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Abstract

Random matrices are widely used in sparse recovery problems, and the relevant properties of ma-
trices with i.i.d. entries are well understood. The current paper discusses the recently introduced
Restricted Eigenvalue (RE) condition, which is among the most general assumptions on the matrix,
guaranteeing recovery. We prove a reduction principle showing that the RE condition can be guar-
anteed by checking the restricted isometry on a certain family of low-dimensional subspaces. This
principle allows us to establish the RE condition for several broad classes of random matrices with
dependent entries, including random matrices with subgaussian rows and non-trivial covariance
structure, as well as matrices with independent rows, and uniformly bounded entries.

Keywords: ¢/; minimization, Sparsity, Restricted Eigenvalue conditions, Subgaussian random ma-
trices, Design matrices with uniformly bounded entries.

1. Introduction

In a typical high dimensional setting, the number of variables p is much larger than the number of
observations n. This challenging setting appears in statistics and signal processing, for example,
in regression, covariance selection on Gaussian graphical models, signal reconstruction, and sparse
approximation. Consider a simple setting, where we try to recover a vector 8 € RP in the following
linear model:

Y=XB+e (1)

Here X is an n x p design matrix, Y is a vector of noisy observations, and ¢ is the noise term. Even
in the noiseless case, recovering (3 (or its support) from (X,Y’) seems impossible when n < p,
given that we have more variables than observations.

A line of recent research shows that when [ is sparse, that is, when it has a relatively small
number of nonzero coefficients, it is possible to recover 5 from an underdetermined system of
equations. In order to ensure reconstruction, the design matrix X needs to behave sufficiently nicely
in a sense that it satisfies certain incoherence conditions. One notion of the incoherence which has
been formulated in the sparse reconstruction literature (Candes and Tao, 2005, 2006, 2007) bears
the name of Uniform Uncertainty Principle (UUP). It states that for all s-sparse sets 7', the matrix X
restricted to the columns from 7 acts as an almost isometry. Let X7, where T' C {1,...,p} be the
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n X |T'| submatrix obtained by extracting columns of X indexed by T". For each integer s = 1,2, . ..
such that s < p, the s-restricted isometry constant 6, of X is the smallest quantity such that

(1—65) llellz < [1Xrell3 /n < (1+65) llell3 )

forall T C {1,...,p} with |T'| < s and coefficients sequences (c;),c7. Throughout this paper, we
refer to a vector 5 € R? with at most s non-zero entries, where s < p, as a s-sparse vector.

To understand the formulation of the UUP, consider the simplest noiseless case as mentioned
earlier, where we assume € = 0 in (1). Given a set of values ({ X*, 3))™ ,, where X!, X2 ... X"
are independent random vectors in R?, the basis pursuit program (Chen et al., 1998) finds B which
minimizes the ¢1-norm of 3’ among all 3’ satisfying X 3’ = X3, where X is a n X p matrix with
rows X', X2, ..., X" This can be cast as a linear program and thus is computationally efficient.
Under variants of such conditions, the exact recovery or approximate reconstruction of a sparse 3
using the basis pursuit program has been shown in a series of powerful results (Donoho, 2006b;
Candes et al., 2006; Candes and Tao, 2005, 2006; Donoho, 2006a; Rudelson and Vershynin, 2006,
2008; Candes and Tao, 2007). We refer to these papers for further references on earlier results for
sparse recovery.

In other words, under the UUP, the design matrix X is taken as a n X p measurement ensemble
through which one aims to recover both the unknown non-zero positions and the magnitude of a
s-sparse signal 3 in RP efficiently (thus the name for compressed sensing). Naturally, we wish n
to be as small as possible for given values of p and s. It is well known that for random matrices,
UUP holds for s = O(n/log(p/n)) with i.i.d. Gaussian random entries, Bernoulli, and in general
subgaussian entries (Candes and Tao, 2005; Rudelson and Vershynin, 2005; Candes and Tao, 2006;
Donoho, 2006a; Baraniuk et al., 2008; Mendelson et al., 2008). Recently, it has been shown (Adam-
czak et al., 2009) that UUP holds for s = O(n/log?(p/n)) when X is a random matrix composed
of columns that are independent isotropic vectors with log-concave densities. For a random Fourier
ensemble, or randomly sampled rows of orthonormal matrices, it is shown that (Rudelson and Ver-
shynin, 2006, 2008) the UUP holds for s = O(n/ log® p) for ¢ = 4, which improves upon the earlier
result of Candes and Tao (2006) where ¢ = 6. To be able to prove UUP for random measurements
or design matrix, the isotropicity condition (cf. Definition 5) has been assumed in all literature cited
above. This assumption is not always reasonable in statistics and machine learning, where we often
come across high dimensional data with correlated entries.

The work of Bickel et al. (2009) formulated the restricted eigenvalue (RE) condition and showed
that it is among the weakest and hence the most general conditions in literature imposed on the Gram
matrix in order to guarantee nice statistical properties for the Lasso estimator (Tibshirani, 1996) as
well as the Dantzig selector (Candes and Tao, 2007). In particular, it is shown to be a relaxation of
the UUP under suitable choices of parameters involved in each condition; see Bickel et al. (2009).
We now state one version of the Restricted Eigenvalue condition as formulated in (Bickel et al.,
2009). For some integer 0 < sy < p and a positive number kg, RE(sg, ko, X) for matrix X requires
that the following holds:

. Xv
Yo #£ 0, min 1 Xvlly 0, 3)
settph llogel <kollosly (vl
|J|<s0
where v ; represents the subvector of v € RP confined to a subset J of {1,. .., p}. In the context of

compressed sensing, RE condition can also be taken as a way to guarantee recovery for anisotropic
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measurements. We refer to van de Geer and Buhlmann (2009) for other conditions which are closely
related to the RE condition.

Consider now the linear regression model in (1). For a chosen penalization parameter \,, > 0,
regularized estimation with the ¢;-norm penalty, also known as the Lasso (Tibshirani, 1996) refers
to the following convex optimization problem

~ 1
= in —||Y — X33+ X 4
g arg min o | Bliz + AnllBll1, “4)

where the scaling factor 1/(2n) is chosen for convenience. Under i.i.d Gaussian noise and the RE
condition, bounds on /5 prediction loss and on ¢4, 1 < ¢ < 2, loss for estimating the parameter (3
in (1) for both the Lasso and the Dantzig selector have all been derived in Bickel et al. (2009). For
a given A\, > 0, the Dantzig selector is defined as:

(DS) arg min
BERP

5 H subject to
1

n

o0

In particular, /5 loss of ©(\o+/s) were obtained for the Lasso under RE(s, 3, X') and the Dantzig
selector under RE(s, 1, X) respectively in Bickel et al. (2009), where it is shown that RE(s, 1, X)
condition is weaker than the UUP used in Candeés and Tao (2007).

