A note on the improved sparse Hanson-Wright inequalities
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Abstract

We establish sparse Hanson—Wright inequalities for quadratic forms of sparse a-sub-
exponential random vectors with exponent parameter « € (0,2]. In the regime 0 < o < 1
we derive a refined inequality that is optimal in several canonical models. These results ex-
tend the classical Hanson—Wright bound to the sparse setting. Illustrative applications include
covariance matrix estimation with incomplete observations, low-rank matrix approximation
under the maximum norm with sparsified sketches, and concentration inequalities for sparse
a-sub-exponential random vectors.

1 Introduction

The Hanson-Wright inequality quantifies the concentration of a random quadratic form around
its mean. Introduced in the 1970s [14], it is now a standard device for covariance estimation,
random-matrix analysis, empirical-process bounds and high-dimensional regression.

Let £ = (&, ,£n)T be a random vector with independent centered entries and A =
(@ij)nxn be a fixed matrix. The Hanson-Wright inequality is to explore the concentration proper-
ties of the following quadratic random variables

Sa€) =¢TAL = aiitig;.
12

A well-known result, proved by Hanson and Wright [14], claims that if &; are independent centered
2-sub-exponential (sub-gaussian) random variables such that max; ||&;||w, < L, then for ¢t > 0
(the following version was provided in [30])
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where || - || and || - ||;,—, are the Frobenius norm and the spectral norm of a matrix respectively.
Recall that a random variable 7); is a-sub-exponential if satisfying

(07

P{|m| >t} < 2exp (- ﬁ),

t>0.

Its a-sub-exponential norm is defined as

(0%
[m|lw, :=inf {t >0:Eexp (|77tla| ) <2}

There is a lot of work dedicated to extending the classical Hanson-Wright inequality (1.1)
to more general cases. For example, assume that &1, --- ,&, are independent centered a-sub-
exponential variables and satisfy max; [|&;||v, < L(a). When 1 < o < 2, Adamczak and Latata
[2] proved for ¢t > 0 (see also [3])

P{[Sa(§) —ESa(€)] > L)t} < 2exp(—c(a) f1(t)), (1.2)

where

. t 2 t t *
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One can refer to (1.9) below for the definitions of the matrix’s norms and a* = a/(ac — 1). When
0 < a <1, Kolesko and Latata [21] proved for ¢ > 0 (see also [13])

Sl

}. (1.3)

P{[SA(€) —ESA(€)] > L(a)’t} < 2exp(—c(a) fa(t)), (1.4)

where

20 =min{ () (\\Au;zm)%&a’ (Mt\r(x)g}' (1)

As we have seen above, the Hanson-Wright inequalities (1.2) and (1.4) are quite intricate. By
evaluating the family of norms used therein, Sambale [31] obtained a simplified version. This
simplified version is not only easily calculable but also sufficient for many applications (see [31]
for details). In particular, Sambale proved for 0 < a < 2andt¢ >0

P{|S4(€) — ESa(€)] > t}

. 2 af
<vexp (=<l min{ s (pmans) 1) (10

Motivated by the covariance estimation problem in the matrix variate model, Zhou [36] showed
a sparse Hanson-Wright type inequality for sub-gaussian random variables. In particular, as-
sume that {&; = d; - (;,1 < @ < n} is a sequence of independent random variables, where




d; ~ Bernoulli(p;) (that is, taking values 0, 1 with probability 1 — p; and p; respectively) and (; is
a centered sub-gaussian variable independent of ;. Zhou proved for ¢ > 0

, t2 t
P{|S4(§) —ESA(§)| >t} < 2exp ( cmln{L4%(A), AL }), (1.7)
where L = max; ||(;||w, and y1(A) = >, a3,px + Dot a?jpipj.

Recently, He, Wang and Zhu [15] established sparse Hanson-Wright type inequalities in a
more general setting. Specifically, let {{; = J; - (;,1 < ¢ < n} be a sequence of independent
random variables, where 0; ~ Bernoulli(p;) and (; is a centered a-sub-exponential variable inde-
pendent of §;, 1 < i < n. [15, Corollary 1] showed that for &« > 0 and ¢ > 0

P{[S4(6) —ESA()] >t}

<2exp ( — ¢(a) min {

a1

t2 t t min{2 5
L(a)*y1(A)” L()?y2(A)’ <L(a)2||A”oo> }), (1.8)

where L(a) = max; [|Gil|w,,,

72(A) = max { > lalps, > lagilps, laal}-

Jij# Jij#

AHoo = max,; |aij|, and

The work in [15] further extends to sparse versions of Bernstein and Bennett type inequalities.

