [15]) that if X = (Xj,..., X ) is a centered sub-gaussian random
vector in R? with parameter o > 0, that is, all coordinates X; are centered
and for any x € R? of Euclidean norm 1, any ¢ > 0, P(| > z;X;| > t) <

2exp(—t?/a?), then for any norm || - || on R?, one has
E|X| < CaE[Y], (3)
where Y = (g1,...,94) and C' > 0 is an absolute constant.

It is interesting to view both inequalities (2) and (3) in parallel. There
are both based on majorizing measure theorems of Talagrand; inequality (3)
states that the expectation of the norm of a sub-gaussian vector is up to a
multiplicative constant, dominated by its Gaussian replica. So Gaussian vec-
tors are almost maximizers. To which class of random vectors does inequality
(2) correspond? Since in many geometric and probabilistic inequalities in-
volving isotropic log-concave vectors, Gaussian and exponential vectors are
the extreme cases, it was naturally conjectured that the expectation of the
norm of isotropic log-concave vector is similarly dominated by the corre-
sponding expectation of the norm of an exponential random vector. This
conjecture would have many applications. For instance the estimate of 'y,
above would extend to general log-concave random matrices, which is open
(see [1]).

We show that this is not the case. Namely, in Theorem 5.1 we prove that
for any d > 1, there exists an isotropic log-concave random vector X € R¢
and a norm || - || on R? such that

E|X] = evIndE[]Y], (4)

where Y is of “symmetric exponential” type and ¢ is a positive universal
constant. Similarly we show that our Chevet type inequality does not extend
to the setting of general log-concave random matrices (non unconditional). In
fact it would be interesting to find the best dependence on the dimension in
the reverse inequality to (4). More precisely, to solve the following problem.



Problem. Find tight (in terms of dimension d) estimates for the following
quantity

ElX]
C(d) = supsup ——-,
Heox Bl
where Y = (Ey, ..., Ey) and the supremum is taken over all norms || - || on

R? and all isotropic log-concave random vectors X € RY.

Theorem 5.1 and Remark 2 following it show that ¢ vInd < C (d) < CcVd
for some absolute positive constants ¢ and C.

The results on norms of sub-matrices and applications were partially an-
nounced in [2]. For the related estimates in the non-unconditional case, see
[1].

The paper is organized as follows. In the next section we introduce nota-
tion and quote known results which will be used in the sequel. In Section 3,
Theorem 3.1, we prove the Chevet type inequality (and corresponding proba-
bility estimates) for unconditional log-concave matrices. In remarks following
Theorem 3.1 we discuss its sharpness showing that in general one can’t ex-
pect the lower bound of the same order and providing a relevant lower bound.
In Section 4 we apply our Chevet type inequality to obtain sharp uniform
estimates for norms of sub-matrices. Then we apply the results to the RIP.
Section 5 is devoted to examples showing that one can’t drop the assumption
of unconditionality in the comparison theorem of the second named author
and in our Chevet type inequality. Finally, in Section 6, we present a di-
rect approach to uniform estimates of norms of sub-matrices, which does
not involve Chevet type inequalities and -y, functionals, but is based only on
tail estimates for suprema of linear combinations of independent exponential
variables and on a chaining argument in the spirit of [4].

2 Notation and Preliminaries

By |- | and (-, -) we denote the canonical Euclidean norm and the canonical
inner product on R%. The canonical basis of R? is denoted by ey, ..., eq.
As usual, || - ||, 1 < p < oo, denotes the {,-norm, i.e. for every x =

(z:), e R?

d 1/p
|z, = <Z|x,»|p> for p<oo and ] = sup|x;]
=1

i<d
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and (¢ = (R?, || - ||,). The unit ball of £ is denoted by Bf. For a non-empty
set T' C R? we write diam,(7T") to denote the diameter of T with respect to
the £,-norm.
For an origin symmetric convex body K C R? the Minkowski functional
of K is
|z]|  =1nf{A >0 | z € AK},

i.e. the norm, whose unit ball is K. The polar of K is
Ke={x|(r,y) <1 forall ye K}.

Note that K° is the unit ball of the space dual to (R, | - || x)-
Given an n x N matrix I' and origin symmetric convex bodies K C R,

L C R™ we denote by
Il K — L

the operator norm of " from (RY,]| - || ) to (R™, ]| - ||,). We also denote
R(K)=|[Id: K — By, R(L°)=|1d: By — L| =|[Id: L°* — By]|,

where Id denotes the formal identity RY — RY or R® — R".
Given a subset K C R? the convex hull of K is denoted by conv(K).

A random vector X = (X7,..., Xy) is called unconditional if for every
sequence of signs e1,...,ey, the law of (1 X7,...,enXy) is the same as the
law of X.

A random vector X in R™ is called isotropic if
E(X,y) =0, EX,y)I*=lyll; forallyeR",

in other words, if X is centered and its covariance matrix EX ® X is the
identity.