RE condition with parameters sg and kg was shown to hold for random Gaussian measurements
/ design matrix which consists of n = O(sg log p) independent copies of a p-dimensional Gaussian
random vector Y with covariance matrix Y in Raskutti et al. (2010), assuming that condition (3)
holds for the square root of 3. The matrix 3 is called the population covariance matrix in this
context. As we show below, the bound n = O(sglogp) can be improved to the optimal one n =
O(solog(p/s0)) when RE(so, ko, ©1/2) is replaced with RE(sq, (1 + ¢)ko, £/2) for any £ > 0.
The work by Raskutti et al. (2010) has motivated the investigation for a non-iid subgaussian random
design by Zhou (2009), as well as the present work. The proof of Raskutti et al. (2010) relies on
a deep result from the theory of Gaussian random processes — Gordon’s Minimax Lemma Gordon
(1985). However, this result relies on the properties of the normal random variables, and is not
available beyond the Gaussian setting. To establish the RE condition for more general classes
of random matrices we had to introduce a new approach based on geometric functional analysis.
We defer the comparison of the present paper with Zhou (2009) to Section 1.2. Both Zhou et al.
(2009b) and van de Geer and Buhlmann (2009) obtained weaker (but ealier) results which are based
on bounding the maximum entry-wise difference between sample and the population covariance
matrices. We refer to Raskutti et al. (2010) for a more elaborate comparison.

1.1. Notation and definitions

Let ey, ..., e, be the canonical basis of RP. Foraset J C {1,...,p}, denote E; = span{e; :
j € J}. For a matrix A, we use ||Al|, to denote its operator norm. For a set V' C RP, we let
conv V denote the convex hull of V. For a finite set Y, the cardinality is denoted by |Y|. Let BY
and SP~! be the unit Euclidean ball and the unit sphere respectively. For a vector v € R?, let T
denote the locations of the sg largest coefficients of « in absolute values, and ur, be the subvector
of w confined to the locations of its sy largest coefficients in absolute values. In this paper, C, ¢, etc,
denote various absolute constants which may change line by line. Occasionally, we use ur € RITI,
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where 7' C {1,...,p}, to also represent its O-extended version v’ € RP such that /.. = 0 and
wp = urp.

We define C(sg, ko), where 0 < sop < p and kg is a positive number, as the set of vectors in R?
which satisfy the following cone constraint:

Clso.ko) = {z € RP | AT € {1,...,p}, [T = s0 st. |wrell; < ko lz1ll,}- )

Let 3 be a s-sparse vector and B be the solution from either the Lasso or the Dantzig selector. One
of the common properties of the Lasso and the Dantzig selector is: for an appropriately chosen A,
and under i.i.d. Gaussian noise, the condition

vi=f— B €C(s ko) 6)

holds with high probability. Here kg = 1 for the Dantzig selector, and kg = 3 for the Lasso;
see Bickel et al. (2009) and Candes and Tao (2007) for example. The combination of the cone
property (6) and the RE condition leads to various nice convergence results as stated earlier.

We now define some parameters related to the RE and sparse eigenvalue conditions.

Definition 1 Let 1 < so < p, and let kg be a positive number. We say that a q X p matrix A satisfies
RE(so, ko, A) condition with parameter K (s, ko, A) if for any v # 0,

1 [Av]l

——————— = min min > 0. @)
K(s0, ko, A) 10 lose l Skollosly vl
]

It is clear that when sg and kg become smaller, this condition is easier to satisfy.

Definition 2 For m < p, we define the largest and smallest m-sparse eigenvalue of a q¢ X p matrix
A to be

A) = Atl12/ 112 8
Pmax (M, A) L 1 At]13/ [1t]]5 ®)

Pmin(m, A) = min 1AL/ 1tl13 - ©)

tERP t#£0;m—sparse

1.2. Main results

The main purpose of this paper is to show that the RE condition holds with high probability for
systems of random measurements/random design matrices of a general nature. To establish such
result with high probability, one has to assume that it holds in average. So, our problem boils down
to showing that, under some assumptions on random variables, the RE condition on the covariance
matrix implies a similar condition on a random design matrix with high probability when n is
sufficiently large (cf. Theorems 6 and Theorem 8). This generalizes the results on UUP mentioned
above, where the covariance matrix is assumed to be identity. Denote by A a fixed ¢ x p matrix. We
consider the design matrix

X = VA, (10)

where the rows of the matrix U are isotropic random vectors. An example of such a random matrix
X consists of independent rows, each being a random vector in R? that follows a multivariate normal
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distribution N (0, Y), when we take A = £'/2 in (10). Our first main result is related to this setup.
We consider a matrix represented as X = WA, where the matrix A satisfies the RE condition. The
result is purely geometric, so we consider a deterministic matrix 0.

We prove a general reduction principle showing that if the matrix U acts as almost isometry on
the images of the sparse vectors under A, then the product U A satisfies the RE condition with a
smaller parameter kg. More precisely, we prove Theorem 3.

Theorem 3 Ler 1/5 > § > 0. Let 0 < sop < p and kg > 0. Let A be a q X p matrix such that
RE(so, 3ko, A) holds for 0 < K (sg, 3ko, A) < oo. Set

9 16K2(80, 3k, A)(3k0)2<3k‘0 + 1)

d = 80+som]axHAej||2 52 ; (11)
and let E = U\ j—qE; for d < p and E denotes R? otherwise. Let U be a matrix such that
Vo€ AE (1-6) |zl < H\IJa:H2 < (1+0) ||z, (12)

Then RE(so, ko, UA) condition holds with 0 < K (so, ko, WA) < K (so, ko, A) /(1 — 50).

Remark 4 We note that this result does not involve pyax(so, A), nor the global parameters of the
matrices A and U, such as the norm or the smallest singular value. We refer to Raskutti et al. (2010)
for an example of matrix A satisfying the RE condition, such that pmax(so, A) grows linearly with
so while the maximum of || Aej||, is bounded above.

The assumption RE(sq, 3ko, A) can be replaced by RE(s, (1 + ¢)ko, A) for any € > 0 by
appropriately increasing d. See Remark 14 for details.

We apply the reduction principle to analyze different classes of random design matrices. This
analysis is reduced to checking that the almost isometry property holds for all vectors from some
low-dimensional subspaces, which is easier than checking the RE property directly. The first exam-
ple is the matrix ¥ whose rows are independent isotropic vectors with subgaussian marginals as in
Definition 5. This result extends a theorem of Raskutti et al. (2010) to a non-Gaussian setting, in
which the entries of the design matrix may even not have a density.

Definition 5 Let Y be a random vector in RP
1. Y is called isotropic if for every y € RP, E|(Y,y)|* = ||y|l3.
2. 'Y is 19 with a constant « if for every y € RP,

(Y. y)ly, = nf{t: Bexp((Y,y)?/t*) <2} < allyl,. (13)

The )2 condition on a scalar random variable V' is equivalent to the subgaussian tail decay of V,
which means for some constant c,

P(|V] > t) < 2exp(—t*/c?), forall t > 0.

We use 19, vector with subgaussian marginals and subgaussian vector interchangeably. Examples
of isotropic random vectors with subgaussian marginals are:
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e The random vector Y with i.i.d N (0, 1) random coordinates.

e Discrete Gaussian vector, which is a random vector taking values on the integer lattice Z”
with distribution P(X = m) = C exp(— ||m)|3 /2) for m € ZP.

e A vector with independent centered bounded random coordinates. The subgaussian property
here follows from the Hoeffding inequality for sums of independent random variables. This
example includes, in particular, vectors with random symmetric Bernoulli coordinates, in
other words, random vertices of the discrete cube.