In addition to the works mentioned above, there are numerous other papers that delve into the
Hanson-Wright inequality with sparse structure. We refer interested readers to [8, 12, 16, 28, 32,
33, 35, 37] and the references therein for further exploration.

Notation Given a fixed vector z = (1, -+ ,x,) ! € R", denote by ||z, = (33, |z:|")/" the I,
norm. Use ||¢]|z,. = (E|¢|")Y/" as the L, norm of a random variable ¢. Let A = (a;;) be anm x n
matrix. We use the following notations of the matrix norms:

1AllF = > lagl? (Al = max [agg|,
irj ’

AN, @) = OO lai)/#)M, (1.9)

i<m j<n

AN, 5, = sup{] > agazsuil « lzlle, < 11yl < 13,
0.

where 1 < ry,79 < oo and 5 = ra/(r2 — 1). Indeed, || A||;,—1, is the spectral norm of A and
| Ao = 1Al

Let &1, - -+, &, be a sequence of random variables and f : R™ — R be a measurable func-
tion. Then, E¢, . ¢, f(&1,- -+ ,&,) means only taking expectation with respect to random vari-
ables &, ,&,, where {i1, - ,is} C {1,---,n}. Denote & ~ Ws(a) when & is a sym-
metric Weibull variable with the scale parameter 1 and the shape parameter o. Specifically,
—logP{|{| > x} = 2%,z > 0.

Unless otherwise stated, denote by C, C1, ¢, c1, - - - the universal constants independent of any
parameters and the dimension n. Besides, let C'(d),c(d) - - - be the constants depending only on



the parameter . Their values can change from line to line. For convenience, we say f < g if
f < Cg for some universal constant C. We write f <5 g if f < C(¢)g for some constant C'(9).
Besides, wesay f < gif f S gand g < f,sodoes f <; g.

Organization of the paper The rest of the paper is organized as follows. In the remaining part
of Section 1, we will first present our main results. Then, we will draw comparisons between our
results and existing ones to highlight the novelties and improvements. To conclude Section 1, we
will pose two open questions that warrant further exploration.

In Section 2, we give three applications of our concentration inequalities. The applications
include: (i) covariance matrix estimation from partially observed data; (ii) low-rank matrix ap-
proximation with sparsification; and (iii) concentration phenomena for sparse a-sub-exponential
random vectors.

Section 3 is dedicated to introducing several key lemmas. These lemmas cover aspects such as
the relationship between tails and moments, the decoupling inequality, the contraction principle,
and concentration inequalities. They serve as fundamental tools for the subsequent theoretical
derivations.

We prove our main results in Section 4 and our applications in Section 5. In the appendix, we
offer proofs for Proposition 1.1, Theorem 5, Corollary 1, and Lemma 3.8.

1.1 Main results

This paper concentrates on the sparse Hanson-Wright inequalities in a-sub-exponential random
variables, 0 < o < 2. Our first main result in this regime reads as follows:

THEOREM 1. Assume that {5;,1 < i < n} and {(;,1 < i < n} are two independent sequences
of random variables, where 0; ~ Bernoulli(p;) are independent and (; are independent centered
a-sub-exponential random variables. Consider a random vector§ = (&1, -+, &p) with§; = 6;- ;.
Let A = (aij)nxn be a symmetric fixed matrix. Then for 0 < o < 2 andt >0

P{|¢"A¢ — E¢T A¢| > L(a)*t}

2 ¢ a/2
<2exp [ —¢(a) min ; < > )
>k Pk + zi;éj a?jpipj [ All1,1,

where L(a) = max; ||(i||w,, and c(«) is a positive constant depending only on c.

REMARK 1.1 (Comparison of Theorem 1 with Hanson-Wright inequalities in [31, 36]). (i). When

pr = =pp =1, 1e, 6 = 1for1 <i <n, Theorem 1 recovers Sambale’s result [31], see
(1.6). (ii). When o = 2, Theorem 1 recovers the sparse Hanson-Wright inequality for sparse
sub-Gaussian random vectors obtained by Zhou in [36], see (1.7).

Moreover, when only considering the case 0 < a < 1, we have the following more refined
result.

