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Abstract

We establish new tail estimates for order statistics and for the
Euclidean norms of projections of an isotropic log-concave random
vector. More generally, we prove tail estimates for the norms of pro-
jections of sums of independent log-concave random vectors, and uni-
form versions of these in the form of tail estimates for operator norms
of matrices and their sub-matrices in the setting of a log-concave en-
semble. This is used to study a quantity Ay, that controls uniformly
the operator norm of the sub-matrices with k& rows and m columns of
a matrix A with independent isotropic log-concave random rows. We
apply our tail estimates of Ay, to the study of Restricted Isometry
Property that plays a major role in the Compressive Sensing theory.
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1 Introduction

In the recent years a lot of work was done on the study of the empirical
covariance matrix, and on understanding related random matrices with in-
dependent rows or columns. In particular, such matrices appear naturally in
two important (and distinct) directions. Namely,

— approximation of covariance matrices of high-dimensional distributions by
empirical covariance matrices; and

— the Restricted Isometry Property of sensing matrices defined in the Com-
pressive Sensing theory.

To illustrate, let n, N be integers. For 1 <m < N by U, = U,,(RY) we
denote the set of m-sparse vectors of norm one, that is, vectors z € SV—!
with at most m non-zero coordinates. For any n x N random matrix A,
treating A as a linear operator A : RN — R" we define 6,,(A) by d,,(A4) =

sup,ep,, |[|Az]* — E[Aa:’]Q‘. (Here | - | denotes the Euclidean norm on R™.)

Now let X € RY be a centered random vector with the covariance matrix
equal to the identity, that is, EX @ X = Id; such vectors are called isotropic.
Consider n independent random vectors Xy, ..., X,, distributed as X and let
A be the n x N matrix whose rows are Xi,...,X,,. Then

Om, <%> = xselbpm% (JAz|* — ]E|A:c|2)|
= sup 12(]<Xi,x>|2—E|<Xi,x)]2) ( (1.1)

CBEUm n i=1

In the particular case of m = N it is also easy to check that

5N(%) - H%Z(Xi@))(i—]EX@X)H. (1.2)

We first discuss the case n > N. In this case we will work only with the
parameter oy (A/y/n). By the law of large numbers, under some moment
hypothesis, the empirical covariance matrix %Z?:l X; ® X; converges to
E X ® X = Id in the operator norm, as n — oo. A natural goal important
for many classes of distributions is to get quantitative estimates of the rate
of this convergence, in other words, to estimate the error term dy(A/y/n)

with high probability, as n — oo.



This question was raised and investigated in [17] motivated by a problem
of complexity in computing volume in high dimensions. In this setting it was
natural to consider uniform measures on convex bodies, or more generally,
log-concave measures (see below for all the definitions). Partial solutions
were given in [10] and [26] soon after the question was raised, and in the
intervening years further partial solutions were produced. A full and optimal
answer to the Kannan-Lovész- Simonovits question was given in [5] and [7].
For recent results on similar questions for other distributions, see e.g., [29]
and [27].

The answer from [5] and [7] to the K-L-S question on the rate of conver-
gence stated that:

1< ST
P (x:;%)—l E;(sz,x ’< v/ n) >1-e N (13)

=1

where C' and ¢ are absolute positive constants. The proofs are based on an
approach initiated by J. Bourgain [10] where the following norm of a matrix
played a central role. Let 1 < k < n, then

Apn = sup sup (Z\X],:U ) = sup  sup |PyAz|, (1.4)

where for J C {1, ...,n}, Py denotes the orthogonal projection on the coor-
dinate subspace R” of R™.

To understand the role of Ay x for estimating dx(A/y/n), let us explain
the standard approach. For each individual x on the sphere, the rate of con-
vergence may be estimated via some probabilistic concentration inequality.
The method consists of a discretization of the sphere and then the use of an
approximation argument to complete the proof. This approach works per-
fectly as long as the trade-off between complexity and concentration allows
it.

Thus when the random variables = >~ | [(X;, x)|? satisfy a good concen-
tration inequality sufficient to handle uniformly exponentially many points,
the method works. This is the case for instance when the random variables
(X, x) are sub-gaussian or bounded, due to Bernstein inequalities. In the
general case, we decompose the function [(X;, x)|? as the sum of two terms,
the first being its truncation at the level B2, for some B > 0. Now let us
discuss the second term in the decomposition of Y 1 | [(X;, z)[* . Let

Ep=Eg(x)={i<n : |(Xi,z)| > B}.
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For simplicity, let us assume that the maximum cardinality of the sets of the
family {Fg(z) : © € S¥~1} is a fixed non-random number k, then clearly
the second term is controlled by

DX o) < ARy

i€Ep

In order to estimate k, let  such that k = |Eg(z)| = |Ep|, then

B’k = B’|Eg| < ) [(X;,z)”

i€Ep

Thus we get the implicit relation A7 y > B%k. From this relation and an
estimate of the parameter A, y we eventually deduce an upper bound for
k. To conclude the argument of Bourgain the bounded part is uniformly
estimated by a classical concentration inequality and the rest is controlled
by the parameter Ay y.

Notice that we only need tail inequalities to estimate Ay n, that is to
control uniformly the norms of sub-matrices of A. This is still a difficult
task however because of a high complexity of the problem and the lack of
matching probability estimates; and a more sophisticated argument has been
developed in [5] to handle it.

We now pass to the complementary case n < N, which is one of central
points of the present paper, and was announced in [4].

Let A be an n x N random matrix with rows X1, ..., X,, which are inde-
pendent random centered and with covariance matrices equal to the identity,
but not necessarily identically distributed. Clearly, A is then not invertible.
The uniform concentration on the sphere Uy = SV~! (which appeared in
the definition of 0,,(A/+/n) for m = N) does not hold and the expressions
in (1.1) are not uniformly small on Uy = S¥~1. The best one can hope for
is that A may be “almost norm-preserving” on some subsets of SN¥~1. This
is true for subsets U,,, for some 1 < m < N and is indeed measured by
Sm(A/ /).

The parameter 9,, plays a major role in the Compressive Sensing theory
and an important question is to bound it from above with high probability,
for some (fixed) m. For example, it can be directly used to express the so-
called Restricted Isometry Property (RIP) (introduced by E. Candes and
T. Tao in [12]) which in turn ensures that every m-sparse vector x can be
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reconstructed from its compression Ax with n < N by the so-called ¢;-
minimization method.

For matrices with independent rows Xi,...,X,, questions on the RIP
were understood and solved in the case of Gaussian and sub-gaussian mea-
surements (see [12], [23] and [8]). When Xi,...,X,, are independent log-
concave isotropic random vectors, these questions remained open and this is
one of our motivation for this article.

For an n x N matrix A and m < N, the definition of 4,,(A/y/n) implies
a uniform control of the norms of all sub-matrices of A/y/n with n rows and
m columns. Passing to transposed matrices, it implies a uniform control of
|PX;| over all I C {1,2,--- N} of cardinality m and 1 < i < n. In order to
verify a necessary condition that for some m, d,,(A/y/n) is small with high
probability, one needs to get an upper estimate for sup{|P;X| : |I| = m}
valid with high probability.

The probabilistic inequality from [24]

P (P X| > Ctym) < e V™ (1.5)

valid for t > 1 is optimal for each individual I, but it does not allow to
get directly (by a union bound argument) a uniform estimate because the
probability estimate does not match the cardinality of the family of the I’s.
Thus the first natural goal we address in this paper is to get uniform tail
estimates for some norms of log-concave random vectors.

This heuristic analysis points out to the main objective and novelty of the
present paper; namely the study of high-dimensional log-concave measures
and a deeper understanding of such measures and their convolutions via new
tail estimates for norms of sums of projections of log-concave random vectors.

To emphasize a uniform character of our tail estimates, for an integer
N > 1, an N-dimensional random vector Z, an integer 1 < m < N, and
t > 1, we consider the event

Q(Z,t,m,N) = { supN} |PrZ| > Cty/mlog (%)}, (1.6)

where C' is a sufficiently large absolute constant. Note that the cut-off level
in this definition is of the order of the median of the supremum for the
exponential random vector.



Recall that X, X1, ..., X, denote N-dimensional independent log-concave
isotropic random vectors, and A is the nx N matrix whose rows are X1, ..., X,,.
A chain of main results of this paper provides estimates for P(2(Z,t,m, N))
in the cases when

(i) Z = X; and, more generally,

(i) Z =Y is a weighted sum Y = Y | 2;X;, where z = (2;)} € R", with
control of the Fuclidean and supremum norms of x,

(iii) a uniform version of (ii) in the form of tail estimates for operator norms
of sub-matrices of A.

Our first main theorem solves the question of uniform tail estimates for
projections of a log-concave random vector discussed above.

Theorem 1.1. Let X be an N-dimensional log-concave isotropic random
vector. For any 1 <m < N andt > 1,

P(Q(X,t,m,N)) < exp(—t\/ﬁlog (%)/W)

The proof of the theorem is based on tail estimates for order statistics
of isotropic log-concave vectors. By (X*(i)); we denote the non-increasing
rearrangement of (]X(7)]);. Combining (1.5) with methods of [18] and the

formula sup 1C{) P X =020 X*(i)2)1/2 will complete the argument.

Let us also mention that further applications (in Section 4) of inequality
of this type require a stronger probability bound that involves a natural
parameter ox(p) — defined in (3.3) — determined by a “/,-weak” behavior of
the random vector X.

More generally, the next step provides tail estimates for Euclidean norms
of weighted sums of independent isotropic log-concave random vectors. Let
r = (z;)} € R" and set Y = > 7 2;X; = A*zx. The key estimate used later,
Theorem 4.3, provides uniform estimates for the Euclidean norm of projec-
tions of Y. Namely, for every z € R", IF’(Q(Y, t,m, N)) is exponentially

small with specific estimates depending on whether the ratio ||z||./|z| is
larger or smaller than 1/y/m. Since precise formulations of probability es-
timates are rather convoluted we do not state them here and we refer the
reader to Section 4.