A random vector X in R™ with full dimensional support is called log-
concave if it has a log-concave density. Notice that all isotropic vectors have
full dimensional support.

By FE;, E;; we denote independent symmetric exponential random vari-
ables with variance 1 (i.e. with the density 272 exp(—v/2 |z])). By gi, i
we denote standard independent N(0,1) Gaussian random variables. The
n x N random matrix with entries g;; will be called the Gaussian matrix, the
n x N random matrix with entries E;; will be called the exponential random
matrix. Similarly, the vectors G = (g1,...,94) and Y = (Ey,..., Ey) are
called Gaussian and exponential random vectors.
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In the sequel we often consider n x N matrices as vectors in R¢ with
d = nN and the inner product defined by

= aijby;
Z'7j

for A = (aij), B = (bi;). Clearly, the corresponding Euclidean structure is
given by Hilbert-Schmidt norm of a matrix:

1/2
Al = [[All2 = (Z\%‘P) :

ihj

In this notation we have ||Al|o = max; ;|a;;|. We say that such a matrix A is
isotropic/log-concave /unconditional if it is isotropic/log-concave /unconditional
as a vector in R%, d = nN (cf. the definition given in the introduction).

Given z € RY and y € R", denote by x ® y = yx ' the matrix {y;x;}j,
i.e. the matrix corresponding to the linear operator defined by

@y (2) = (z,2)y.

Then, for an n x N matrix I' = (v;),

II": K — L|| = sup sup Z%J%yl = SUP<F T®Y),
rzeK yel°

where the latter supremum is taken over
T=KL ={zy: xe€ K, ye L°}.

We will use the letters C, Cy, Ch, ..., ¢, co,c1,... to denote positive abso-
lute constants whose values may differ at each occurrence. We also use the
notation F' =~ G if there are two positive absolute constants C' and ¢ such
that cG < F < CQG.

Now we state some results which will be used in the sequel. We start
with the following lemma, which provides asymptotically sharp bounds on
the norm of the exponential matrix considered as an operator £ — (7. We
will use it in our examples on sharpness of some estimates.

Lemma 2.1. Let ' = (Eij>i§n,j§N- Then
El : &Y - ~n+InN.



Proof. First note
. N n — ..
T 657 — 6] = max 'E_l |- (5)

By the Chebyshev inequality for every 5 < N we have

& t 1 . t
P<Z|Eu| Zt> < exp(—§> E exp <§Z|E”|> <C exp(— 5)
i=1 i=1

for some absolute constant C' > 0. Hence the union bound and integration
by parts gives
ET : ' = <C(n+InN).

On the other hand, by (5)
EID & = @) >EY |By| = n/v3
i=1

and
E(T : ¢ — | > Emax |Ey;| =~ 1+1In N
J<N

(the last equivalence is well-known and follows from direct computations).
This completes the proof. n

The next theorem is a comparison theorem from [9].

Theorem 2.2. Let X be an isotropic log-concave unconditional random vec-
tor in R and Y = (E4, ..., E;) be an exponential random vector. Let || - ||

be a norm on R%. Then
E| X[ < C E[Y],

where C'is an absolute positive constant. Moreover, for every t > 1,

P([X]| =) < CP(IY| = t/C).

Remark. The condition “X is unconditional” cannot be omitted in Theo-
rem 2.2. We show an example proving that in Section 5.

We will also use two Talagrand’s results on behavior of random processes.
The first one characterizes suprema of Gaussian and exponential processes
in terms of the 7, functionals.



For a metric space (£, p) and ¢ > 0 we define the v, functional as

o0

v (E,p) = inf supZT/q dist(z, Ay),

As)X
( )s_O zelR a—0

where the infimum is taken over all sequences (A5)2, of subsets of E, such
that |Ag| = 1 and |A,| < 2% for s > 1.
The following theorem combines Theorems 2.1.1 and 5.2.7 in [15].

Theorem 2.3. Let T C R? and p, denote the £, metric. Then
d d

Esup Y zigi = 72(T,p2)  and  Esup Y zE; ~ (T, pa) + 11(T poc)-

zeT i—1 zeT i—1

We will also use Talagrand’s result on the deviation of supremum of ex-
ponential processes from their averages. It follows by Talagrand’s two level
concentration for product exponential measure ([13]).

Theorem 2.4. Let T be a compact subset of R%. Then for any t > 0,

[t
P | sup +t] <exp| —cminq —, - ,
zeT a?’ b

where a = sup,ep 2], b =sup,cp ||2||o-

d

i=1

d

i=1

> Esup
zeT

3 Chevet type inequality

Theorem 3.1. Let I' be an isotropic log-concave unconditional random nx N
matriz. Let K C RN, L C R" be origin symmetric conver bodies. Then

)

Remarks. 1. One of the most important examples of matrices satisfying
the hypothesis of Theorem 3.1 are matrices whose rows (or columns) are
independent isotropic log-concave unconditional random vectors. Indeed, it

E|T: K — L|

n N
Y Ee| +1d:By > L|-E|> Ee
i=1 L i=1

§C<|]Id:K—>B§7H~E
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is easy to see that if X, Y are independent isotropic log-concave random
vectors then so is (X,Y). If X, Y are in addition unconditional then clearly
(X,Y) is unconditional. Therefore, if rows (or columns) of a matrix I" are
independent isotropic log-concave random vectors then I' is isotropic log-
concave. If rows (resp. columns) are in addition unconditional, then so is I'.
We will use it in Section 4.