It is hard to argue that such multivariate Gaussian or Bernoulli random designs are not relevant for
statistical applications.

Theorem 6 Set 0 < 6 < 1, kg > 0, and 0 < sy < p. Let A be a q X p matrix satisfying
RE(sg, 3ko, A) condition as in Definition 1. Let d be as defined in (11), and let m = min(d, p). Let
W be an n X q matrix whose rows are independent isotropic 1o random vectors in R with constant
a. Suppose the sample size satisfies

2000ma? 60ep
> .
n > 52 log ( - ) (14)

Then with probability at least 1 — 2 exp(—4§2n,/2000a), RE(so, ko, (1/v/n)¥A) condition holds
Sor matrix (1/+/n)V A with

K (so, ko, A)

0 < K(s0, ko, (1/v/n)TA) < 1—¢

15)

Remark 7 We note that all constants in Theorem 6 are explicit, although they are not optimized.

The reconstruction of sparse signals by subgaussian design matrices was analyzed in Mendelson
et al. (2008) and Baraniuk et al. (2008). Note however that both papers used the RIP assumptions
and estimate the deviation of the restricted operator from identity. These methods are not applicable
in our contexts since the matrix A may be far from identity.

Theorem 6 is applicable in various contexts. We describe two examples. The first example
concerns cases which have been considered in Raskutti et al. (2010); Zhou (2009). They show
that the RE condition on the covariance matrix ¥~ implies a similar condition on a random design
matrix X = UX!/2 with high probability when n is sufficiently large. In particular, in Zhou (2009),
the author considered subgaussian random matrices of the form X = UY/2 where Yisap x p
positive semidefinite matrix satisfying RE (sq, ko, ©'/2) condition, and W is as in Theorem 6. Unlike
the current paper, the author allowed pmax(So, »i/ 2) as well as K?(so, ko, »i/ 2) to appear in the
lower bound on 7, and showed that X //n satisfies the RE condition as in (15) with overwhelming
probability whenever

n> M(2+k )2K2(s0, ko, £/?) min(4 £12)s01 1
52 0 80, ko, /%) min(4pmax(s0, X7/ 7)s0 log(5ep/s0), sologp) ~ (16)
where the first term was given in Zhou (2009, Theorem 1.6) explicitly, and the second term is an easy
consequence by combining arguments in Zhou (2009) and Raskutti et al. (2010). Analysis there used
Corollary 2.7 in Mendelson et al. (2007) crucially. In the present work, we get rid of the dependency
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of the sample size on pmax (S0, ©/2), although under a slightly stronger RE (sg, 3ko, ©1/2) (See
Remarks 4 and 14). More precisely, let ¥ be a p x p covariance matrix satisfying RE (s, 3ko, s/ 2)
condition. Then, (15) implies that with probability at least 1 — 2 exp(—d2n/2000a%),

K(So, k‘o, 21/2)

135 a7

0 < K(s0, ko, (1/3/n)¥E?) <
where n satisfies (14) for d defined in (11), with A replaced by X!/2. In particular, bounds developed
in the present paper can be applied to obtain tight convergence results for covariance estimation for
a multivariate Gaussian model Zhou et al. (2011).

Another application of Theorem 6 is given in Zhou et al. (2009a). The ¢ x p matrix A can be
taken as a data matrix with p attributes (e.g., weight, height, age, etc), and ¢ individual records. The
data are compressed by a random linear transformation X = WA. Such transformations have have
been called “matrix masking” in the privacy literature (Duncan and Pearson, 1991). We think of
X as “public,” while ¥, which is a n X ¢ random matrix, is private and only needed at the time of
compression. However, even with W known, recovering A from W requires solving a highly under-
determined linear system and comes with information theoretic privacy guarantees when n < ¢, as
demonstrated in Zhou et al. (2009a). On the other hand, sparse recovery using X is highly feasible
given that the RE conditions are guaranteed to hold by Theorem 6 with a small n. We refer to Zhou
et al. (2009a) for a detailed setup on regression using compressed data as in (10).

The second application of the reduction principle is to the design matrices with uniformly
bounded entries. As we mentioned above, if the entries of such matrix are independent, then its
rows are subgaussian. However, the independence of entries is not assumed, so the decay of the
marginals can be arbitrary slow. Indeed, if all coordinates of the vector equal to the same symmetric
Bernoulli random variable, then the maximal ¢2-norm of the marginals is of the order ,/p.

A natural example for compressed sensing would be measurements of random Fourier coeffi-
cients, when some of the coefficients cannot be measured.

Theorem 8 Let0 < 6 < 1and 0 < so < p. Let Y € RP be a random vector such that ||Y || . < M
a.s and denote . = EYYT. Let X be an n x p matrix, whose rows X1, ..., X, are independent
copies of Y. Let X satisfy the RE(sg, 3ko, 21/2) condition as in Definition 1. Let d be as defined
in (11), where we replace A with /2. Assume that d < p and p = Pmin (d, 21/2) > 0. Suppose
the sample size satisfies for some absolute constant C

n

CM?d -logp 3 CM?d -logp
> ———log’ | ————| .
pd? pd?

Then with probability at least 1 — exp ( dpn/(6M3d ) RE (s, ko, X ) condition holds for matrix
X/ with 0 < K (so, ko, X/v/n)) < K(s0, ko, £/%) /(1 = 6).

Remark 9 Note that unlike the case of a random matrix with subgaussian marginals, the estimate
of Theorem 8 contains the minimal sparse singular value p. We will provide an example illustrating
that this is necessary in Remark 20.

We will prove Theorems 3, 6, and 8 in Sections 2, 3, and 4 respectively.
We note that the reduction principle can be applied to other types of random variables. One can
consider the case of heavy-tailed marginals. In this case the estimate for the images of sparse vectors
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can be proved using the technique developed by Vershynin (2011a,b). One can also consider random
vectors with log-concave densities, and obtain similar estimates following the methods of Adamczak
et al. (2009, 2011).

To make our exposition complete, we will show some immediate consequences in terms of
statistical inference on high dimensional data that satisfy such RE and sparse eigenvalue conditions.
As mentioned, the restricted eigenvalue (RE) condition as formulated by Bickel et al. (2009) are
among the weakest and hence the most general conditions in literature imposed on the Gram matrix
in order to guarantee nice statistical properties for the Lasso and the Dantzig selector. For random
design as considered in the present paper, one can show that various oracle inequalities in terms of
£5 convergence hold for the Lasso and the Dantzig selector as long as n satisfies the lower bounds
above. Let s = |supp 3| for 3 in (1). Under RE(s, 9, %1/2), a sample size of n = O(slog(p/s))
is sufficient for us to derive bounds corresponding to those in Bickel et al. (2009, Theorem 7.2).
As a consequence, we see that this setup requires only ©(log(p/s)) observations per nonzero value
in 3 where © hides a constant depending on K?(s,9,%'/2) for the family of random matrices
with subgaussian marginals which satisfies RE (s, 9, £'/2) condition. Similarly, we note that for
random matrix X with a.s. bounded entries of size M, n = O(sM?logplog®(slogp)) samples
are sufficient in order to achieve accurate statistical estimation. We say this is a linear or sublinear
sparsity. For p > n, this is a desirable property as it implies that accurate statistical estimation is
feasible given a very limited amount of data.