The last step of this chain of results estimating probabilities of (1.6) is
connected with the family of parameters Ay ,,,, with 1 <k <nand 1 <m <
N, defined by

1/2
Agm = sup Sup<ZI(Xj,x)|2> = sup sup |P;Azx| (1.7)

That is, Ay, is the maximal operator norm over all sub-matrices of A with
k rows and m columns (and for m = N it obviously coincides with (1.4)).

Finding bounds on deviation of Ay ., is one of our main goals. To develop
an intuition of this result we state it below in a slightly less technical form.
Full details are contained in Theorem 5.1.

Theorem 1.2. For anyt > 1 and n < N we have
P(Ajm > CtA) < exp(—tA/+/log(3m)),
where A = /loglog(3m)y/mlog(eN/m) ++/klog(en/k) and C is a universal

constant.

The threshold value A is optimal, up to the factor of |/loglog(3m). As-
suming additionally unconditionality of the distributions of rows (or columns),
this factor can be removed to get a sharp estimate (see [3]).

We make several comments about the proof. Set I' = A*. Then

Agm = sup sup |Pl'z| = sup sup ( E a:iPIXZ) )
IC‘{Il‘ ,,,,, N} zeU(R™) IC‘{Il‘ ..... N} zeU(R™)
=m =m

To bound Ay, one has then to prove uniformity with respect to two families
of different character: one coming from the cardinality of the family {I C
{1,...,N}: |I| = m}; and the other, from the complexity of U(R™). This
leads us to distinguishing two cases, depending on the relation between k
and the quantity

K =inf{l > 1: mlog(eN/m) < {log(en/l)}.

First, if £ > £/, we adjust the chaining argument similar to the one from [5]
to reduce the problem to the case k < k’. In this step we use the uniform tail
estimate from Theorem 3.4 for the Euclidean norm of the family of vectors
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{P1X : |I| = m}. Next, we use a different chain decomposition of x and
apply Theorem 4.3.

As already alluded to, an independent interest of this paper lies in upper
bounds for d,,(A//n) where A is our n x N random matrix. We presently
return to this subject to explain the connections.

The family Ay, plays a very essential role in studies of the Restricted
[sometry constant, which in fact applies even in a more general setting.
Namely, for an arbitrary subset 7 C RY and 1 < k < n define the parameter
A(T) by ;

1/2
AT = swp sup( 30X y) ) (1.8)
iel

Ic{1,...,n} yeT
|

Thus Ay = Ak(Up,). The parameter Ay (7)) was studied in [22] by means of
Talagrand’s y-functionals.

The following lemma reduces a concentration inequality to a deviation
inequality and hence is useful in studies of the RIP. It is based on an argument
of truncation similar to Bourgain’s approach presented earlier.

Lemma 1.3. Let X1,..., X, be independent isotropic random vectors in RY .
LetT C SN=1 be a finite set. Let0 < 6 < 1 and B > 1. Then with probability
at least 1 — |T| exp (—36°n/8B?) one has

n

sup lZ(|<Xi7y>|2 CE|(Xy)P)| <0+ L (AT + EAUTY) .

n n
vel |70

where k < n is the largest integer satisfying k < (Ax(T)/B).

In this paper we focus on the compressive sensing setting where 7' is the
set of sparse vectors. The lemma above shows that after a suitable discretisa-
tion, estimating d,, or checking the RIP, can be reduced to estimating Ay, ,,.
This generalizes naturally Bourgain’s approach explained above for m = N.

Using the lemma, we can show that if 0 < # < 1, B > 1, and m <
N satisfy mlog(CN/m) < 36?n/16B?, then with probability at least 1 —
exp (—30%*n/16 B%) one has

Sm(Afv/R) <0+~ (A2, +EAZ ),
~ (4 |
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where k < n is the largest integer satisfying k& < (Ag,,/B)? (note that k is a
random variable).

Combining this with tail inequalities from Theorem 1.2 allows us to prove
the following result on the RIP of matrices with independent isotropic log-
concave Tows.

Theorem 1.4. Let 0 < 0 < 1,1 < n < N. Let A be an n X N random
matriz with independent isotropic log-concave rows. There exists ¢(6) > 0
such that 0,,(A/\/n) < 0 with an overwhelming probability, whenever

mlog?(2N/m)loglog 3m < c(0)n.

The result is optimal, up to the factor loglog 3m, as shown in [6]. As for
Theorem 5.1, assuming unconditionality of the distributions of the rows, this
factor can be removed (see [3]).

The paper is organized as follows. In the next section we collect the no-
tation and necessary preliminary tools concerning log-concave random vari-
ables. In Section 3, given an isotropic log-concave random vector X, we
present several uniform tail estimates for Euclidean norms of the whole fam-
ily of projections of X on coordinate subspaces of dimension m. As already
mentioned, these estimates are based on tail estimates for order statistics of
X. The main result, Theorem 3.4, provides a strong probability bound in
terms of the “/,-weak” parameter ox(p) defined in (3.3). The proofs of the
main technical results, Theorems 3.2 and 3.4, are given in Section 7. Section 4
provides tail estimates for Euclidean norms of projections of weighted sums
of independent isotropic log-concave random vectors. The proof of the main
Theorem 4.3 is a combination of Theorem 3.4 and one-dimensional Propo-
sition 4.3. In Section 5 we prove the result announced above on deviation
of Ay . Section 6 treats the Restricted Isometry Property and estimates of
dm(A//n). The last Section 7 is devoted to the proofs of technical results of
Section 3.

Acknowledgment: The research on this project was partially done when
the authors participated in the Thematic Program on Asymptotic Geometric
Analysis at the Fields Institute in Toronto in Fall 2010 and in the Discrete
Analysis Programme at the Isaac Newton Institute in Cambridge in Spring
2011. The authors wish to thank these institutions for their hospitality and
excellent working conditions.



2 Notation and preliminaries

Let L be an origin symmetric convex compact body in R?. This is the unit
ball of a norm that we denote by || - [|[1. Let K C R% We say that a set
A C K is an e-net of K with respect to the metric corresponding to L if

K C U(z+eL).

z€A

In other words, for every z € K there exists z € A such that ||z — z||;, < e.
We will mostly use e-nets in the case K = L. It is well-known (and follows
by the standard volume argument) that for every symmetric convex compact
body K in R? and every ¢ > 0 there exists an e-net A of K with respect
to metric corresponding to K, of cardinality not exceeding (1 + 2/¢)?. Tt is
also easy to see that A C K C (1—¢)~! convA. In particular, for any convex
positively 1-homogenous function f one has

sup f(z) < (1 —e)"sup f(x).
rzeK zEA

A random vector X in R” is called isotropic if
E(X,y) =0, E|X,y)]*=[y|* forallyeR",

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

A random vector X in R" is called log-concave if for all compact nonempty
sets A,B C R"and 0 € [0,1], P(X € 0A+ (1 —0)B) > P(X € A)P(X €
B)'~%. By the result of Borell [9] a random vector X with full dimensional
support is log-concave if and only if it admits a log-concave density f, i.e.
such density for which

f0x+ (1 —0)y) > f(2)f(y)"? forall z,y € R", 6 €[0,1].

It is known that any affine image, in particular any projection, of a log-
concave random vector is log-concave. Moreover, if X and Y are independent
log-concave random vectors then so is X + Y (see [9, 14, 25]).

One important and simple model of a centered log-concave random vari-
able with variance 1 is the symmetric exponential random variable £ which
has density f(t) = 272 exp(—+/2|t|). In particular for every s > 0 we have

P(E| > 5) = exp(—s/V/2).

10



Every centered log-concave random variable Z, with variance 1 satisfies
a sub-exponential inequality:

for every s >0, P(|Z] >s) < Cexp(—s/C), (2.1)
where C' > 0 is an absolute constant (see [9]).

Definition 2.1. For a random variable Z we define the 11-norm by
120, =inf {C' > 0 : Bexp(|Z]/C) <2}
and we say that Z is 1y with constant ¥, if || Z||y, < 1.

A consequence of (2.1) is that there exists an absolute constant C' > 0
such that any centered log-concave random variable with variance 1 is
with constant C'.

It is well known that the ¥;-norm of a random variable may be estimated
from the growth of the moments. More precisely if a random variable Z is
such that for any p > 1, ||Z]|, < pK, for some K > 0, then ||Z||;, < cK
where c is an absolute constant.

By | - | we denote the standard Euclidean norm on R"™ as well as the
cardinality of a set. By (-,-) we denote the standard inner product on R™.
We denote by By and S"~! the standard Euclidean unit ball and unit sphere
in R™

A vector z € R” is called sparse or k-sparse for some 1 < k < n if the
cardinality of its support satisfies |supp x| < k.

We let

U, = Up(R") := {x € S"': z is k-sparse}. (2.2)

For any subset I C {1,...,N} let P; denote the orthogonal projection
on the coordinate subspace R! := {y € RV : suppy C I}.

We will use the letters C, Cy, C1, ..., ¢, co,c1, ... to denote positive abso-
lute constants whose values may differ at each occurrence.

3 New bounds for log-concave vectors

In this section we state several new estimates for Euclidean norms of log-
concave random vectors. Proofs of Theorems 3.2 and 3.4 are given in Sec-
tion 7.
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We start with the following theorem, which was essentially proved by
Paouris in [24]. Indeed, it is a consequence of Theorem 8.2 combined with
Lemma 3.9 in that paper, after checking that Lemma 3.9 holds not only for
convex bodies but for log-concave measures as well.

Theorem 3.1. For any N-dimensional log-concave random vector X and
any p > 1 we have

EIXP)' < C((EBIXP)2+ sup Bl X)), (3.)

teSN-1
where C is an absolute constant.