2. A particular case of matrices from the previous remark are matrices I',
whose entries are symmetric i.i.d. isotropic log-concave variables 7;;. It is
natural to ask if the Chevet type inequality holds for such matrices with ~;’s
instead of E;’s, where ;, i < max{n, N}, are independent copies of v1;. The
answer is NO — we indeed need to pass to the exponential variables. To show
this, let variables 7; and v;; be as above and, in addition be bounded. Let
K = BY and L = BY. Then for N large enough one has

1/2
. J— 2 ~
Bl K — L] = Emax (Z%) ~ Vil

i<n

and

n N
= K — By -E||> ves|| +1d: By — LI -E Y e
=1 =1

L K°

1/2
_ 2 e
—E<Z%> +Emax | Vit Il

i<n
Thus, if we choose variables satisfying ||71]/cc = /7 then the ratio between
two quantities will be of the order y/n.
3. In fact in the Gaussian case the equivalence holds in the Chevet in-
equality. However, in the log-concave case one cannot hope for the reverse
inequality even in the case of exponential matrix and unconditional convex
bodies K, L. Indeed, consider the matrix I' = (E;;) as an operator N —
ie. K=BY), L=DB! By Lemma 2.1
E|T : ¢ = | ~n+InN.

On the other hand, the right hand side term in Theorem 3.1 is

C (EZ |Ei| +v/n E%@qu) ~n++/n In(2N).

=1
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Thus, if N > e" then the ratio between the right hand side and the left hand
side is of the order y/n.

4. The following weak form of a reverse inequality holds for the exponential

matrix I' = (Ejj)i<n j<n:
N
i=1 Ko

Ko = (e, 1) = |z,

1
E|T: K — L|| > 5 (max”ez

E:EeZ

Indeed, fix 1 < ¢ < N and take x € K such that ||e|
Then

+maX||€z'||L'E
i<n

ET: K — L] 2 Ellall, =E| Y Byased|,

i<n, <N

i<n L

> EH Z Ezg:vge,
Ko° EH ZEzez .
i<n

llee|

This shows that

KO

E|Il': K — L|| > max||ez

ZE’e,

i<n

and by duality we have

Z Eiei

i<N

E|T: K — L| =E|T" : L* — K°|| > max e[|, E

KO

5. Asin Theorem 2.2, the condition “I" is unconditional” cannot be omitted
in Theorem 3.1. We show an example proving that in Section 5.

Proof of Theorem 3.1. First note that considering the matrix I' as a
vector in R™ and applying Theorem 2.2, we obtain that it is enough to prove
Theorem 3.1 for the case of the exponential matrix.

From now we assume that I' = (£;;). Denote as before T'= K ® L° =
{r®y: x € K, ye€ L°}. Then by Theorem 2.3

E|l': K — L|| = Esup sup ZEWJ% Esup(F x@y) ~ Yo(T, p2)+71 (T, poo)

zeK yel°
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and

E| ) Eei| ~ (L p2) +71(L°, poo),
i= L

E ZEiei ~ 72(K, p2) + (K, poo).-
— Ko
Thus it is enough to show that

Ya(T, p2) < C(R(K)y2(L°, p2) + R(L°)y2(K, p2)) (6)

and
(T, poc) < C(R(K)V1(L°, poo) + R(L)11(K, poo)) - (7)

Inequality (6) is the Chevet inequality for the Gaussian case. Indeed by
Theorem 2.3

Y2 (T, p2) = Esupz,zmgw =El(g9;) : K — L

zeT i

and

R(K)y2(L°, po)+R(L°)V2(K, pa) = R(K)E sup Z 2i9i+R(L° IEZsupZngz

zele° zEK

In fact we could prove (6) without the use of the Chevet inequality, but by
the chaining argument similar to the one used for the proof of (7) below (cf.
also [11]).

It remains to prove inequality (7).