2. Reduction principle

We first reformulate the reduction principle in the form of restrictive isometry: we show that if
the matrix W acts as almost isometry on the images of the sparse vectors under A, then it acts the
same way on the images of a set of vectors which satisfy the cone constraint (5). We then prove
Theorem 3 as a corollary of Theorem 10 in Section A. The proof of Theorem 10 itself uses several
auxiliary results, which will be established in the next two subsections.

Theorem 10 Let 1/5 > 6 > 0. Let 0 < sop < p and kg > 0. Let A be a q X p matrix such that
RE(s0, 3ko, A) condition holds for 0 < K (sg, 3ko, A) < co. Set

16K (s0, 3ko, A) (3ko)* (3ko + 1))
52 ’

d = 50+ 50 mjax HAejﬂg (
and let E = U\ j—qE for d < p and E = R otherwise. Let U be a matrix such that
Vo e AE (1-0) |z, < quHQ < (146) ||, (18)
Then for any x € A(C(so, ko)> NS,
(1-58) < H\Ifo2 < (1+34) (19)

2.1. Preliminary results

Our first lemma is based on Maurey’s empirical approximation argument Pisier (1981). We show
that any vector belonging to the convex hull of many vectors can be approximated by a convex
combination of a few of them.
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Lemma 11 Letuy,...,up € RY Lety € conv(uy,...,uns). Thereexistsaset L C {1,2,..., M}
such that
dmaxjeqr, ary llusll;
L] <m =
€
and a vector y' € conv (uj,j € L) such that
/
Iy = yll, <=

For each vector z € RP, let T denote the locations of the sg largest coefficients of = in absolute
values. Any vector z € C(sg, ko) N SP~1 satisfies:

HﬂfTon

lezs]l, < kov/so lezylly < koy/so; and [lagg ], < 1. @n

The next elementary estimate will be used in conjunction with the RE condition.

Lemma 12 For each vector v € C(sg, ko), let Ty denotes the locations of the sg largest coefficients
of v in absolute values. Then

lorlly = —12l2_ 22)

VIi+ko

We prove lemma 11 and 12 in Section B and Section C respectively.

2.2. Convex hull of sparse vectors

ForasetJ C {1,...,p}, denote E; = span{e; : j € J}. In order to prove the restricted isometry
property of W over the set of vectors in A (C (s0, k:o)) N S9!, we first show that this set is contained
in the convex hull of the images of the sparse vectors with norms not exceeding (1 — &§)~!. More

precisely, we state the following lemma, the proof of which appears in Section D.

Lemmal3 Let1 > § > 0. Let 0 < sg < pand kg > 0. Let A be a q X p matrix such that
RE(so, ko, A) condition holds for 0 < K (sg, ko, A) < 0o. Define

16K2(sq, ko, A)k2 (ko + 1
= o, ) = s0-+ s ey |3 (1O C0 0 R0 1 ) 03
Then
A(C(so,ko)) NS c(1-6) " conv | | J AE;n 57! 24)

|J|<d

where for d > p, Ej is understood to be RP.
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2.3. Proof of the reduction principle

To prove the restricted isomorphism condition (19), we apply Lemma 13 with kg being replaced by
3kg. The upper bound in (19) follows immediately from the lemma. To prove the lower bound, we
consider a vector x € C(sg, ko) as an endpoint of an interval, whose midpoint is a sparse vector
from the same cone. Then the other endpoint of the interval will be contained in the larger cone
C(so,3kp). Comparison between the upper estimate for the norm of the image of this endpoint
with the lower estimate for the midpoint will yield the required lower estimate for the point z. The
complete proof appears in Section E.

Remark 14 Let ¢ > 0. Instead of v defined in (44), one can consider the vector
ve =x7+y —e(w —y) € C(s0,(1+¢)ko).

Then replacing v by v. throughout the proof, we can establish Theorem 10 under the assumption
RE(so, (1 + €)ko, A) instead of RE(so, 3ko, A), if we increase the dimension d(3kg) by a factor
depending on .

3. Subgaussian random design

Theorem 6 can be reformulated as an almost isometry condition for the matrix X = WA acting on
the set C(so, ko). Recall that

16 K2 (s, 3ko, A)(3ko)2(3ky + 1
d(3ko, A) = so + so max || Ae;]|3 ( (50, 3o, 5)2( 0)"(3ko + )> '
J

Theorem 15 Ser 0 < § < 1, 0 < sg < p, and kg > 0. Let A be a q X p matrix satisfying
RE(so, 3ko, A) condition as in Definition 1. Let m = min(d(3ko, A),p) < p. Let ¥ be ann X q
matrix whose rows are independent isotropic s random vectors in RY with constant o.. Assume
that the sample size satisfies

2000ma? 60ep
> 1 . 25
e T 8 ( mo ) 23)
Then with probability at least 1 — 2 exp(62n,/2000a), for all v € C(so, ko) such that v # 0,
1 [[wAvll,
1-6 < —=——7= < 144 (26)
Vi [ Avlly

Theorem 6 follows immediately from Theorem 15. Indeed, by (26),

> (1-8) [ Aully > (1 - §) 1 “oll

- > 0.
2 K (s0, ko, A)

1
Vu € C(sg, ko) st. u#0 H\/H‘IIAU

To derive Theorem 15 from Theorem 10 we need a lower estimate for the norm of the image of
a sparse vector. Such estimate relies on the standard e-net argument similarly to Mendelson et al.
(2008, Section 3). A complete proof of Theorem 15 appears in Section F.
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Theorem 16 Set 0 < § < 1. Let A be a q X p matrix, and let ¥ be an n X q, matrix whose rows
are independent isotropic 1)y random vectors in R? with constant o.. For m < p, assume that

4 12
n > S0maT, < b > : 27)

72 mr

Then with probability at least 1 — 2 exp(—72n/80a*), for all m-sparse vectors u in RP,

1
(1 =7)[[Aully < 7 W Aully < (1+7) [[Aull, . (28)
We note that Theorem 16 does not require the RE condition to hold. No particular upper bound on
Pmax(m, A) is imposed here either. Proof of Theorem 16 appears in Section G. .

We now state a large deviation bound for m-sparse eigenvalues Pmin (M, X ) and ppax(m, X)
for random design X = n~'/2W A which follows from Theorem 16 directly.

Corollary 17 Suppose conditions in Theorem 16 hold. Then with probability > 1—2 exp(—72n/80a*),

(1 =7)v/ pmin(m, A) < \/pmin(mv X) < \/pmaX(mv X) < (1 + 7))V Pmax(m, A). (29)

4. RE condition for random matrices with bounded entries

We next consider the case of design matrix X consisting of independent identically distributed rows
with bounded entries. As in the previous section, we reformulate Theorem 8 in the form of an
almost isometry condition.