Remarks. 1. It is well known (cf. [9]) that if Z is a log-concave random
variable then

(]E]Z]p)l/l’ < C’]—?(]E|Z]Q)1/q for p>q>2.
q

If Z is symmetric one may in fact take C' = 1 (cf. Proposition 3.8 in [20])
and if Z is centered then denoting by Z’ an independent copy of Z we get
forp>q>2,

(B|Z])/r < (B|Z — Z'P)'» < L(®| 7z — 2|70 < 2E(m|z)9) V0.
q q

Therefore if X € RY is isotropic log-concave then

sup (]E’<t’X>‘p>1/P <p sup (E|<t,X>\2)1/2 -

teSN-1 teSN-1

Also note that (E|X|?)"/2 = v/N. Combining these estimates together with
inequality (3.1), we get that (E|X|?)Y/? < C(v/N + p). Using Chebyshev’s
inequality we conclude that there exists C' > 0 such that for every isotropic
log-concave random vector X € RY and every s > 1

P (|X| > CS\/N) < eV (3.2)
which is Theorem 1.1 from [24].

2. It is well known and it follows from [9] that for any p > 1, (E|X|?)1/2% <
C(E|X|?)'/? where C is an absolute constant. From the comparison between
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the first and second moment it is clear that inequality (3.1) is an equivalence.
Moreover, there exists C' > 0 such that

IPQX|zc(mmm%”2+ wp(M@wYWT”>>§eF

teSN-1

and

P <\X] > 2 ((®IXP)"+ sup (E|<t,x>v>)1/1’)> > min{ £ 7).
C teSN—l C

The upper bound follows trivially from Chebyshev’s inequality. The lower
bound is a consequence of Paley-Zygmund’s inequality and comparison be-
tween the p-th and (2p)-th moments of | X].

3. Since for any Euclidean norm ||-|| on RY there exists a linear map T such
that ||z]| = |Tz| and the class of log-concave random vectors is closed un-
der linear transformations, Theorem 3.1 implies that for any /N-dimensional
log-concave vector X, any Euclidean norm | - || on RY and p > 1 we have

EX7) < C((EIXIH2 + sup (I, X)P)77),

llell+<1

where (RY, ||-]|,) is the dual space to (RY,||-]|). It is an open problem whether
such an inequality holds for arbitrary norms — see [19] for a discussion of this
question and for related results.

We now introduce our main technical notations. For a random vector
X =(X(1),...,X(N)) in RY, p > 1 and ¢ > 0 consider the functions

ox(p) = sup (E[(t, X)) (3-3)

teSN-1

and
N
Nx(t) = Lixasn-
i=1

That is, Nx(t) is equal to the number of coordinates of X larger than or
equal to t. By a)_(l we denote the inverse of ox i.e.,

ox'(s) = sup{t: ox(t) < s}.

Remark 1 after Theorem 3.1 implies that for isotropic vectors X, ox(tp) <
2tox (p) for p > 2,t > 1 and o' (2ts) > toy'(s) for t,s > 1.
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We also denote a nonincreasing rearrangement of | X (1)[,...,|X(N)| by
X*(1) > X*(2)>...> X*(N).
One of the main technical tools of this paper says:

Theorem 3.2. For any N-dimensional log-concave isotropic random vector
X,p>2andt>Clog <Nt2/a§((p)> we have

E(t*Nx(t))" < (Cox(p))*,
where C'is an absolute positive constant.

We apply Theorem 3.2 to obtain probability estimates on order statistics
X*(i)’s.
Theorem 3.3. For any N-dimensional log-concave random isotropic vector
X, any1 <{ < N andt > Clog(eN/l),

P(X*(0) > 1) < exp (= o (étﬂ))

where C' is an absolute positive constant.

Proof. Observe that o_x(p) = ox(p) and that X*(¢) > t implies that
Nx(t) > ¢/2 or N_x(t) > ¢/2. So by Chebyshev’s inequality and Theo-
rem 3.2,

2

P(X™(€) 2 1) < <z>p(ENx(t)p +EN_x(t)") < (C"’X(p)>2p

/1
provided that ¢ > C”log(Nt*/c%(p)), where C’,C” are absolute positive

constants. To conclude the proof it is enough to take p = 0;(1(&&/?) and to
notice that the restriction on ¢ follows by the condition ¢ > C'log(eN/¢). [

We can now state one of the main results of this paper.

Theorem 3.4. Let X be an isotropic log-concave random vector in RY and
m< N. Foranyt > 1,

(w1 covitos () ) <o o (LZEELEL))

e
1C{1,..,N} m log(em/my)

[T|=m

where C' is an absolute positive constant and

mo = mo(X,t) = sup {k <m: klog (%) <oy <t\/ﬁlog (%))}
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Remark. We believe that the probability estimate should not contain any
logarithmic term in the denominator, but it seems that our methods fail to
show it. However it is not crucial in the sequel.

Since ox(p) < p, Theorem 1.1 is an immediate consequence of Theo-
rem 3.4.

4 Tail estimates for projections of sums of
log-concave random vectors

We shall now study consequences that the results of Section 3 have for
tail estimates for Euclidean norms of projections of sums of log-concave
random vectors. Namely, we investigate the behavior of a random vector
Y =Y, = > %X, where X,..., X, are independent isotropic log-
concave random vectors in RY and z = (z;)7 € R" is a fixed vector. We
provide uniform bounds on projections of such a vector. We start with the
following proposition.

Proposition 4.1. Let X4,..., X, be independent isotropic log-concave ran-
dom vectors in RN, . = (z;)7 € R, and Y = >, x;X;. Then for every
p > 1 one has

oy(p) = sup (E|{t,Y)[")'"” < C(v/pla| + pllall),

teSN-1

where C' is an absolute positive constant.

Proof. For every t € SV~ we have
(tY)=> it X;).
i—1

Let F; be independent symmetric exponential random variables with variance
1. Let t € SNt and o = (z;)} € R™. The variables Z; = (¢, X;) are one
dimensional centered log-concave with variance 1, therefore by (2.1) for every
5 > 0 one has

P(|Zi] =z s) < Co P(|E;| = 5/Ch) -
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Let (g;) be independent Bernoulli +1 random variables, independent also
from (Z;). A classical symmetrization argument and Lemma 4.6 of [21] imply

that there exists C' such that
n 1/ n 1/
(B, Y)P)/P < 2<E‘ inEiZi p> ’ < C(E) szEz p) §
i=1 =1
The well-known estimate (which follows e.g. from Theorem 1 in [16])

(E

concludes the proof. O

, 1/p
) < C(vplz| + pllzlls)

Corollary 4.2. Let Xy,...,X,, x and Y be as in Proposition 4.1 and 1 <
{ < N. Then for any t > C|z|log (<) one has

P(Y*(¢) > t) < exp (—émin { |7;|l;, ”L;ﬁ;o }) ;

where C'is an absolute positive constant.

Proof. The vector Z = Y/|z| is isotropic and log-concave. Moreover by
Proposition 4.1 we have

1 [E1S
= C
720) = [ov ) < G (VB )
Therefore for every t > C}
1 Ed
“1) > 2
o, (t) > G min {t T Hoot}

and by Theorem 3.3 we get for every t > Cs|z|log (%)

P(Y*(0) > t) = P(Z*(ﬁ) > i) = eXP( 51( oL ))

] Calz|

SeXp(-imin{tQE Ve })

C 22" (|l oo



The next theorem provides uniform estimates for the Euclidean norm of
projections of sums Y, considered above, in terms of the Euclidean and /.,
norms of the vector x € R".

Theorem 4.3. Let X4,..., X, be independent isotropic log-concave random
vectors in RY, . = ()} € R", and Y = > | 2;X;. Assume that |x] < 1,
|Z)|lo <0< 1 and let 1 <m < N.

i) Ifb> — then for any t > 1

IP’( sup |PrY| > Cty/mlog (%)) < exp (_ ty/mlog (%) >;

IC{1, N} b\/log(e?b?>m)

|I|=m

i) if b < — then for anyt > 1
N
IP’( sup |PY| > Cty/mlog (e_))
Ic{1,...,N} m

o < exp (= min {#Pmlog? (5). fvmton (55) )

where C'is an absolute positive constant.

Remark. Basically the same proof as the one given below shows that in i)
the term log(e262 ) may be replaced by y/log(e2b>m /t?) and the condition
b> — by b > . We omit the details.

The proof of Theorem 4.3 is based on Theorem 3.4. Let us first note
that we may assume that vector Y is isotropic, i.e. |x| = 1. Indeed, we
may find vector y = (y1,...,y) such that ||y|/ec < b and |x]* + |y|> = 1 and
take Y/ = Zle y;G;, where G; are i.i.d. canonical N-dimensional Gaussian
vectors, independent of vectors X;’s. Then the vector Y + Y’ is isotropic,
satisfies assumptions of the theorem and for any u > 0,

IP’( sup ]PIY|2u)§2P( sup |PI(Y—|—Y')|2u).

Ic{1,...,N}
[T|=m [T|=m

Similarly as in the proof of Corollary 4.2, for ¢ > C' we have




This allows us to estimate the quantity mg in Theorem 3.4. For 1/y/m <
b < 1 define my; = m;(b) > 0 by the equation

ma(b) log (;ﬁ))) \/b—l og (eg) (4.2)

One may show that m4(b) ~ ‘/T? log(<¥)/ log(f/]\%’), we will however need
only the following simple estimate.