Let Ay, C K and By C L°, s > 0, be admissible sequences of sets (i.e.,
with |Ao| = |Bo|] = 1, |A4|,|Bs] < 2% for s > 1). Define an admissible
sequence (Cs)s>o by Cy = {0} and

Ci=A,19B; 1 CK®L?, s>1.
Note that for all x, 2 € K and for all y,y € L° one has

[t @y =T @Gl < l2lloo - ly = Glloo + 17llo - 1z = Zlloo
< R(K)|ly = llee + R(L®) || — T[] oo
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Therefore

o0

MK ® L%, ps) < sup Z 2°dist (z ® y, Cs)

x®y€K®L° -0

<R(K) sup <||y||oo + 22 dist (y, B,_ 1))

yeLe s=1
R(Lo)sup (Hme +223d1st z, A 1)) .
s=1
Taking the infimum over all admissible sequences (As) and (B;) we get
N(K @ L?, poo)
< R(K) (diamy L° + 271 (L°, po)) + R(L?) (diameo K + 271 (K, poo))
< 4R(K>’71 (Loa poo) + 4R(Lo>ryl (K7 pOO)J

where in the last inequality we used the fact that the diameter is clearly
dominated by doubled v, functional. O

Corollary 3.2. Let ', K, L be as in Theorem 3.1. Then for every t > 0,

}:Ee, E:E@ +¢>
KO
with probability at least

[t . [t
l—exp| —cmin{ —,— >1—exp|—cminq —, — ,
o2’ o 0%’ o

where 0 = R(K)R(L°) and 0" = sup,¢cx [|7]|co SUPye o [|Y]]oo-

Proof. As in the proof of Theorem 3.1, by Theorem 2.2, it is enough to
consider the case I' = (E;;). Moreover it suffices to show that

M‘Kﬁm<c< + R(L°) -

2t
B0 K — L] 2 B K — £ +0) < oxp —emin { £ 1)),
g ag

To obtain the above estimate we use Theorem 2.4. Recall that ||[I': K —
L|| = supp(I',z ® y), where T = K ® L°. Thus we can easily compute
parameters a and b in Theorem 2.4:

a=suplr®yl= sup |z|-|yl=0
T zeK, yel°
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and

b=suplz @yl = sup |zl [lylloc = 0"

zeK, yeL

4 Norms of sub-matrices and RIP

Here we estimate the norms of sub-matrices of an isotropic unconditional
log-concave random n x N matrix I'.

Recall that for subsets J C {1,...,n}and I C {1,..., N}, I'(J, I) denotes
the sub-matrix of I' consisting of the rows indexed by elements from J and
the columns indexed by elements from /. Recall also that for £ < n and
m < N, I'y ,, is defined by

D = sup [T(J,1) = €50 — L], (8)

where the supremum is taken over all subsets J C {1,...,n} and I C
{1,..., N} with cardinalities |J| = k,|I| = m. That is, I'y,, is the max-
imal operator norm of a sub-matrix of I' with k rows and m columns.

We also denote the set of (-sparse unit vectors on R? by U, (or Uy(d),
when we want to emphasize the dimension of the underlying space) and its
convex hull by Uy, i.e.

Uy = Uy(d) = {x € R%: |suppz| < ¢ and |z| =1}, and U, = conv(Uy).

Clearly, ||I'(J,I)|| = sup(I'z,y), where supremum is taken over unit vectors
x and y with supports [ and J correspondingly. Therefore

T = Hr L U (N) — (Un(n))°

Note that (Uy(n))° = (Uk(n))°. Below U means (Uy)°.

Remark. For matrices with N independent log-concave columns and k = n
the sharp estimates for I, ,, were obtained in [4].

To treat the general case we will need the following simple lemma.

Lemma 4.1. For any 1 < ¢ < n we have




Proof. By Borell’s lemma ([6]) we have

n n
E Eie; E Eie;
i=1 i=1

where Ef, ..., E¥ denotes the nonincreasing rearrangement of |Ey|,. .., |E,]|.
We conclude the proof by the standard well known estimate E|E}|? ~ (In(3n/i))?
for i < n/2 (and, hence, E|E}|? < C for i > n/2). O

~ Now observe that I' satisfies the hypothesis of Theorem 3.1 and that
U, C BY, so R(U;) = 1. Thus Theorem 3.1 implies

N n
=1 o i=1

Us, ‘ Ug
which together with Lemma 4.1 and Corollary 3.2 implies the following the-
orem.

2
E ~ K

l
—E sup Y E}=) E|E,
' i=1

Ic{1...., n

2
Ug Ug 1)1=¢ = €l

Elym < C | E

Theorem 4.2. There are absolute positive constants C' and ¢ such that the
following holds. Let m < N and k < n. Let I" be an isotropic unconditional
log-concave random n x N matrixz. Then

N
EkagC(\/ﬁ 1n—3 +Vk ln%).
m

Moreover, for every t > 0,
3N 3
Lpm <C (\/m In == +Vk ln?nth)
m

with probability at least

1 —exp (—cmin {t,tQ}) .

Remarks. 1. In the case when I' = (E;;) we have

1 N
> _— | Vm 1113——1—\/E1n3—n )
C m k

N
Elyn > max {EH 3 Ee
=1

U,g}
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2. Theorem 4.2 can be proved directly (i.e. without Chevet inequality)
using a chaining argument in the spirit of [4]. We provide the details in
the last section. Similar estimates (with worse probability) were recently
independently obtained in [10].