Theorem 18 Let0 < 6 < land0 < sg < p. LetY € RP be a random vector such that |Y || ., < M
a.s., and denote Y, = EYYT. Let X be an n x p matrix, whose rows X1, ..., X,, are independent
copies of Y. Let X satisfy the RE(sg, 3ko, X'/?) condition as in Definition 1. Set

2 [ 16K2 21/2 2 1
d = d(?)k?o, 21/2) = S0 + S0 maX H21/2GJH ( 6 (80’ 3]{07 )(3k0) (3k0 + )) .
J

2 62

Assume that d < p and p = ppin(d, 21/2) > 0. If for some absolute constant C

2.7, 2.
> CM=d lng-log?’ (C’M d 10gp>’

" pd? pd?

then with probability at least 1 — exp (—dpn/(6M?2d)) all vectors u € C(so, ko) satisfy

[ Xl

vn

Similarly to Theorem 15, Theorem 18 can be derived from Theorem 10, and the corresponding
bound for d-sparse vector, the proof of which appears in Section H.

(1=0) Jull; < < (L+0) [lully -
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Theorem 19 Let Y € RP be a random vector such that ||Y ||, < M a.s., and denote > = EY'YT.
Let X be an n x p matrix, whose rows X1, ..., X, are independent copies of Y. Let 0 < m < p.
If p = prin(m, 2Y?) > 0 and

CM?*m -1 CM?*m -1
n> 2 M08P 8 (208D ) (30)
pd? pd?
then with probability at least 1 — 2 exp (— G;f’znm) all m-sparse vectors u satisfy
1 Xu
1-0< — ||| S1+06.
v HEWUHQH2
To prove Theorem 19 we consider random variables Z, = || Xul|, /(v/n HEl/zuHQ) — 1, and

estimate the expectation of the supremum of Z,, over the set of sparse vectors using Dudley’s en-
tropy integral. The proof of this part closely follows Rudelson and Vershynin (2008), so we will
only sketch it. To derive the large deviation estimate from the bound on the expectation we use Ta-
lagrand’s measure concentration theorem for empirical processes Talagrand (1996), which provides
a sharper estimate, than the method used in Rudelson and Vershynin (2008).

Remark 20 Note that unlike the case of a random matrix with subgaussian marginals, the estimate
of Theorem 19 contains the minimal sparse singular value p. This is, however, necessary, as the
following example shows.

Let m = 2!, and assume that p = k - m, for some k € N. For j = 1,...,klet Dj be the m x m
Walsh matrix. Let A be a p X p block-diagonal matrix with blocks D1, . .., Dy on the diagonal, and
let Y € RP be a random vector, whose values are the rows of the matrix A taken with probabilities
1/p. Then ||Y ||, = 1and EYYT = (m/p) - id, so p = m/p. Hence, the right-hand side of (30)

reduces to
Cp-logp log® Cp-logp
T2 8 82

From the other side, if the matrix X satisfies the conditions of Theorem 19 with, say, 6 = 1/2,
then all rows of the matrix A should be present among the rows of the matrix X. An elementary
calculation shows that in this case it is necessary to assume that n > Cplogp, so the estimate (30)
is exact up to a power of the logarithm.

Unlike the matrix X, the matrix A is not symmetric. However, the example above can be easily
modified by considering a 2p X 2p matrix

- 0 A
i- ( M O) .
This shows that the estimate (30) is tight under the symmetry assumption as well.
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Appendix A. Proof of Theorem 3

Theorem 3 By the RE(so, 3ko, A) condition, RE(sg, ko, A) condition holds as well. Hence for
u € C(so, ko) such that u # 0,

duf > Bl

K<807 kOa A)
and by (19)
H\I'AuH (1= 56) | Aull, > (1 — 58)—1Tollz__
K(SOa kOa A)
O
Appendix B. Proof of Lemma 11
Lemma 11 Assume that
Y= Z ajuj where «o; >0, and Zaj =1
Let Y be a random vector in R? such that
PY =u)=ay Le{l,..., M}
Then
EY = Z Qpuy = 1.
Le{1,...,.M}
Let Y7,...,Y,, be independent copies of Y and let 1, ...,&,, be =1 i.i.d. mean zero Bernoulli
random variables, chosen independently of Y7,...,Y,,. By the standard symmetrization argu-
ment Ledoux and Talagrand (1991, Section 6.1), we have
m 2 m 2 m 2
1 1 4 o Amaxeeqr oy lluelly
N Yill < - Y. _ 14 < Lk <
mz || <4E mZEJYJ 22 1Y51l5 < m <e” (3D
7j=1 7=1 9 7=1
where
2
E Y15 < sup |15 < _max, el

and the last inequality in (31) follows from the definition of m.
Fix a realization Y; = ug;, j = 1,..., m for which

1 m
- — Y| <e.
y m;J <

2

The vector 1 i1 Yj belongs to the convex hull of {u, : ¢ € L}, where L is the set of
different elements from the sequence k1, . . ., ky,. Obviously |L| < m and the lemma is proved. [J
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Appendix C. Proof of Lemma 12
Lemma 12 By definition of C(s, ko), by (20)

5 < |lvrg

2
||ors vzl < ko llomlly - llomy Il /50 < ko llvz |5

2
Therefore HUH% = HUT(;: 5 T HvTng < (ko+1) HUTng- -

Appendix D. Proof of Lemma 13

. We first state the following lemma, which concerns the extremum of a linear functional on a big
circle of a g-dimensional sphere. We consider a line passing through the extreme point, and show
that the value of the functional on a point of the line, which is relatively close to the extreme point,
provides a good bound for the extremum.

Lemma 21 let u, 0, x € RY be vectors such that
L |lol, = 1
2. (x,0) #0.
3. Vector u is not parallel to x.

Define ¢ : R — R by:

(z+ Au,0)

A= ~—"_",
?) = Tl

(32)

Assume ¢(\) has a local maximum at 0, then

(a+u0) ) ully
(z,0) [l
Proof of Lemma 13. Without loss of generality, assume that d(kg, A) < p, otherwise the

lemma is vacuously true. For each vector x € RP, let Ty denote the locations of the sg largest
coefficients of z in absolute values. Decompose a vector = € C(sg, ko) N SP~! as

r = x1, + 218 € TT, + Ko |27 || @bsconv (e; | j € T), where ||z, |, > by (22)

1
\ k‘o +1
and hence

Ax € Az, + ko ||z, ||, absconv (Ae; | j € T7).

Since the set AC(sg, ko) N S9! is not easy to analyze, we introduce set of a simpler structure
instead. Define

V = {an, + ko ||z ||, absconv (e; | j € T¢)|x € C(s0, ko) N SP~1 }.

For a given z € C(sg, ko) N SP~L, if Ty is not uniquely defined, we include all possible sets of Tj
in the definition of V. Clearly V' C C(sq, ko) is a compact set. Moreover, V' contains a base of
C(s0, ko), that is, for any y € C(so, ko) \ {0} there exists A > 0 such that \y € V.
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For any v € R? such that || Av||, # 0, define

Av
F = .
() = Tl

By condition RE(sg, ko, A), the function F' is well-defined and continuous on C(s, ko) \ {0}, and,
in particular, on V. Hence,

AC(s0, ko) NS4 = F(C(s0, ko) \ {0}) = F(V).