Lemma 4.4. If 1/\/m < b <1 then log(m/m(b)) < 2log(eby/m).
Proof. Let f(z) = zlog(eN/z). Using 1/y/m < b we observe

(o) - %<1 () +outne) < W () 4 L v

e2b? e?b
vm eN
< = .
tog () (5 + 1) < Y08 (24) = som 1)
Since f increases on (0, N], we obtain my(b) > (eb)™2, which implies the
result. O

Proof of Theorem 4.3. As we noticed after remark following Theorem 4.3,
without loss of generality we may assume that |z| = 1, i.e. that Y is isotropic.
i) Assume b > 1/y/m. By (4.1) for every t > C//(y/mlog(eN/m)) we have

oy <tm10g (%)) > é\/ﬁlog (%) (4.3)

By (4.2) it follows that for every ¢ > |z| =1

mq(b) log <%) <oyt (C’t\/ﬁlog (%))

By the definition of my, given in Theorem 3.4, this implies that mq(Y, Ct) >
|mq(b) |, and since mgo(Y, Ct) > 1 we get mo(Y, Ct) > my(b)/2. By Lemma 4.4
this yields log(em/mo (Y, Ct)) < 2 + 2log(eby/m) < 4log(eby/m).

Writing t = t'/2log(e?b6?>m) and applying (4.3) we obtain

- ty/mlog (EN) = <t’\/ﬁlog (%)) > —\/_log<€N>

Y
\/ log =555

18



Theorem 3.4 applied to C't instead of ¢ implies the result (one needs to adjust
absolute constants).

ii) Assume b < 1/y/m. By (4.1) for every ¢t > C|x| we have

o (mon(57) 2 g i (7). vt ()}

which by the definition of mq implies that mg(Y,Ct) = m. As in part i),
Theorem 3.4 implies the result. O]

5 Uniform bounds for norms of sub-matrices

In this section we establish uniform estimates for norms of submatrices of a
random matrix, namely for the quantity Ay, defined below.

Fix integers n and N. Let X1,..., X, € R" be independent log-concave
isotropic random vectors. Let A be the n x N random matrix with rows
X, X,

For any subsets J C {1,...,n}and I C {1,..., N}, by A(J,I) we denote
the submatrix of A consisting of the rows indexed by elements from J and
the columns indexed by elements from I.

Let £ <n and m < N. We define the parameter Ay, by

Apm = sup [[AC], D)l gp s, (5.1)

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, Aj,, is the max-
imal operator norm of a submatrix of A with k rows and m columns.

It is often more convenient to work with matrices with log-concave columns
rather than rows, therefore in this section we fix the notation

r=A"

Thus I' is an N X n matrix with columns Xi,..., X,. In particular, given
r € R" the sum Y = Y " | x;X; considered in Section 4 satisfies Y = T'z.
Clearly,

(I,J) = (A(J, 1))*
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so that, recalling that Uy was defined in (2.2), we have

Ap =D =sup{|Pl'z|: I C{1,...,N}, |I| =m, x € U} (5.2)

Define Ay, and A, by

N = VIoglog(Bm) vimlog (“EEVIEY 4o (), )

and

Vloglog(3m) /m 1 (emax{N, n})

= og (——).
log(3m) & m

The following theorem is our main result providing estimates for the op-

erator norms of submatrices of A (and of I'). Its first part in the case n < N
was stated as Theorem 1.2.

(5.4)

m

Theorem 5.1. There exists a positive absolute constant C' such that for any
positive integers n, N, k <n, m < N and any t > 1 one has

P (Agm > CtAgm) < exp —M )
log(3m)

In particular, there exists an absolute positive constant Cy such that for every
t > 1 and for every m < N one has

P(3k Ak > Cithpm) < exp (—tA,). (5.5)

First we show the “in particular” part, which is easy.

Proof of inequality (5.5). The main part of the theorem implies that for every
t>1

Pm =P 3k Apm > Cthgm) < Zexp (—t)\k,m/\/log(i%m)) )

k=1

Thus if m > log® n then for every t > 100 one has

Pm < nexp (—thy) < exp (—(t/2) An) -

20



If m < log®n (in particular n > 3) then for every ¢ > 100 one has

P Y exp (—then/ViogBm)) + D exp (—thin/Iog(Bm))

k<(logn)? k>(logn)?

< (logn)?exp (—tAy) + exp (—tAn) Z exp (—tagm) s

k> (log )2

where

O = T

Vk en
S ()
log(3m)

Since m < log®n, we obtain for every t > 100

Pm < exp (—(t/2)An) + exp (—tAn) < exp (—(t/4)An) -

The result follows by writing ¢ = 100t and by adjusting absolute constants.
m

Now we prove the main part of the theorem. Its proof consists of two
steps that depend on the relation between m and k. The Step I is applicable

if mlog (eN ) < klog (@>, and it reduces this case to the second comple-

mentary case m log < ) > klog ( ) The latter case will then be treated

in Step II. To make this reduction we define k&’ as follows
;. ~ ~ eN
= : > .
k 1nf{k€N k <n and klog<k> m10g<m>} (5.6)

(of course if the set in (5.6) is empty, we immediately pass to Step II).

5.1 Step I: klog <%> > mlog< >, in particular k& > k'.

Proposition 5.2. Assume that k > k'. Then for any t > 1 we have

sup sup |Plz| < C’( sup sup |Pl'z|
I1C{1,..,N} 2€Uy IC{1,...N} zel,y,

[T|=m [T|=m

+t\/_log< )+t\/_log( )) (5.7)
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with probability at least

1—nexp (_t\/mlog(eN/\;nk))T—i—eT\n/E lOg(en/kﬂ))—exp (—tk;' log (%)), (5.8)

where C' s a positive absolute constant.

The proof of Proposition 5.2 is based on the ideas from [5]. We start it
with the following fact.

Proposition 5.3. Let (X;)i<, be independent centered random vectors in
RY and ¢ > 0 be such that

X,
E exp (K;b—’mb <2 forali<n,He SN

Then for 1 < p <n andt > 1 with probability at least 1 —exp(—tplog(en/p))
the following holds:
for ally,z € U, and oll E,F C{1,....,n} with ENF =10,

1/2
K > uiXi > Zij> < 20tplog (ﬁﬁ} max [y;| ( > Zf-) Ty,
icE jEF p ey icF

je
where Ty, = max,ep, [Tz = maxyey, | iy i Xl

Proof. In this proof we use for simplicity the notation [n] = {1,...,n}. First
let us fix sets £, F' C [n] with ENF = (. Since we consider y, z € U, without
loss of generality we may assume that |E|, |F| < p. For z € U, denote

_ Yr(2)
Ve (2)]

Yp(z):szXj and  Zp(2)

jJEF

(if Yp(2) = 0 we set Zp(z) =0). For any y, z € U, we have

‘<ieZEin¢,EZFZij> < ZEZE |yl <Xi7YF(Z)>’
< max |yl ¥ ()| Y [( X Zie(2)).

el
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The random vector Zg(z) is independent from the vectors X;’s, i € E, more-
over |Zp(2)] < 1 and |Yr(2)] < (3. p22)Y?T,. Therefore for any z € U,
and u > 0,

( yeUp

JEF “j

(S o) > el (2 2) )

i€E jEF jeF

<B(Y (X0 2r(2))| 2 ww)

Xi, Z _ .
@ v

Let Nr denote a 1/2-net in the Euclidean metric in By NRY of cardinality
at most 5 < 57, We have

pEF(u)

<Zyl 1,2,2] >’ > Quwr?e%x\m(zz?)l/?l“p)

= P( yeUp zeUp

JjeEF
1/2
S ]P)( yEUp z€Np <Zyz Z’Z >‘ > U¢maX|yz|(ZZ]2) Fp)
j jer
1/2
< Z ]P)(HyeUp <Zini>ZZij>‘ >U¢IZIBEX\%”<ZZ?> Fp)
zENp i€l jJjeF JjeEF
< 10Pe™™.
Hence

P (EIyEUpEleUpElE,FC[n],|E\,|F|§p,EﬂF:(Z)

’<Zyz “Z >‘ > 2u¢max|yzl<2zj2->l/2fp>

jEF

n n
< Z pE,F(u) < <p) (p> 107e7 < €7u/2,

E,FCn],|E|,| F|<p,ENF=0
provided that u > 10plog(ne/p). This implies the desired result. O

Before formulating the next proposition we recall the following elementary
lemma (see e.g. Lemma 3.2 in [5]).
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Lemma 5.4. Let zy,...,x, € RY, then

Z<$iaxa <4Ecr?lax ZZ Ti, Tj)-

it i€E jeE*

Proposition 5.5. Let (X;);<, be independent centered random vectors in
RY and ) > 0 be such that

X;,0
Eexp(KZp—’H)§2 for alli <n,0 e SN

Let p <n andt > 1. Then with probability at least 1 —exp(—tpln(en/p)) for
all v € Uy,

< O max| .| + tplog (77wl ).

n
PIEE:
i=1

where C is an absolute constant.

Proof. As in the previous proof we set [n] = {1,...,n}. Fix a > 0 and define

a) = sup {‘ ixz
i=1

For E C [n] with |E| < p let Ng(a) denote a 1/2-net in R¥ N By N aB,,
with respect to the metric defined by B} N aBy. We may choose Ng(«) of
cardinality 571 < 57. Let N(a) = U, Ne(a), then

Xi|: 2 €U, [|7]l < a}.