We now estimate the restricted isometry constant (RIC) of a random
matrix I' with independent unconditional isotropic log-concave rows. As was
mentioned in the example following Theorem 3.1 such I' is unconditional
isotropic log-concave. Recall that the RIC of order m is the smallest number
d = 0,,(I") such that

(1= 0)af* < Tz < (1 + 9)|x/*.

for every x € U,,.

The following theorem is an “unconditional” counterpart of Theorem 6.4
from [1] (see also Theorem 7 in [2]). Its proof repeats the lines of the cor-
responding proof in [1] (see the remark following the proof of Theorem 6.4
from [1]). The result is sharp up to dependence on # and absolute constants
(see Proposition 5.7 in [3]).

Theorem 4.3. Let 0 < 0 < 1. Let I' be an n x N random matriz, whose

rows are independent unconditional isotropic log-concave random vectors in
RY. Then 6,,(T/\/n) < 0 with probability at least

62 3N
1 —exp (—c Tn) — 2exp <—c vmln —),
In“n m

provided that either
(i) N <n and
| e
m=a~ming N, ———
In°(3/0)
or
(ii)) N >n and

m<c 9—n min{ ! 4 }
~ In(3N/(6n)) In(3N/(6n))" In*(3/6) )’

where ¢ > 0 is an absolute constant.
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Remarks. 1. The condition on m in (ii) can be written as follows

2
In(3N/n) In*(3N/(0n))
In*In(3N/n) 62 n
if 6<——m+~—~ th < .
S TNBNM) T =1213/9) (3N/(0n))
2. Precisely the proof of Theorem 6.4 in [1] (with estimates from our

Theorem 4.2) gives that if

N 2
by, ;= m <1n 3—) < cOn

m

and aN
mIn =— In? i < ch’n
m m

then ¢,,(T'/y/n) < 6 with probability at least

0%n 3N
1-— exp (—C m) — 2eXp <—C \/E IDH)

5 An example

In this section we prove that the condition “X is unconditional” cannot be
omitted in Theorems 2.2 and 3.1. Namely, first we construct an example
of isotropic log-concave non-unconditional d-dimensional random vector X
and a norm || - || on RY, which fails to satisfy the conclusion of Theorem 2.2.
Then we consider the matrix consisting of one column X as an operator
from (R, |- |) to (R4, ]| - ||) and show that it does not satisfy the Chevet type
inequality. The idea of the construction of X is rather simple — we start with
a matrix with i.i.d. exponential entries and rotate its columns by a “random”
rotation. Considering the matrix as a vector with operator norm ¢; — ¢; we
prove the result.

Theorem 5.1. Let d > 1 and Y = (Ey,..., Ey). There exists an isotropic

log-concave random vector X in RY and a norm || - || such that
E|X[| = ¢ vInd E[Y]], (9)
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where ¢ > 0 is an absolute constant. Moreover, the d X 1 matriz B with the
only column equal to X satisfies

E|B:[-1,1] = L|| > ¢ VInd (E

d
E Eie;
i=1

+ HId : Bzd — LH) ,
L

where L is the unit ball of || - ||

Proof. Let n, N be integers such that d = n/N. Consider an n x N matrix
I' = (Ej;). Denote its columns by X7, ..., Xy, so that I' = [ X3, ..., Xy]. As
before, we consider I' as a d-dimensional vector. Given U € O(n) rotate the
columns of I' by U:

A=AU)=Ul = [UXy,...,UXy].

Then A is a log-concave isotropic vector in RY. Below we show that if N =
|e" | for some absolute constant ¢ > 0 then there exists Uy € O(n) such that

Er [|A(Up) : €Y — 7| > eiVInd Ep [T : £ — 07 (10)

This will prove the first part of the theorem, since it is clearly enough to
consider only such n, N, d by adjusting the constant in the main statement.

To prove (10) we estimate the average of ||A(U)|| over U € O(n). For
every x in R™ we have

Powm) ({||U.r||1 > cov/n ||$||2}) =0o,1({y: |yl = cav/n}) > 1 —exp(—2cn),

where 0,,_; denotes the uniform distribution on S™ ! and the last inequality
follows by a simple volumetric argument (or by concentration, see e.g. 2.3,
5.1 and 5.3 in [12]). Thus, if N < e™,

Pow) ({Vi < N |UXilly > cav/n [ Xill2}) > 1 = exp(—cn) >

N | —

Hence
Eom) max |UX:][1 > eav/n max 12X |2,

which implies
Er Eow [A(U) = & — £]| = e2v/n Er max | X,
> cpv/n Ep HLE}\I;HEM\ > c3yv/n InN.
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By Lemma 2.1
Er [T : 6 — | ~n+1InN.

Thus, taking N = [e“"],

Eowm Er |JAU) :+ 6N = _ n InN
>, YUY S VNN > cVInd.
Bl V&) = “prmy = eV = cvind

Hence there exists Uy € O(n) satisfying (10).