By duality, inclusion (24) can be derived from the fact that the supremum of any linear functional
over the left side of (24) does not exceed the supremum over the right side of it. By the equality
above, it is enough to show that for any § € S9~1, there exists 2’ € RP\ {0} such that | supp ()| < d
and F'(z') is well defined, which satisfies

gleavxw(v),m < (1=8)"YF(),0). (33)

For a given 6, we construct a d-sparse vector z’ which satisfies (33). Let

= F 0).
2 = argmax( F'(v),0)

By definition of V' there exists I C {1,...,p} such that |I| = s¢, and for some ¢; € {1, —1},

z = zr+ ||z1|ly ko Z ajeje;j, where o € [0, 1], Z a; <1,and 1> ||z, >
jele jele

1
—. (34
o1 (34)

Note if o; = 1 for some i € I¢, then z is a sparse vector itself, and we can set 2/ = z in order
for (33) to hold. We proceed assuming «; € [0, 1) for all ¢ € I¢in (34) from now on, in which case,
we construct a required sparse vector 2z’ via Lemma 11. To satisfy the assumptions of this lemma,
denote €)1 = 0, g1 = 1 and set

app1 =1— Z aj, hence apiq € [0,1].
jere

Let

yi=Azre =||zrll ko Y aejAes = |zl ko Y, agejAe;
jere jercu{p+1}
and denote M := {j € I°U{p+ 1} : o;j > 0}. Let e > 0 be specified later. Applying Lemma 11
with vectors u; = ko ||21]|, €jAe; for j € M, construct a set J' C M satisfying

2 2 2
| < m e SAXjEr kg l2rlli [l Aeslly _ Akgso maxjere [|Ae;l,

(35)

g2 g2

and a vector

v =kollzrlly Z Bje;Ae; where for J' C M, ; € [0,1] and Z B =1

jeJ’ jeJ!
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such that ||y’ — yl|, < e.
Set u := kg ||Z[||1 Zjej/ Bjejej and let

7 = zr4u.
By construction, Az’ € AE;, where J := (IUJ')N{l,...,p} and

I < 1]+ 7] < 5o+ m. (36)
Furthermore, we have

142 = AZ'||, = 1 ACzre —w)lly = [ly = y'|l, <

For {8;,7 € J'} as above, we extend it to {$;,j € I°U {p + 1}} setting 3; = 0 for all j €
IcU{p+ 1} \ J' and write

2 =21+ ko2l Z Bjeje; where f; € [0,1] and Z By =1.
jereu{p+1} jercu{p+1}

If 2/ = z, we are done. Otherwise, for some \ to be specified, consider the vector

2+ A —2) =z thollal, Y (1= Naj+ ABjleje;
jercu{p+1}

We have 3 reyygpi1y [(1 — A)aj + ABj] = 1 and
J6>0s.t. Viel°U{p+1}, (1—ANa;+A3; €[0,1]if |A] < do.
To see this, we note that
e This condition holds by continuity for all j such that o; € (0, 1).
e If a; = O for some j, then 3; = 0 by construction.

Thus } ;e [(1 = Ny + ABj] < Land 2+A(2'—2) = 21+ko |21l Dojere [(1— Ny + ABjleje; €
V whenever |A| < dp.
Consider now a function ¢ : (—dg,dp) — R,

(Az 4+ NAZ — Az),0)
[4z T \(A7 — A2)],

d(N) == (F(z+ A2 —2)),0) =

Since z maximizes ( F'(v),8) for all v € V, ¢(\) attains the local maximum at 0. Then by
Lemma 21, we have

(A2,0) (A + (A~ A2),0) | [[(A" = Az)ly _ [[Az]l, — [[(A2" — Az)],

(Az,0) (Az,0) T A, [Az]|,
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hence
(F(),0) _ (AZ/|A]5,0) _ [[Azll,  (A2,0)
(F(2),0) (Az/||Azlly,0)  ||A|ly,  (Az,0)
- | Az]| o 1Azl — [[(A2" = Az)]l,
Azl + [[(A2" — Az, | Az]|

[Az[ly — [[(A2" — Az)|l,
[Az[ly + [[(A2" — Az)|l,
|Az|l, — 1 2e
Az, +e Az, + ¢

By definition, z € C(sg, ko). Hence we apply RE(ko, so, A) condition and (34) to obtain

|21ll5 1
> .
K(s0,ko, A) — 1+ koK (s0, ko, A)

”AZ”2 >

)
2v/1+ko K (s0,ko,A)

(P().0)
(F(2).0) ~ ' ° 67

and thus (33) holds. Finally, by (35), we have

Now we can set € = which yields

16K2(80, k‘o, A)k%(ko + 1))
52

and hence the inclusion (24) holds in view of (36) and (37). ]

< Aejl|
o < s 4es 1

It remains to prove Lemma 21.

D.1. Proof of Lemma 21
Lemma 21 Let v = +%—. Also let

B3[P
0 = Bu+nt, wheret Lo, |t],=1and 32 +~+*=1,8#0
and v = nu+put+swheres L v ands L ¢

Define f : R — R by:

A n
=  AN£-— .
|[ly + An [P

fA) (38)

Then
600 = (z 4+, 0)  (([zlly +An)v+ Aut + s, Bv + 1)
[l + Al 1(l[z]ly + Am)v + Aut + As||,
Blzlly + An) + Auy
VUl + A2 + ()2 + 22 5]
B+ uyf(A)

VI 2+ 1127200
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Since f(\) = m +0O()\?) we have ¢(\) = B+ uﬁym +O()?) in the neighborhood of 0, Hence,
in order to for ¢(\) to have a local maximum at 0, i or -y must be 0. Consider these cases separately.

e First suppose v = 0, then 32 = 1 and |(x, 0 )| = ||=||,. Hence,

w0l - el

(z+wu,0) (u,0)
= (.0) =" Tl

(x,0) (z,0)

>1—

where |(u,0)] < |lulf,.

e Otherwise, suppose that ;z = 0. Then we have |n| = [(u,v )| < ||ul|, and

(e+u6) | (wtsbotat) o a8 0 0 oy luly

(2,0) (vllzlly, Bv+at) =l ll2lly =7 el

where we used the fact that 5 # 0 given (z,0) # 0.