IN(a)| < <5en) and I'p(a) <2 sup ZIZXZ (5.9)

p zeN(o) ' 5

Fix E C [n] with |E| = p and x € Ng(«). We have

Zx2|X K +Z 2 X, ;X

i#j

Therefore Lemma 5.4 gives

’ixl <max\X| + 4 sup ‘<inXi, Z :vaj>‘.
i=1 i€l

Fck JEE\F
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Notice that for any F' C E, maxiep [z;| < o and |} cp p 2 X;] < Tp(a),
hence as in the proof of Proposition 5.3 we can show that

P[( 32 )| > waly(e) < 2e

i€F

Thus

This together with (5.9) and the union bound implies

> max | X2 + dupal, (o ) Z olFlg=u < 3lEle=
FCE

15
IP’(F( )2 > 4max| Xi[? + 16upal,(a ) 3 3 —U<( ‘m) et

€N (a)

Hence

15
IP’(Fp(oz) > 2v/2max | X;| + 32u¢a> < ( en)Pe_u. (5.10)
v p

Using that I',(«) > I',(B) for a > 5 > 0 we obtain for every ¢ > 1

]P)<E|:B€Up

| > 2v2max | X;| + w max{||z]| 2—4})

= IP’(EIZ_@&Q Iy(a) > 2v/2 max | X5 | + uwa)

. 1 .
< P<30§j§€—1 ,(27) > 2v2max | X;| + EU@/)Q_J)

~
—

j 1 . 15
< P(Fp(TJ) > 2v/2max | X;| + §u¢2_3> < g( e”)’”e—u/e{
' p

.
Il
o

where the last inequality follows by (5.10). Taking ¢ ~ log p (so that ||z, >
274 z]) and u = Ctplog(en/p), we obtain the result. O

Proof of Proposition 5.2. Forany I C {1,..., N}, the vector P;X is isotropic
and log-concave in R!, hence it satisfies the 1/, bound with a universal con-
stant.
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We fix ¢t > 10. Let s > 1 be the smallest integer such that k27° < k’. Set
k, = |k2'7#| — [k27#] for p=1,...,s and k11 = [k27°]. Then

s+1
max{1, |k27"]} < k, < k274 E<kzs+l<k’ and Zk =k. (5.11)

pn=1

Consider an arbitrary vector x = (z(i)); € Uy and let ny,...,n; be
pairwise distinct integers such that |z(n;)| < |z(n2)| < ... < |z(ng)| and
x(i) = 0 for i ¢ {ni,...,nx}. For p=1,...,s +1let F)y = {ni}j,<i<j1
where j, = > _ k- (ji = 0). Let xp, be the coordinate projection of z
onto Rf». Note that for each y < s we have |zp,| < 1 and |z, | <
1/\/k = jue1 +1 < \/21/k.

The equality = = ZS+ rp, yields that for every I C {1,..., N} of cardi-
nality m,

|Pilx| < |Pllxgiq| + ’ ZPIFxFu) < sup sup |Plz|+ ’ X:PII’xFH ,
s IC‘{II‘ ..... N} z€U,, —

where in the second inequality we used that kg < K.
Taking the suprema over I of cardinality m and x € U, we obtain

EE:}%FIF L

Agm = sup sup |Plz| < sup sup |PT'z|+ sup sup

IC{1| ..... N} z€eUy IC{ll ,,,,, N} zeUy, 1c|{11‘ ,,,,, N} zeUy, pst
(5.12)
Note that
s 9 s s—1
‘ZP[F:L‘FM‘ = |PTag, P +2Y (P, Z PTz).  (5.13)
p=1 pn=1 pn=1 v=p+1

We are going to use Proposition 5.5 to estimate the first summand and
Proposition 5.3 to estimate the second one. First note that by the definition
of k" and s we have

N eN\" k 2k 2n
< |— < ! — < —
(m) < <m) exp <k: log k:’> and 1 <2 oS
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Hence, using the definition of k,’s, we observe that for ¢ > 10 we have

(Z) Mzs:lexp < — tk, log (%)) < s exp (k' log %) exp < tk,log (Zﬁ))
< o (-0 ()

Since xp, € Uy, for every x € U and = 1,...,s, the union bound and
Proposition 5.5 imply that with probability at least

1— Z; (Z) exp(—tkulog (%)) > 1 — % eXp(— (tk'/2)log (ek—??)),

for every x € Uy, every I of cardinality m, and every p € {1,...,s} one has
o
\PTap, | < c(ymm max |PrX;| + th, log (k ),/ . ) (5.14)
o

where C' is an absolute constant.
Similarly, by Proposition 5.3, with probability at least

1-— % exp ( (tk'/2)log ( ]:))

for every x € Uy, every I of cardinality m and every u € {1,...,s} one has
en 2+
(PTz,, Z PiTw,) < Cth, log ( k,) — A (5.15)

v=p+1

where we have used the facts that 3> ., 2, € Uy, and 3 |z, > < 1.
Using (5.12) — (5.15) we conclude that there exists an absolute constant
Cy > 0 such that with probability at least 1 — exp(—(tk'/2)log(en/k’)),

Ai,m§0< sup  sup |PIF$|2+Z|xFu| max max |P[X B

c{,..., N} cv., 0~ h i oacq,.
Nz TR p=1 hiz

+ t? ; 2% log2 (67;%) +t il \/glog (eT;fM)Ak,m)

§C’1( sup  sup |P1Fx|2+max Jnax | PrX)?

1c|{1| AAAAA N} zeUy |I|7—”{1’L
v =

+t2krlog< )—I—t\/_log< )Akm>.
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Thus, with the same probability

Apm < 02( sup sup | Pz —|—max Jnax | Pr X —|—t\/_10g < ;)),

Ic{1,...N} gcU, U =il
|I|l=m k [T]=m

where Cy > 0 is an absolute constant.
But by Theorem 1.1 and the union bound we have for every ¢ > 1,

.....

\I\:

with probability larger than or equal to

t\/mlog(eN/m) + Vklog(en/k) >
Viogem

(we added the term depending on k to get better probability, we may do
it by adjusting ¢). This proves the result for ¢ > 10 with probability
po — exp(—(tk'/2)log(en/k’)). Passing to to = ¢/20 and adjusting absolute
constants, we complete the proof. O

pozzl—nexp(—

5.2 Step II. klog (%) < mlog ( >, in particular k£ < ¥'.

In this case we have to be a little bit more careful than in the previous case
with the choice of nets. We will need the following lemma, in which Uy
denotes the set of k-sparse vectors of the Euclidean norm at most one.

Lemma 5.6. Suppose that k < n, kq, ko, ..., ks are positive integers such
that ky + ...+ ks > k and ke = 1. We may then find a finite subset N of
%ﬁk satisfying the following.

i) For any x € Uy, there exists y € N such that v —y € %Uk.

ii) Any © € N may be represented in the form x = m(z) + ... + 7s(x),
where vectors mi(x), ..., ms(x) have disjoint supports, |supp (m;(x))| < k; for

1=1,...,s,
kaHm % <

and

en\ 3ki
(N = [{mi(x): 2 € NY| < (k—) fori=1,....s

7
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Proof. First note that we can assume that k; + ko + ... + k; = k. Indeed,
otherwise denote by j the largest integer such that k; + kj 1 + ... + ks > k.
Ifj:sthensetl;j:k’,ifj<sthenset/;i:kiforj<i§s, /%j:
k—kji1 —kjo—...— ks, m(x) =0 for i < j and repeat the proof below for
the sequence l%j, l%jﬂ, e l%s, l%sﬂ, where lzrsﬂ =1 as before.

Recall that for F C {1,...,n}, RY denotes the set of all vectors in R"
with support contained in F'.

Fori=1,...,s and F C {1,...,n} of cardinality at most k; let N;(F)
denote the subset of Sg(i) := RF N By N k;ll/ngo such that

. kl n -1/2 pn
Si(i) C NG(F) + 5+ (32 N kY BOO>.

Standard volumetric argument shows that we may choose NV;(F') of cardinal-
ity at most (6n/k;)/1 < (6n/k;)* (additionally without loss of generality we
assume that 0 € NV;(F)). We set

No= | N(P),

|F|<k;

i () ()= ()

Fix © € Uy, let F, denote the set of indices of k, largest coefficients of
x, F,_1 — the set of indices of the next k,_; largest coefficients, etc. Then
rT=xp, +Tp,_, +...+2Tp, [|Tr]le <1 and

then

for 7 < s.

1 1
o < ——|Tr,| < ——
Vi T Vi
In particular, zz € Rf" N By N k;rll/QBQo foralli =1,...,s. Let m(x) be a
vector in N;(F;) such that

ki
lor —m()] < oo and - log = (@)l <

Define also w(z) = my(z) + ... 4+ ms(z). Then

S S

@ —m(@)| <Y lon —m@)| <Y o=

i=1 i=1



and

s—1

Z’fm”?ﬁ W < 1+2)  ki(lorl + llzr — mi(@)l1%)

=1

s—1 ) ]{/‘Z 2 ) kQ
§1+2Z<|xﬂ.+1| +(2)) s1+2aP+ ;<4

Thus we complete the proof by letting
N ={n(x): x € Uy}.
O

Lemma 5.7. Suppose that n < N and k < min{n,k’}. Then for some
positive integer s < C'loglog(3m) we can find s+ 1 positive integers ky = k,
ki € [gm!M*,m] for 2 <i <s, key =1 satisfying

ks log(k ) < 20g(kis1), fori=1,...,s, (5.16)

7

where C' is an absolute positive constant and

log(e2m/z m
min {\/zmlog (%),mlog2 <%>} if z > m.

Proof. Let us define

9(z) =

h(z) = zlog (%) and H(z) = zlog (eN)

Notice that h(z) < H(z), h is increasing on (0,n] and H is increasing on
(0, N]. It is also easy to see that h([z]) < 2h(z) for z € [1,n].