Now we will prove the “moreover” part of the theorem. Recall that L
is the unit ball of the norm || - || constructed above. The log-concave vec-
tor under consideration is X = A(Up) and the matrix which provides the
counterexample to the Chevet type inequality is B = [X]. By the above
calculations we have

E|B:[-1,1] = L| = E|| X[, = E[A(Uo) : £} — €] > c (Ind)*?
and

E =E|l : ¥ = | ~n+InN ~Ind.

d
E Eie;
i=1

It is easy to check that for every n x N matrix 7' = (¢;;) one has

n N n 1/2
IR IS SAENCT 0 9) 00 MO

=1 i=1

L

where /n is the best possible constant in the inequality. This shows that

|1d : BY — L|| = vn = VInd.

Thus .
E|> Ee| +1d:B§ — L|| ~Ind,
=1 L
which completes the proof. ]

Concluding remarks. 1. The above example is optimal in the sense that
one can’t expect better than vInd dependence on dimension in (9). Indeed,
let Y = (E,..., Es). We show that for any U € O(d) and any norm || - || on

R? one has
E||UY]| < C+v/In(ed) E||Y||. (11)
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First it is known that E|Y|| < Cy/In(ed) E||G||, where G = (g1,...,94)-
Now note that if K is a unit ball of || - ||k then for every U € O(d) one has
|Uz||x = ||z||g-1x for every x € R Therefore, for any U € O(d) we have

E|UY| < C/In(ed) E|UG| = C/In(ed) E||G]

(in the last equality we used that the distribution of G is invariant under
rotations). Finally note that by either Theorem 2.3 or Theorem 2.2 the
norm of an exponential random vector dominates the norm of the Gaussian
one, i.e. E||G|| < CE|Y||, which implies (11).

2. For any isotropic vector X in R? (not necessarily log-concave) and any
origin symmetric convex body K C R? we show that

E||X|x < Cd(K,B3) E|[Y]|x, (12)

where Y = (Ey, ..., E;) and d(K, BY) denotes the Banach-Mazur distance
between K and BY. Since for every origin symmetric K one has d(K, BY) <
Vd (see e.g. [16]), the inequality (12) implies that for any norm || - || on R?

E|X|| < CVAE|Y].

Now we prove (12). First, as in Remark 1, note that the norm of an ex-
ponential random vector dominates the norm of the Gaussian one. Thus
it is enough to show that E| X||x < Cd(K, BY) E||G|x, where G is as in
Remark 1. Let o = d(K, BY) and £ be an ellipsoid such that £ C K C af.
Since this is only a matter of rotation of a coordinate system we may assume
that £ = {z € R%: 327 4222 < 1}. Then by the isotropicity of X,

i=1 "1 —
d 1/2 d 1/2
E|X[|x <E[X|e=E (Z a?X3> < <Z a?) < CE||Gle < CaE||G||k,
=1 i=1

where we used comparison of the first and second moments of the norm ||G||¢
of the Gaussian vector.

6 A direct proof of Theorem 4.2

We present here a proof of Theorem 4.2 not involving the Chevet type in-
equality and not relying on Theorem 2.3, but only on tail estimates for
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suprema of linear combinations of independent exponential variables given
in Theorem 2.4 (as above, by Theorem 2.2, it is enough to consider only such
variables).

We need the following lemma, which is an immediate consequence of The-
orem 2.4 (recall here that for a matrix A = (a;;), ||Al| denotes max; ; |a;;l).

Lemma 6.1. For every n x N matriz A = (a;;) and every t > 0 we have

2 t
P E Eija;;| >t ] < 2exp (—cmin (—, —>) 7
( Y ) A" Al

]
where ¢ > 0 is an absolute constant.

Indeed, since E| >, Eijai;| < (E| >, Eijz;%)Y? = | A, the above Lemma
follows from Theorem 2.4 for t > 2| A|. For t < 2|A| we can make the right
hand side larger than 1 by the choice of c.

Direct proof of Theorem 4.2. As in the proof of Theorem 3.1, using
Theorem 2.2, we may assume that I' is the exponential matrix, i.e. I' = (E;).
Without loss of generality we assume that & > m and that £ = 2" — 1,
m = 2° — 1 for some positive integers r > s. It is known (and easy to see
by volumetric argument) that for any origin symmetric convex body V C R¢
and any € < 1 there exists an e-net (with respect to the metric defined by
V) in V of cardinality at most (3/¢)?. For i = 0,1,...,7 — 1 let M; be a
(2¢/(4k))-net (with respect to the metric defined by By N (27%/2B%)) in the
set
U RnBpn(2*BL)
I1C{1,..., n}

|1]<2?

of cardinality not greater than

(2)(2) <o (02m(2)),

where R? denotes the span of {e;}ic;. Similarly for i = 0,1,...,s — 1 let \V;
be a (2¢/(4m))-net in the set

U R'nBYn(@BY)
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of cardinality at most

() (22)7 <o (c2m(2)),

Let now M be the set of vectors in 2B5 that can be represented in the
form x = Z;& x;, where x; € M,; and have pairwise disjoint supports.
Analogously define N as the set of vectors y = Zf;& y; € 2BY | with y; € N
and pairwise disjoint supports. For x € M and i =0,1,...,r — 1 let S;z =
To+...+x;, where x; is the appropriate vector from the above representation
(this representation needs not be unique, so for each vector x we choose one
of them). Similarly, for i =0,1,...,s —land y € N let Tjy = yo + ... + u;.
Fori=s,...,r —1let T,y = y. Additionally set S_yx =0, T_1y = 0. We
thus have

r—1
Yy = Z(Tiy ® Siz — Tim1y ® Si_17)
i=0
forx e M,y e N.