Appendix E. Proof of Theorem 10

Theorem 10 Let v € C(so,3ko) \ {0}, and so ||Av||, > 0 by RE(so,3ko, A) condition. Let
d(3ko, A) be defined as in (23). As in the proof of Lemma 13, we may assume that d(3ko, A) < p.
By Lemma 13, applied with kg replaced with 3k(, we have

Av
e A(C(so,:sko)) NS4 (1 6)~Lconv J AB;nse!
I Aoll, [Jl=d(3ko.A)
TA 1 - 1 -
and Y < max ’\IJUH ——  max \IJUH .
| Av||, ) 1 — 6 ueconv(AENSI-1) 2 1—0uedAEnSs—1 2

The last equality holds, since the maximum of || Uu/|o occurs at an extreme point of the set conv (AEN
S4=1), because of convexity of the function f(z) = ||¥z||2. Hence, by (18)

Ve € A(C(so,3k0)) nset, quH (14+6)(1—8)1<1+36 (39)

where the last inequality is satisfied once 6 < 1/3, which proves the upper estimate in (19).
We have to prove the opposite inequality. Let x = 21 + z7c € C(s0, ko) N SP~1, where the set
I contains the locations of the sq largest coefficients of x in absolute values. We have

r =7+ ||zl Z

jele

sgn (zj)ej, where 1> |jzf|y > by (22) (40)

1
21 Vo + 1

Let ¢ > 0 be specified later. We now construct a d(3ko, A)-sparse vector y = x7 + u € C(sp, ko),
where u is supported on /¢ which satisfies

ully = llyrelly = llzrell, and [[Az — Aylly = [|A(zre —yre)ll, < e “D
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To do so, set

wi= Azpe = |wely Y ”| J||| sgn(z;)Ae;.
jere 1

Let M := {j € I°: z; # 0}. Applying Lemma 11 with vectors u; = ||z ||, sgn(x;)Ae; for
j € M, construct a set J' C M satisfying

Ao e [F| Aesl3 _ k3o maxjen [ Acs 3

J|<m:= 42
) <m g < i @)
and a vector
w = ||zl Z B;sgn(x;)Ae;, where for J' C M, 3; € [0,1] and Z Bi=1
jeJ’ jeJ’
such that [[Az — Ay, = [[w’ — wlly < e. Setu = ||lzrel|; X e Bisgn(z;)e; and let
y=xr+u=2xr+ ||, Z Bjsgn(z;)e; where f; € [0,1] and Z B = 1.
jeJ’ jeJ
By construction, y € C(sg, ko) N E, where J := I U J’ and
|J| = |I| +|J'| < so+m. (43)

This, in particular, implies that || Ay||, > 0. Assume that ¢ is chosen so that s + m < d(3ko, A),
and so by (18)

UA
;| 21
Yllo 9
Set
v=a74+2yre — x1e =y + (yre — xge). (44)
Then (41) implies
[Av]ly, < | Aylly + | A(yre — z1e)|| < |Aylly + ¢, (45)

and v € C(sp, 3ko) as
lorelly < 2lyzelly + lzrelly = 3llwrell, < 3ko [lzslly = 3ko [[orlly

where we use the fact that ||z ;¢||; = ||yr<||;. Hence, by the upper estimate (39), we have

<(A+0)(1 -6t (46)

140l |,
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Since y = %(m +v), where y; = x, we have by the lower bound in (18) and the triangle inequality,

-5 T Ay <1< UAzx U Av )
[Aylly ||, = 2 \ || 149ll2]|, ||l 4¥ll2]],
- 1 U Az U Av Ayl +
=2\ [HAzlly |, | Az, [ Ayll
1 (| TAz 1+94
< =00 222
= 2( 14z, 2*1-5) (1+9/6)

where in the second line, we apply (45) and (41), and in the third line, (46). By the RE(s, ko, A)
condition and (40) we have

lyzll 1], 1
Ayl > — > .
I4yll; 2 K(so,ko0,A)  K(s0,ko, A) — K(so,ko,A)  Vko+1
>t 5 4]
Yllg +€
€= sothat ——=—— < (14 6/6).
6T T oK (s0, ko, A) [y, <+
Then for 6 < 1/5
UAx 1—-96
- (1481 =8"1>1-56.
[z, |, = "1+ 5/6 A+Hl-07 =2

This verifies the lower estimate. It remains to check the bound for the cardinality of J. By (42)
and (43), we have for kg > 0,

16K 2 1
l[J| < sop+m< 50"‘801%?@[(”146]'”;( 6 (So,ko,agz(iiko) (ko + )) < d(3ko, A)
j

as desired. This completes the proof of Theorem 10.

Appendix F. Proof of Theorem 15

For n as bounded in (25), where m = min(d(3ko, A), p), we have (27) holds with 7 = /5. Then
by Theorem 16, we have with probability at least 1 — 2 exp (—nd?/(2000a)),

Vm-sparse vectors u, (1 - g) | Aull, < \/15 H\iJAuH2 < (1 + g) | Aull, .

The proof finishes by application of Theorem 10.
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Appendix G. Proof of Theorem 16

We start with a definition.

Definition 22 Given a subset U C RP and a number € > 0, an e-net 11 of U with respect to the
Euclidean metric is a subset of points of U such that e-balls centered at 11 covers U :

UcC U (z +eBY),
zell

where A+ B :={a+b:a € A,b € B} is the Minkowski sum of the sets A and B. The covering
number N (U, €) is the smallest cardinality of an e-net of U.

The proof of Theorem 16 uses two well-known results. The first one is the volumetric estimate;
see e.g. Milman and Schechtman (1986).

Lemma 23 Given m > 1 and € > 0. There exists an e-net 11 C B3* of B3* with respect to the
Euclidean metric such that BY* C (1 — &)~ conv Il and |11| < (1 + 2/&)™. Similarly, there exists
an e-net of the sphere S™ 1, II' C S™L such that |II'| < (1 +2/e)™.

The second lemma with a worse constant can be derived from Bernstein’s inequality for subex-
ponential random variables. Since we are interested in the numerical value of the constant, we
provide a proof below.

Lemma 24 Let Yy, ...,Y, be independent random variables such that ]EYj2 = 1 and ||Y;]| by SO
forallj =1,...,n. Then foranyf € (0,1)

1 < 6%n
2
P ”]Elyj -1 >0 §2exp<—1oa4>.

Foraset J C {1,...,p}, denote E; = span{e; : j € J}, and set F;; = AE. For each subset
F; N S91 construct an e-net I1 7, which satisfies

Iy Cc F;nSTY and || < (14 2/¢)™.

The existence of such 11 ; is guaranteed by Lemma 23. If

n= | J 1,

|J]=m

then the previous estimate implies

1| = (3/¢)™ <f;) < (iﬁf)m = exp <m log Cﬁ))

Fory € S971 N Fy C F, let w(y) be one of the closest point in the e-cover IT;. Then

y —7(y)

= € F;N ST where ||y —7(y)|, < e.
ly =7 (w)ll ?
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Denote by Uy, ..., U, the rows of the matrix ¥, and set ' = n~ /20, Let z € S9!, Applying
Lemma 24 to the random variables ( ¥y, z )2, ..., (¥, z )2, we have that for every 6 < 1

P(‘||I‘a:||§—1‘>0) - P(ii(\pi,@?J >9>§2exp<—1%6:4>. 47

4
n> 20ma log <3ep) 7

For

62 me
the union bound implies
2 nb? nb?
P(3e eTs. . |INallf - 1 > 8) < 2[M exp <_10a4> < 2exp <_20a4
Then for all yg € II
1-6< ||Fy0||§ <1+86 andso

0
1-60<Tyolly <1+

with probability at least 1 — 2 exp (—%), The bound over the entire S9~! N F; is obtained by
approximation. We have

[T (@)lly = 1Ty = 7))l < [Tyl < [Tr@)lly + 1T — 7))l (48)
Define

T

or, = sup [Tylly.
yeSI—1NE;

The RHS of (48) is upper bounded by 1 + g + €||Illy,F,- By taking the supremum over all y €
S9=1 N F;, we have

0 1+6/2
Tl <14 5 te IT(lg,f, andhence [T, 7, < g
The LHS of (48) is lower bounded by 1 — 0 — ¢ HF||2,FJ, and hence for all y € S7~1 N Fy
1+6/2
ITyl, > 10— efDlyp, > 10— L2

Putting these together, we have for ally € S9=1 N F;

P e(14+6/2)
S

1— < [Tyl <

14+6/2
1—e¢
which holds for all sets J. Thus for § < 1/2 and e = Hﬁ%,

1-260 < [Ty, <1+ 26.