We first establish some relations between the functions g and H. It is not
hard to check that log®?(e?m) < e2/m, therefore for z € [1,m),

Zm xm e mlog®?(e2m
(i) = g (o () +1os (*22)

% fog () (1 +log(em) < 29(2). (517
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Write z = pm with p € (0,1), so H(2z) = 2pm (log (<) +log (%)). Then

m
2z

H(22) € 106 (“NY /ploa(e@/p)(1-+105(1/p) < 10g(2). (5.18)
log(e?/p) m

where the last inequality follows since

sup) 2/pv/1og(e?/p)(1 +log(1/p)) = 2supe “v2 + 2u(l + 2u)

pe(ovl UZO
< 2v/2sup e ?(1 + 2u) < 10.
u>0
Let us define the increasing sequence ¢, ¢y, ...,¢s_1 by the formula

go =1 and h(&) = 109(&_1), 1= 1, 2, ceey

where s is the smallest number such that ¢, ; > m (if at some moment
10g(¢;—1) > n we set {; = m and s = j+1). First we show that such an s ex-
ists and satisfies s < C'loglog(3m) for some absolute constant C' > 0. We will
use that h(z) < H(z). By (5.17) if £;_; < m then £; > \/l;_ym/ log®*(e*m),
which implies

1
6, > /m/log®?(e?m) > gml/A‘ (5.19)

and, by induction,

1-271
éiz<3L> fori=0,1,2, ...
log®(e?m)

In particular we have for some absolute constant C'; > 0,

14 for some s; < Cf loglog(3m).

m
512 53,

2log”(e2m)
By (5.18) we have h(2z) < H(2z) < 10g(z) for z < m, so, if ¢;_1 < m then
0; > 20; 1. It implies that for some s < s; + Cyloglog(3m) < C'loglog(3m)
we indeed have £,_; > m.

Finally we choose the sequence (k;);<s+1 in the following way. Let k1 = k
and k; := min{m, [ls11-;]}, i = 2,...,5+ 1 (note that ky = m, kg = 1).
Using h([z]) < 2h(z) and construction of ¢;’s, we obtain (5.16) for i > 2,
while for ¢ = 1 by definition of &" and since k& < k' we clearly have h(k;) =
h(k) < 2g(m) = 2g(ks). Since (¢;); is increasing we also observe by (5.19)
that k; > %ml/‘l for 2 < i < s. This completes the proof.

O
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Proposition 5.8. Suppose that N > n and k < min{n, k'}. Then fort > 1,
]P’( sup sup |Pl'z| > Cty/loglog(3m) \/_log< >>
t+/loglog(3m)/mlog( eN/m))

log(em)

SeXp<

where C' is a universal constant.

Proof. Let kq, ..., ke be given by Lemma 5.7 and N C %Uk be as in Lemma
5.6. Notice that

sup  sup |P[l'z| <2 sup sup|Plz|,

Ic{1,....,N} zeUy Ic{1,..., N}xe/\/'

so we will estimate the latter quantity.
Let us fix z € N and 1 <14 < s. We apply Theorem 4.3 to the vector y =

(Vkirlmi(@) |l + |7r,( )|) (observe that [y| <1 and [|y[lsc < 1/4/kis1

and on the other hand 1/y/k; 1 > \/Lm) to get for u > 0,

P( swp [PTm()] > O/t lm@)lle + Im(@))vios (2 + )
)

< exp ( - 1009(ki+1)> eXp < ~ 0y/log(em

where g(z) is as in Lemma 5.7.
By the properties of the net N guaranteed by Lemma 5.6 and (5.16)

7\ exp (= 100g(kisa) ) < 1

Therefore for all u >0 and i =1,...,s,
eN
P(sup sup |PTmi(x)] > C(\kivt||7:(2) || so+|mi(2)])v/m log <E> —I—u)

zeN Ic{1,..,N}
[ T|=m
wki“u >
C'\/log(em)/

SeXp<—
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We have for any z € N,

SRl + ) < VA((S ki) + (S or) )

=1

55

< < + 5) < C'y/loglog(3m).
Therefore for any uq,...,us > 0,
eN >
IP’(sup sup |P1Fx| > C'y/loglog(3m) \/_log< ) + u,)
xe_/\f Ic{1,...,

|I|= =1

eN
< Z]P’(sup sup |PiTi(z)| > C(V ki ||7i(2) || + |mi(2)])v/m log (ﬁ> —i—ui)

zeN Ic‘{l‘ ,,,,, N}
I

<Y e (- G

Hence it is enough to choose u, = Cty/loglog(3m)\/mlog(eN/m) and
u; = +Cty/loglog(3m)y/mlog(eN/m) for i = 1,...,s—1 and to use the fact

that k; > tm!/* for i =2,...,s. O

5.3 Conclusion of the proof of Theorem 5.1

Proof. First notice that it is sufficient to consider the case n < N. Indeed, if

n > N we may find independent isotropic n-dimensional log-concave random
vectors Xl, .. X such that X; = Py N}X for 1 <i < mn. Let A be the

n X n matrix Wlth rows X1, ..., X, and

Ap = sup{|Pr(A)x|: T C{1,...,n}, |I| =m, z € Up}.

.....

Then obviously Akm > Ay and this allows us to immediately deduce the
case N < n from the case N = n.

If vk log(en/k) 4+ /mlog(eN/m) > K log(en/k') we may apply results of
[5]. Recall that T' = A*. Let s > vklog(en/k) + v/mlog(eN/m). Applying
“in particular” part of Theorem 3.13 of [5] and Paoris’ Theorem (inequality
(3.2) together with union bound) to the columns of m x n matrix P;I" and
adjusting corresponding constants, we obtain that

P( sup [PTz| > Cs) < exp(—2s)
zeUy
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for any I C {1,..., N} with |I| = m (cf. Theorem 3.6 of [5]). Therefore

P(Apm > Cs) < Y P(sup |PTa| > Cs) < (N) exp(—2s).
m

\1|=m zeUy

By the definition of £’ we get

<Jn\@7) < exp (mlog(eN/m)) < exp (K'log(en/k')),

hence for s as above
P(A,n > Cs) < exp (k' log(en/k')) exp(—2s) < exp(—s)

and Theorem 5.1 follows in this case.

Finally assume that n < N and that vklog(en/k) + /mlog(eN/m) <
k'log(en/k'). For simplicity put a; = Vklog(en/k), by = /mlog(eN/m),
d, = \/loglog(3m). If k < k' then Theorem 5.1 follows by Proposition 5.8
applied with tg = t(1 + ag/(dmam)). If k> k' then we apply Proposition 5.8
(with the same tg) and Propositions 5.2 with t; = t(b,,d,, + ax)/(ax + by,)

to obtain Theorem 5.1 (note that C',  oatem log(eN/m) > log N > logn, so

the factor n in the probability in Propositions 5.2 can be eliminated). O

6 The Restricted Isometry Property

Fix integers n and N > 1 and let A be an n x N matrix. Consider the
problem of reconstructing any vector x € RY with short support (sparse
vectors) from the data Ax € R™, with a fast algorithm.

Compressive Sensing provides a way of reconstructing the original signal
x from its compression Axr with n < N by the so-called ¢;-minimization
method (see [15, 11, 13]).

Let

Om = 0m(A) = sup ||Az|* — E[Az||
z€Um

be the Restricted Isometry Constant (RIC) of order m, introduced in [12].
Its important feature is that if ds,, is appropriately small then every m-sparse
vector x can be reconstructed from its compression Az by the ¢;-minimization
method. The goal is to check this property for certain models of matrices.
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The articles [1, 2, 5, 6, 7] considered random matrices with independent
columns, and investigated the RIP for various models of matrices, includ-
ing the log-concave Ensemble build with independent isotropic log-concave
columns. In this setting, the quantity A, ,, played a central role.

In this section we consider n x N random matrices A with independent
rows (X;). For T C RY the quantity A.(T) has been defined in (1.8) and
Ag o = Ar(U,,) was estimated in the previous section.

We start with a general Lemma 6.1 which will be used to show that
after a suitable discretization, one can reduce a concentration inequality to a
deviation inequality; in particular, checking the RIP is reduced to estimating
Apm. It is a slight strengthening of Lemma 1.3 from the introduction.

Lemma 6.1. Let X,..., X, be independent isotropic random vectors in R
Let T C SN=1 be a finite set. Let0 < 0 < 1 and B > 1. Then with probability
at least 1 — |T| exp (—360°n/8B?) one has

RS 2 2

n <
=1

sup
yeT

1 n
§9+7;<Aan+fmpE§:Kme91H&m28J

vel' o
1
<O+ - (Ap(T)* + EAL(T)?),
where k < n is the largest integer satisfying k < (Ax(T)/B)%.

Remark. Note that & in Lemma 6.1 is a random variable.

To prove Lemma 6.1 we need Bernstein’s inequality (see e.g., Lemma 2.2.9
in [28]).

Proposition 6.2. Let Z; be independent centered random variables such that
|Zi| < a for all 1 <i<mn. Then for all T > 0 one has

P 1iz >7) < ~n
= 7] <exp| =,
n ‘< P 2(0% +at/3)

where

1 n
2= =N Var(Z).
ot = 2 ar(Z;)
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Proof of Lemma 6.1. For y € T let

and observe that

S < |23 (Xl A B —E((Xun)| A BY)|

1
+ = (X = B) Ly n
=1

1 n
+ —EY (X0 0)l* = B) Lyxpizny
i=1
We denote the three summands by Si(y), Sa(y), S3(y), respectively, and we
estimate each of them separately.

Estimate for S;(y): We will use Bernstein’s inequality (Proposition 6.2).
Given y € T let Z;(y) = (|(Xi,9)| A B)? —=E (|(X;,9)| A B)?, for i < n. Then
|Z;(y)| < B?, so a = B2. By isotropicity of X for every i < n one has

Var(Zi(y)) < E ([(Xi,y)| A B)' < E(|{Xi.9)*B?) = B,

which implies 02 < B2. By Proposition 6.2,

1l — 0%n 30°n
_ ) > < — < —_ .
F <n ;Z‘(w = 6) = o ( 2(B” + B20/3)> =P ( 832)

Then, by the union bound,

P({supSi(y) >0 | =P|su lZTZ:Z-()>0 < |T|ex —392”
poiy) = - p - i\Y) = = p 832 .

yeT yeT N p

Estimates for Sy(y) and S3(y): For every y € T consider

Ep(y) = {i <n: [(X;,y)| > B},
and let
k' =sup|Ep(y)|.

yeT
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Then, by the definition of Ay (T),

B%*k' = B*sup |Eg(y) |<Sup > Xyl < AR(T).

yeT

ZGEB ()
This yields
k/ < Ai/ (T)
_— B2 b)
and therefore &/ < k, where k < n is the biggest integer satisfying k& <

(Ax(T)/B)*.