Recall that for vectors v = (v(i)); and w = (w(i)); the tensor v ® w can
be identified with the matrix {w(i)v(j)}i;. Since x;’s and y;’s have pairwise
disjoint supports, for every j > ¢ we can view T,y ® S;z and Tjy ® S;x —
T; 1y ® S;_1x as sub-matrices of y ® x. Then it is easy to see that for every
J=i

Ty ® Sjz — Tisy @ Siaz] < [z @yl = [z(ly| < 4 (13)
and
1Ty ® Sjr —Ti-1y @ Si—17| o

< max{|[(Tj = Ti-)ylloollzlloo, [9llooll(S; = Sicn)alloc} <2772 (14)
Thus, by Lemma 6.1, for any v € M, y € N and t > 1,

P(|[(TTyy, Six) — (TTi_yy, Si_iz)| > t) < 2exp(—cmin(t?,27/%)).  (15)

Moreover, for any ¢ < s — 1, the cardinality of the set of vectors of the
form Tjy ® Sijx — Tj_1y ® S;_1x, x € M,y € N is at most

exp (i (C’Zj In (2—?) +C2’ In (22—]]\[)>> < exp (C~’2Z In (22—73> +C21n (22—]ZV>>
=0

=
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By (15) and the union bound we get that for i < s — 1 and any ¢t > 1,
with probability at least
1— 2exp ( - ct(2i In(2n/21) + 2 ln(2N/2’)>>,
one has

max (DT, Siz) — (TTi_1y, S;12)| < Ct (2“2 In(2n/21) + 22 1n(2N/2i)).

zeEM,yeN

By integration this yields
E max |([Ty, Siz)—(TTi1y, Sioiz)| < c(zi/2 In(2n/27)+21/? 1n(2N/2i)).

zeM,yeN

Therefore

s—1
E sup ’<FTs—ly7 Ss—lx>‘ S ZE sup |<F1—;y, Sz$> - <FT’i—ly> Si—1x>|
zeM,yeN i—0 zeM,yeN

s—1
<y O(QW In(2n/21) + 21/2 ln(2N/2i)>
i=0
< & (Vim@n/k) + Vmm@N/m)).  (16)
On the other hand, for any y € N and i > s, we have T;_1y = T,y = v.

Thus by (15) and the fact that there are at most exp(C2¢In(2n/2%)) vectors
of the form S;x — 5;_1x with x € M, we get for t > 1,

Sél/\% Ty, (Siz — Si_1z))| < C12/21n(2n/2Y),
with probability at least 1 — exp(—ct2'In(2n/2%)).
This implies that for s <i <r —1,
]E;léz}&{ (TTyy, Six) — (DTi_1y, Si—1z)| < C2/21n(2n/2")
and thus
Emax [(IT—1y, S;—12) — (ITi1y, Ss-1)
r—1

< Z Emax |(TTiy, S;z) — (TTi1y, Sio1)|

<C i 21/21n(2n/2") < CVEIn(2n/k).

i=s
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Applying Theorem 2.4 together with (13) and (14) (with j = — 1 and
i = s) we obtain that for any y € N and t > 1,

(TT_1y, Sy_1z) — (TTy 1y, Ss_1z)| < OVkIn(2n/k)+ Ct25/2In(2N/2°),

max |
zeM

with probability at least
1 — 2exp(—Ct2° In(2N/2%)),
which by the union bound and integration by parts gives

E max |[(I'T,_1y,Sr—1x) — (I'Ts 1y, Ss_17)|

zeM,yeN

< CVEkIn(2n/k) + C2°?In(2N/2°) < é(ﬁln@n/k) + mln(zN/m)>.
Combining this inequality with (16) we get

E max |(Ty,z)| < C’(\/Eln(Qn/k) + \/%ln(QN/m)).
zeM,yeN

Let us now notice that for arbitrary z € S"~! y € S"~! with |supp z| <

k,|suppy| < m, there exist & € M,y € N, such that suppz C suppz,
suppy C suppy and

r—1 s—1
o — 3P <> 2%/(16k%) < 1/8, |y —g[> <Y 2¥/(16m*) < 1/8.
1=0 =0

We have

Taking into account that 7 € 2B and passing to suprema, we get

Lim < max (T'7, &) + 30%,/8

zeM,geEN

and thus

Elym < 2E max (I'5,Z) < C(VkIn(2n/k) + vmIn(2N/m)),

zeM,ge

which completes the proof of the first part of Theorem 4.2. The proof of the
“moreover” part is obtained using Theorem 2.4 in the same way as it was
used to obtain Corollary 3.2 from Theorem 3.1. O
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Remark. Adjusting the chaining argument presented above one can elimi-
nate the use of the full strength of Theorem 2.4 and obtain a proof relying
only on tail inequalities for linear combinations of independent exponential
random variables (which follow from classical Bernstein inequalities). The
modification involves splitting the proof into two cases depending on the
comparison between mIn(2N/m) and kIn(2n/k).