For any m-sparse vector u € SP~!
Au
[ Aully

€ Fy for J = supp(u),

and so
(1—20) | Aully < [T Aully < (14 260) [|Aull, -

Taking 7 = 6/2 finishes the proof for Theorem 16.
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G.1. Proof of Lemma 24
Note that & > V1|, > [[Y1][; = 1. Using the elementary inequality th < Elsket/s, which holds

for all ¢, s > 0, we obtain

E(Y? — 1) < max(EY?*, 1) < max(kla®* - Ee'7 /" 1) < 2kla®*

for any k£ > 2. Since for any j ]EYj2 =1, for any 7 € R with |7]|a? < 1

1
Eexp [r(Y/-1)] <1+ Y E'”k AR = DF <14 ) |rfF - 207
k=2 k=2

By Markov’s inequality, for 7 € (0, a~?)

1 - 2 - 2
P nz;Yj—be < Eexp 72(1@—1)—7071
J= J=

) 272an
— TN, (Eexp [T(Yz _ 1)])” < exp <—7’97”L + 1—|7']a2) .

0

Set T = Bado

so Ta? < 1/5. Then the previous inequality implies
J IR 0°n

Similarly, considering 7 < 0, we obtain

1 & 6%n
E 2
]P) ].—EJZIYJ >9 SeXp<_1Oa4>

Appendix H. Proof of Theorem 19

Proof of Theorem 19.
For J C {1,...,p}, let E; be the coordinate subspace spanned by the vectors e;, j € J. Set

F= U »2E; NSt
|J|=m

Denote U = X1/2X so EUW’ = id, and let U1, ..., ¥, be independent copies of W. It is enough

to show that with probability at least 1 — exp (— 6;;§m) foranyy € I

1 n
7=1
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To this end we estimate
n

1
A:=FE 1— = U y)2l.
sup 1= (W)

yeF j=1

The standard symmetrization argument implies that

n

1 2 -
Esup |1— =) (U, 9)%| < =Esup|> £;(¥;,9)?,
yeF n ; ! N yeF Jz; I
where €1, ...,&, are independent Bernoulli random variables taking values +1 with probability
1/2. The estimate of the last quantity is based on the following Lemma, which is similar to Lemma

3.6 Rudelson and Vershynin (2008).

Lemma 25 Let F be as above, and let i1, . .., 1, € RP. Set

@ = max

j=1,..n El/Qd}me'

Then

"~ Cm@? -logn-lo CmQ? "~
Esup | Y e;(,1)? <\/ QO log gp-log( pQ) csup | D (0,9)°
1

yeF |} p yeF

1/2

Jj=1

Assuming Lemma 25, we finish the proof of the Theorem. First, note that by the definition of ¥,

‘max
j=1,..n

21/2%)‘ < M as.
o
Hence, conditioning on W1, ..., ¥, and applying Lemma 25, we obtain

1/2

2 CmM? -1 -1 CmM? "
A<2. [Cm ogn ogp-10g< m >'Esup S (w5, 4)? ’
n 1Y p yel

j=1
and by Cauchy—Schwartz inequality,

N 1/2 1/2

n
Esup [ > (U;,9)° < (Esup > (¥5,y)? :

yelr j=1 yel j=1

SO

2, } 2
Agi- CmM? -logn Ing-log <CmM) -(A+1)1/2.
Vn p p

If n satisfies (30), then
A<6 - (A+1)"? andthus A < 26.
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For y € F define a random variable f(y) = (¥, y)? — 1. Then |f(y)| < (X, 27?92 41 <
M?p~'m +1 := a as., because »~1/2yis an m-sparse vector, whose norm does not exceed p_l/ 2,
Set

Z=sup)_ fi(y),

yer =1

where f1(y), ..., fn(y) are independent copies of f(y). The argument above shows that EZ < 2dn.
Then Talagrand’s concentration inequality for empirical processes Talagrand (1996); Ledoux (2001)

reads
t tp
P(Z >t < —— )< -
(2= )_exp( 6a> _exp< 6M2m>

for all t > 2EZ. Setting t = 49n, we have

P(Supz ((T;,y)* — 1) > 46n) < exp (— ;\izgl) .

Similarly, considering random variables g(y) = 1 — (¥, y)2, we show that
n

4omp
P(su 1— (v, 2) > 46n) < ex <—>,
(sup 2 (1= (0500 > ) < exp (g

which completes the proof of the theorem. ([l
H.1. Proof of Lemma 25
It remains to prove Lemma 25. By Dudley’s inequality, see e.g. Talagrand (2000, Eq. (1.18))
n o0
E sup 5j<wj,y)2 < C/ log!/? N(F,d,u)du
1 0

F |~
ver |z

where N (F,d,u) is the covering number, which is the minimal number of balls of radius u in the
metric d covering the set F'. Here d is the natural metric of the related Gaussian process defined as

- 1/2
2
dzy) = > ((Wy,2)? = (1, 1)°)
=
- 1/2
< [ () )| max |- )]
=
< 2Rz —ylly,
where ”
R=sup [ > (¥;,9)? , and [[z]ly = max [(¢;,2)].
yeF j:1 ‘771 ..... n
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The inclusion /mBY} D Upjizm E7 0 SP~1implies
VmEY2BP 5 52 cony ( U E;nSP~Y 5 pt2F,
|J]|=m

Hence, for any y € F'

77777

lelly < p72vim max {212 =572 mQ. (49)

Replacing the metric d with the norm ||-||y-, we obtain

n P_I/Q\/RQ
Bsup |3 (0y.0)%| < OF log!/2 N(F, |1l ) du.

yeF =1
The upper limit of integration is greater or equal than the diameter of F' in the norm ||-||y-, so for
u > p~/2,/mQ the integrand is 0. Arguing as in Lemma 3.7 Rudelson and Vershynin (2008), we
can show that

N(F,[[ly su) < N(p~2/mSY2BE |||y, u) < (2p), (50)
where
Cp~'m (maxi:17,,,7p max;—i,..n |<El/26i, ¢j>|)2 Cm@Q? -logn
[ = logn = ————
u? o2

Also, since F’ consists of the union ( fr’L ) Euclidean spheres, the inclusion (49) and the volumetric
estimate yield

Ny ) < <p>.<1+2p‘”2fm@> < (ep)m.<1+2p‘“W2> 61
m U "

m

Estimating the covering number of F as in (50) for v > 1, and as in (51) for 0 < u < 1, we obtain
n

Esup | ;(t;,y)?
yelr j=1

1 ~1/2 1/2
C’R/O vm - <log(j5>+log <1+2/)u\/>mQ>> du

<
p~12/mQ 2.1
+CR/ Ww/logZpdu
1
2. } 2
< C’R\/mQ logn 1ng-log <C’mQ ).D
p p
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