Using the definition of Ay (T") again we observe

1
sup S(y) < — supZ\ Xoy ) PLgxomyizpy = = sup (X, y)]?
yeT n yel 5 n yer ieEn(y)
1
< — sup sup Xi,yQS—AQT.
7 sup e S0 < - ALT)
Similarly,

1
sup S3(y) < — supEZ| (X, )P Lyximzn < — EAQ( ).
yeT yeT i1

Combining estimates for S1(y), Sa(y), S5(y) we obtain the desired result. [

By an approximation argument Lemma 6.1 has the following immediate
consequence (cf., [7]).

Corollary 6.3. Let 0 <0 <1 and B> 1. Let n, N be positive integers and
A be an n x N matriz, whose rows are independent isotropic random vectors
X, fori <n. Assume that m < N satisfies

11eN  36%n
< .
— 1682

mlog

Then with probability at least
) 36%n
P\ 16m
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one has

Z (Xo, ) = E[(X5, )]?)

2
<20+~ <A2 + sup EZ! X y) 1 1y>>B}>

yEUm i=1

< 20 +

(Al + BAL )

n
where k < n is the largest integer satisfying k < (Ag.m/B)?.

Remarks. 1. Note that as in Lemma 6.1, k in Corollary 6.3 is a random
variable.

2. In all our applications we would like to have A7, and EA} , of order 6n.
To obtain this, we choose the parameter B appropriately.

3. Note that Ay, is increasing in £, therefore we immediately have that if
m < N satisfies

11eN < 30°n
— 16B2

and EAim <ébn

one has

Om (%) < 64. (6.1)

Proof of Corollary 6.3. Let N be a 1/5-net in U, of cardinality (Z)llm <
(11eN/m)™ (we can construct A in such a way that for every y € U, there
exists z, € N with such that z,/|z,| € U, and |y — z,|] < 1/5). By the

assumption on m,
11eN < 30271’
~ 1682

|N| 360%n < 360%n
e — e — .
P\ T8pr ) =P\ TR
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Using this and an obvious fact that Ax(N) < Ag(U,,) for all k, we get by
Lemma 6.1 that

n

sup [ = SO(10X, 22 — BJ(X, 2)?)

n
zeN i=1

<fh+ - (A2 +EA; ),

27’1/
1682
The proof is now finished by an approximation argument. Note that there

exists a self-adjoint operator S acting on the Euclidean space RY such that

with probability larger than or equal to 1 — exp (

Z (X, 2)|? — E[(X;, 2)[?) = (Sz, 2)

for all z € RN. Now pick w € U,, such that

|(Sw,w)| = sup [(Sy,y),
yeUm

and let [ with |I| = m contain the support of w. Write w = x + z where
z € (1/5)BY and z € N and x and 2 are supported by I. Then

[(Sw,w)| = [{S(z + 2), (z + 2))]
< [(Sz,z)| +[(Sz, 2)| + [(Sz, )| + (57, 2)]
< (1/25) sup |(Sz,2)| + (2/5) sup [(Sz, z)|sup |2] + sup {52, 2)].
zeB] zeBi
Thus
sup |(Sy,y)| < (25/14) sup [(Sz, 2)|.
yEUm zeN
completing the proof. O]

The following theorem is a more general version of Theorem 1.4 stated in
the introduction.

Theorem 6.4. Let n, N be integers and 0 < 6 < 1. Let A be an n x N
matrix, whose rows are independent isotropic log-concave random vectors X;,
1 < n. There exists an absolute constant ¢ > 0, such that if m < N satisfies

3max{N,n})2 < 0% n

m loglog 3m (log = Toa(3/0)
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then

Sl A/V/m) < 6

with overwhelming probability.

Remark. In fact our proof gives that there is an absolute constant ¢ > 0
such that if

N 2
by, := mloglog(3m) (log M) < chn (6.2)
m
and AN
mlog 2 log? - < cfn (6.3)
m b

m

then 6,,(A/y/n) < 6 with probability at least

02n )—Zexp (_ V/loglog(3m) \/_ 3max{N,n}>
) .

l—exp | —¢c —57——
P ( log?(n,/bp, log(3m) m
In particular, denoting «,, = n/loglog(3n) and Cy = (6/1og(3/60))* one can

take
. { 961/” an }
m ~ min
log®(max{N,n}/(6a,))’ log(3N/(Cypn))
if N > Cyn and

fa,

"~ log*(loglog(3n)/6)

if N < an.

Proof. Clearly it is enough to prove the estimate from the remark. So set
by, as in (6.2) and assume that b,, < ¢;0n for small enough ¢; > 0. Choose
B = Cilog >, where () is a sufficiently large absolute constant.

Let k£ be as in Corollary 6.3, i.e. k£ < n is the biggest integer satisfying
k < (Agm/B)?. As in Theorem 5.1 denote

log log(3m)+/m

Am = e log(e max{N,n}/m)

and
Aean = V/loglog(3m)y/mlog(e max{N,n}/m) + Vklog(3n/k).
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Applying (5.5) we obtain that there are absolute constants Cy > 0 and ¢y > 0
such that
Agm < Codlkm, (6.4)

with probability at least 1 —exp (—coA,,). By Holder’s inequality and the log-
concavity assumption we also obtain that there exists an absolute constant
C5 > 0 such that for every y € U,, one has

EZ\ Xi )L x, ) 128) <Z sup [|(X, @) 1§ P (|(Xi, )| > B)"/?

1:(:6"1

< nCyexp(—B/Cy) < nC’g(bm/n)Cl/C2 < c¢16n

for large enough C}.
Below we show that for our choice of B, (6.4) implies

VElog(3n/k) < \/loglog(3m)v/mlog(3max{N,n}/m) = \/bn,  (6.5)

which means Ay, < 2Cov/byy,.
Note that if m satisfies (6.3) then we can apply Corollary 6.3 with our
choice of B. It gives that there exists a positive constant C' such that

A
om | —= ) <CH
(s) =
with probability at least

0“n

3 2
1 —exp (— 1632) —2exp (—coAm),

which proves the desired result.

Now we prove that (6.4) implies (6.5). Assume it does not hold, i.e.
assume that klog” 3% > b,,,. Then, by the definition of k and (6.4) we observe
that

A 03 o k. 53n
P the < SO0 <4kl

This implies that B < 2C; log 32 <, which yields

3n
= =p(B/(2Co))’
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Thus we obtain

b < klog? 2 < Sl B
m SR exp(B/(260)) 4G
3n C?log?(n/by,)

~ exp(Ch log(n/by,) ] (2Cy)) acg

which is impossible for large enough C;. This proves (6.5) and hence com-
pletes the proof. O

7 Proofs of results from Section 3

7.1 Proof of Theorem 3.2

Theorem 3.2 is a strengthening of the first technical result in [18]. The proof
given here is a modification of the argument from [18] and we include the
details for the sake of completeness.

First we show the following proposition (an analogue of Proposition 10
from [18]).

Proposition 7.1. There exist an absolute positive constant Cy such that the
following holds. Let X be an isotropic log-concave N -dimensional random
vector, A ={X € K}, where K is a convex set in RY satisfying 0 < P(A) <
1/e. Then for every t > Cy

S B(AN (X (i) > 1}) < CoP(A) (Hag((— log(P(A))) + Ne’t/c‘)) (7.1)

i=1
and for every 1 < u < CLO

[{i < N:P(AN{X(i) > t}) > e “P(A)}| < O;’—Q“ag((—log(P(A))). (7.2)

Proof. Let Y be a random vector defined by

P(An{X e B}) PXeBnNK)
PY € B)=——33 T TPXEK)

i.e. Y is distributed as X conditioned on A. Clearly, for every measurable
set B one has P(X € B) > P(A)P(Y € B).
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It is easy to see that Y is log-concave, but not necessarily isotropic. With-
out loss of generality we assume that EY (1)> > EY(2)? > ... > EY(N)?
(otherwise we renumerate coordinates).

Given a > 0 denote

m =m(a) = |{i: EY (i)’ > a}|.

Then EY(1)2 > ... > EY(m)? > «a. Using the Paley-Zygmund inequality
and log-concavity of Y, we get

m

]P’(ZY(Z’)Q > %am) > lP’(iY(i)2 > %EiYW)
( .

i=1

Therefore
(ZX % ) > }P’(A)]P’(f:Y(i)z > %am) > CLIP(A).

Applying Theorem 3.1 (and Chebyshev’s inequality, cf. (3.2)) to the m-

dimensional vector X = (X1,..., X,,) we observe
1 1
(ZX § ) §exp<—aX <5\/ma)> for a > C5.
3

Thus exp(—o Xl(é\/ma)) > P(A)/Cy for a > C3, so, using the fact that
ox(tp) < 2tox(p) for t > 1, we obtain that

m(a) = [{i: EY (i)* > o}| < %oﬁ(— log(P(A))) fora>Cs.  (7.3)

Note that for every i the random variable Y'(7) is log-concave, hence

P(AN{X(i) > t})
P(A)

= P(Y() > 1) <exp (1- W)

Thus, if P(Y (i) > t) > e then (EY(i)?)"/2 > t/(Cs(u + 1)). Applying

(7.3) with a = t?/(C5(u + 1))? we obtain that (7.2) holds with constant Cg
provided that 1 <u < t/C5.