References

1]

[5]

8]

R. Adamczak, R. Latata, A.E. Litvak, A. Pajor and N. Tomczak-
Jaegermann, Tail estimates for norms of sums of log-concave random
vectors, preprint, http://arxiv.org/pdf/1107.4070v1.pdf

R. Adamczak, R. Latala, A.E. Litvak, A. Pajor and N. Tomczak-
Jaegermann, Geometry of log-concave Ensembles of random matrices

and approximate reconstruction, C.R. Math. Acad. Sci. Paris, 349
(2011), 783-786.

R. Adamczak, A.E. Litvak, A. Pajor and N. Tomczak-Jaegermann, Re-
stricted isometry property of matrices with independent columns and

neighborly polytopes by random sampling, Constructive Approximation,
34 (2011), 61-88.

R. Adamczak, A.E. Litvak, A. Pajor and N. Tomczak-Jaegermann,
Quantitative estimates of the convergence of the empirical covariance
matriz in log-concave Ensembles, Journal of AMS, 234 (2010), 535-561.

Y. Benyamini and Y. Gordon, Random factorization of operators be-
tween Banach spaces, J. Analyse Math. 39 (1981), 45-74.

C. Borell, Convexr measures on locally convexr spaces, Ark. Math. 12
(1974), 239-252.

S. Chevet, Séries de wvariables aléatoires gaussiennes a valeurs
dans E®.F. Application aux produits d’espaces de Wiener abstraits,
Séminaire sur la Géométrie des Espaces de Banach (1977-1978), Exp.
No. 19, Ecole Polytech., Palaiseau, 1978.

Y. Gordon, Some inequalities for Gaussian processes and applications,
Israel J. Math. 50 (1985), 265-289.

25



[9]

[10]

[11]

R. Latata, On weak tail domination of random vectors, Bull. Polish Acad.
Sci. Math. 57 (2009), 75-80.

S. Mendelson and G. Paouris, On generic chaining and the smallest
singular value of random matrices with heavy tails, J. Funct. Anal. 262
(2012), 3775-3811.

S. Mendelson and N. Tomczak-Jaegermann. A subgaussian embedding
theorem, Israel J. Math. 164 (2008), 349-364.

[12] V.D. Milman and G. Schechtman, Asymptotic theory of finite-

[13]

[14]

[15]

[16]

dimenstonal normed spaces. With an appendiz by M. Gromowv, Lecture
Notes in Mathematics, 1200. Springer-Verlag, Berlin, 1986.

M. Talagrand, A new isoperimetric inequality and the concentration of
measure phenomenon, Geometric aspects of functional analysis (1989—
90), 94-124, Lecture Notes in Math., 1469, Springer, Berlin, 1991.

M. Talagrand, The supremum of some canonical processes. Amer. J.
Math. 116 (1994), 283-325.

M. Talagrand, The generic chaining. Upper and lower bounds of stochas-
tic processes, Springer Monographs in Mathematics. Springer-Verlag,
Berlin, 2005.

N. Tomczak-Jaegermann, Banach-Mazur distances and finite-
dimensional operator ideals, Pitman Monographs and Surveys in Pure
and Applied Mathematics, 38. Longman Scientific & Technical, Harlow;
John Wiley & Sons, Inc., New York, 1989.

Radostaw Adamczak,

Institute of Mathematics,

University of Warsaw,

Banacha 2, 02-097 Warszawa, Poland

e-mail: radamczOmimuw.edu.pl

Rafal Latala,
Institute of Mathematics,
University of Warsaw,

26



Banacha 2, 02-097 Warszawa, Poland
and

Institute of Mathematics,

Polish Academy of Sciences,
Sniadeckich 8, 00-956 Warszawa, Poland

e-mail: rlatala@mimuw.edu.pl

Alexander E. Litvak,

Dept. of Math. and Stat. Sciences,
University of Alberta,

Edmonton, Alberta, Canada, T6G 2G1.

e-mail: alexandr@math.ualberta.ca

Alain Pajor,

Université Paris-Est

Equipe d’Analyse et Mathématiques Appliquées,
5, boulevard Descartes, Champs sur Marne,
77454 Marne-la-Vallée, Cedex 2, France

e-mail: Alain.PajorQuniv-mlv.fr

Nicole Tomczak-Jaegermann,

Dept. of Math. and Stat. Sciences,
University of Alberta,

Edmonton, Alberta, Canada, T6G 2G1.

e-mail: mnicole.tomczak@ualberta.ca

27