43



Now assume that ¢ > +/C3 and define a nonnegative integer ko by 27%¢ >
vV Cg > 2 ko=l et

={i: EY(i)* > ¢*}, Ipyr1 = {i: EY (i)> < 47%¢?}

and , :
Ij = {Z 47‘7152 S EY(Z)Q < 417]752} j == 17 27 CIE) ko.

Clearly |Igy+1| < N and, by (7.3),
|I;| < Cud’t%0%(—logP(A)) for j=0,1,..., k.

Observe also that for j > 0 and ¢ € I; one has

. Y (7) . 1 .
P(Y(Z) Z t) S P((EY(2)2)1/2 — > 2 1> S exp (1 - FSQJ)
Therefore
N ko+1 ko+1 9i
Sry(@) 2= S PY(i)>1) <uoy+eZu\exp( 08)
i=1 J=0 iel; J=1

ko

<y (t%?((—logﬂ"(z‘l)) (1 te) e ( (2;8)) e CF))

=1

< (t’2J§((— logP(A)) + Ne’t/a).

By the definition of Y, this proves (7.1) with constant Cy for ¢ > +/Cs.
Taking Cy = max{C},/Cs, Cg, C7} completes the proof. ]

We will use the following simple combinatorial lemma (Lemma 11 in [18]).

Lemma 7.2. Let ly > {1 > ... > {, be a fired sequence of positive integers
and

={p L2 = {012 sk Visiss [ () 2 Y < 6

Then

Il < ]:]1 (eggil)&.
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Proof of Theorem 3.2. Since Ny < N, the statement is trivial if tv/N <
Cox(p). Without loss of generality we assume that tv/N > Cox(p) for large
enough absolute constant C' > 0.

Let Cy be the constant from Proposition 7.1. Since X is isotropic and log-
concave we may assume that P(X (j) > t) <e /% fort > Chand 1 < j < N
(we increase the actual value of Cj if needed). Fix p > 1 and

2
t > Clog (JQV—t) . (7.4)

o%(p)

Then, for large enough C, t > 4Cy and t?Ne ¥/ < 0% (p).
Define a positive integer ¢ by

p<l<2 and (=2"for some integer k.

Then ox(p) < ox({) < ox(2p) < dox(p). Since (E(Nx (1))")"/? < (E(Nx(t)))"",
it is enough to show that

E(t*Nx (1)) < (Ciox(0))*.
Define sets
Biy.ie =X (1) > t,..., X (i) >t} and By =

and denote
N ¢
m(f) ;= ENx(t)" = E(Z 1{X(i)2t}> = Z P(Bi,....i0)-
i=1 ;

It is enough to prove

m(l) < (C"f (@)% . (7.5)

We divide the sum in m(¢) into several parts. Let j; > 2 be an integer

satisfying
2

2172 <log (=
= °g<a§(<£>

) < 2j1*1.
Define sets

Io={(ir,... i) € {1,....N}Y: P(B;, ;) >e "'},

.....
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s =1, i) e {1,.. . NY:P(B;, )€ e? ), 0<j <,

and -
Ly = {(in. i) € {1 N BB, ) <),

Note {1,..., N} = ;1:0 I;, hence m(¢) = ;:1:0 m;(¢), where

mi(t):= > P(Bi.;) for0<j<j.

First we estimate m;, (¢) and mg(¢). Since |I;| < N*

mu ()= Y B(By..) < Ne? < <(’X—<€>)%.

o= T 13
(i1,.-,50) €15,
To estimate mg(¢), given I C {1,...,N}* and 1 < s </, define
P ={(i1,...,15): (i1,...,1) € I for some igyq,...,0}.

By Proposition 7.1 for s =1,...,/ — 1 one has

N
> P(Bi.iv) S Y > P(Bi..i. N {X (iss1) > 1})
(il ..... 1:5+1)6PS+1I() (il ..... is)GPsI() is+1:1

<Co Y. P(Bi.i)t 0%(~1logP(By,..;.)) + Ne /P).

(il ..... is)EPSIo

Note that for (iy,...,is) € PsIy one has P(B;,
t2Ne= ¥/ < 62 (p) < 0% (¢). Therefore

.....

> P(Biy,.iei1) < Cat 20X (0) P(Bi,...i,)-

(41,-+ests41)EPsy110 (31,05 ) EPs Ip
By induction and since P(X (j) > t) < e~*/0 we obtain

mo(ﬁ) = Z ]P)<BZ1 ----- ie) < (O4t_20—§((€))£_1 Z P(Bll)

(i1,---,i0)ETo i1€P o

20
< (e (o)~ et < (CrxU)
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Now we estimate m;(¢) for 0 < j < j;. The upper bound is based on
suitable estimates for |/;]. Fix 0 < j < j; and define a positive integer r; by

" < t < gl
Cy —

For all (i, ...,i,) € I; define a function f;, _;,: {1,...,¢} = {j,7+1,...,r1}

j i P(Bi,,.0.) = exp(=2TYP(B;,..i._,),
fia(s) =12 r if exp(=2"T") <P(B,,
T1 if ]P)(B“

,,,,,

i,) < exp(—=2")P(By, i, )-

77777

Note that for every (iy,...,i,) € I; one has

1 =P(By) >P(By,) >P(Bi,,) > ... >P(Bi,. i) > exp(—27¢)

.....

(1) = r1, because P(X (i1) > t) < exp (—t/Cy) < exp(—2")P(By).
Denote

-/—:j:: {f“ ’’’’’ ig- (il,...,ig)efj}.

Then for f = f; € F; and every r > j one has

7777 e

exp(—270) < P(By,..q,) = H M <exp(=2"[{s: f(s) >1}]).

-----

Hence for every r > j (the case r = j is trivial) one has
{s: f(s) >r} <270 =4, (7.6)

Clearly, ;;jﬂ ¢, </land {1/l =2, so by Lemma 7.2
1 gr_ 0
Fl< I (57) <

r=j+1
Now for every f € F; we estimate the cardinality of the set

Li(f) =AGn, .. i) € It fiya, = [}
Fix f and forr =4, +1,...,7 set

A ={se{l,....0}: f(s)=r} and n,:=]|A4,].

47
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Then 1 € A,, and

nj+nj+1—|—...+n7«1 =/.
Fixing r < 71, i1,...,45-1, S € A, (then s > 2 and P(B;, ;. ,) < P(B;,) <
exp(—t/Cy) < 1/e), applying (7.2) with u = 2" < ¢/Cj, and using the
definition of I;, we observe that i; may take at most

40y2% 4Cy2%" , 160,222 (¢)
12 0'3((— log ]P)(Bil 77777 is—1>> < ) Jg((ij) < 12 =
16Cy0% (¢ .
< 2R piatr +3)) = m,
values in order to satisty f;, . ;, = f. Thus

ri—1 ri—1

o T n n (16Co0% ()N e . ,

L1 < N L = 8 (BTN ey (3 a4y, ).

r=j r=j

Note that (7.6) implies that n, < £, = 277"¢, so

ri—1 o)

D2+ g)ne S 2T w27 = 8(j+ 1L (50 + 27
— o

By the definition of r; we also have

. 2C) . 27=3¢
L < 2immyp < 2000y < :
eSS leg(NE/ (403 (1)
where in the last inequality we used (7.4) with large enough C. Thus we
obtain that for every f € F;

LN < (Cﬁiz((@)e(zlngz))nm exp (27%) < (06055(@)(6@ (520)

This implies that

0151 (B o () < (S e (01 32).).

Hence

Cro% (0)\* ,
76;)2(( )> exp (—2J’3€).
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Combining estimates for m;(¢)’s we obtain

Ji—1

m(l) = ) +myj, (€) + Z m; (¢

< (JXt(€)> (Cg 1 ;Cﬁ exp ( _ 23'735)) < (CSU;((@)?E?
which proves (7.5). O

7.2 Proof of Theorem 3.4

Fix ¢t > 1 and let mg = mo(X, t).
Since op,x < ox for every J C {1,...,N}, Theorem 3.1 gives for any
J C{1,..., N} of cardinality my,

(E|P; X [P)YP < C(y/mo + op,x(p)) < CL(v/m + ox(p)).

Using the Chebyshev inequality and ox(up) < 2uocx(p) we observe for such
J,

]P’(|PJX| > 36C,tv/mlog (%)) < exp ( — oy <6t\/ﬁlog (%)))
< exp ( — 30y (t\/ﬁlog (%)))

Thus, using the definition of mo and that o3 (1) = 2, we obtain

eN
IP’( sup |P;X|> 36C’1t\/_log< >)

N (o Yexw (= 303! (rvimion (2)))

oo (- o5t (imos (). 71

IN

IN

Now notice that

1/2 ) . 1/2
sup [PrX| = (DX G)F) 7 < sup [PyX]+ (3 25mol X (2'mo) )

|[I|=m i=1 |J]=mo =0
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with s = [log,(m/mg)] < 2log(em/myg). By Theorem 3.3 we get for u > 0,

. N 1 .
P(!X*(Q’mo)\z > (Cylog? ( © ) + u2> < exp ( - 0)}1<—u2’/2\/m0>).
2'my Cs

We have

s—1
N N
Cs ; 2img log? (;—%> < Cymlog <6—>
Therefore for any uyg,...,us_1 >0,

s—1
A . eN
P( Z 2’m0|X*(21m0)|2 Z C4m 10g2 <W> + Z U?)
=0 i=

Take u? = gﬂmbg?(%). Since s < 2log(em/myg), we obtain

s—1

, . N
P 2| X*(2mp)? > (C4 + 2022 m log® (£
(Z molX*(2'mo)[? = (Cy + 2C5)mlog” (=) )
V2 eN
< sexp (= ox! (Tztvimlos (7))
1 1 eN
< —ex (—0_1< tvmlo (—)))
2P logemme) T
This together with (7.7) and (7.8) completes the proof. O
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