THEOREM 2. In the same setting of Theorem I, we have for 0 < a < landt > 0

P{|¢TAE —EETAE| > La)*t} < 2exp(—c(a) f(t)),



where L(a) = max; ||(;||w,,, c(a) is a positive constant depending only on o, and
t? t
Sk Gk + iy aziping 1(aij /B )nxnllis i

et ™ ()}

max; (2] a?jpj

ft) = min{

REMARK 1.2 (Theorem 2 improves Theorem 1). Theorem 1 for the case 0 < o < 1 can be
derived from Theorem 2. Indeed, a direct integration of the tail probability in Theorem 2 yields
that

6™ a¢ - meT 4¢|

1/2
2 1/2+1 2
L Sar Al + /2 max (3 adp; )
J

1/2
+ 7l (@i P stz + V(Y adipi+ Y aZipin;)
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Sar Al + V(Y o+ Y aps)
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where we use the following fact
1/2
2
mas (Y aZp;) < Aot < 1Al
J

H(aijvpipj)leﬁb < HAH12%127 HA”OO < HAleﬂlz‘

Then, one can obtain Theorem 1 by Lemma 3.1 below.

REMARK 1.3 (Comparison of Theorem 2 with Hanson-Wright inequalities in [15, 21]). (i). When
p1 = -+ = p2 = 1, Theorem 2 recovers the Hanson-Wright inequality (1.4) due to Kolesko and
Latata in [21].

(ii). Note that forr > 1,

rate max(Y aZpy)V? < (Y AIL2) - (2 max(S Jaglps) ?)
j B

<

(NN

1
P2 Al + 5rmax 3 faglp;
J

and

(@i /i) l1astn < max y  |ai;ly/Pip; < K max Y |ai;|p;,
7 - 1 -
J J



where K = K(p1,--- ,pn) = maxp;/ minp;. Hence, Theorem 2 yields that

€7 a6 - meT a¢]
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2 1/2+1 2
L Sar Al + /2 max (3 o)
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1/2
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i k i#j
Then, by Lemma 3.1 below, we deduce (1.8) from Theorem 2 but with an extra factor K.

Note that, when A is a diagonal-free matrix, the decay rate of the Hanson-Wright inequality
(1.4) is optimal in the sense that, there exist independent centered a-sub-exponential random
variables 11, - - - , n, such that a matching lower bound holds. See Proposition 1.1 for details and
its proof is given in Appendix A.

PROPOSITION 1.1 (Optimality of Theorem 2 when p; = --- = py = 1). Let n1,--+ ,1n i
Ws(a) and A be a symmetric diagonal-free matrix. Then for 0 < a < 1 andt > 0

P{[n" An —En' An| > t} > C(a) exp(—c(a) f2(1)),
where 1 = (01, ,ma) ", C(a), c() are positive constants depending only on «, and f(t) is

defined in (1.5).

REMARK 1.4 (Generalization to general A). Theorems 1 and 2 assume that the matrix A is
symmetric. This assumption was made primarily for the convenience of presentation. Indeed, the
above results can be extended to general square matrices. The only modification required is that
in many places, A should be replaced by %(A + AT).

1.2 Disscussion

In this section, we assume that {d;, 1 < i < n} is a sequence of independent random variables with
d; ~ Bernoulli(p;) and {¢;, 1 < i < n} is a sequence of independent centered a-sub-exponential
random variables. Assume d;’s are independent of (;’s. Denote by £ = (&1, -+ , &, ) the random
vector with & = &; - (;. Let A = (a;;)nxn be a symmetric fixed matrix and a = (ay,--- ,a,) " be
a fixed vector. Set L(«) = max; ||(;||w,. We mention the following two open questions:

1. For1 < a <2andt > 0, it holds (see Theorem 6.1 in [3])

t2

& . t o
IP’{‘ ;aiCi‘ > t} < 2exp ( —c(a) mln{L(a)zna’%, (L(a)||a| m) })

and

P{|¢TA¢ — E¢TAC| > L(a)’t} < 2exp(—c(a) fo(t)),



where o = «/(a — 1) and f;(¢) is defined in (1.3). How to obtain upper bounds for
P{|D aic] 2}, P{eTA¢— B¢ Ag > 1}
i=1

which recover the above results when §; = - - - §,, = 1 is an interesting question.

2. In this paper, we give upper bounds for the linear and quadratic forms of sparse a-sub-
exponential random vectors:

1> aig, . lle" A — EeT Ag]y,.

i=1

Investigating their lower bounds is an interesting question, which may help us establish the
optimal bounds for the above quantities.

2 Applications

In this section, we present several applications in covariance estimation, randomized low-rank
approximation, and concentration of random vectors. Sparsity can naturally come from the fact
that a high-dimensional random vector is sparse, for example, when the elements of the vector are
missing at random, or when we intentionally sparsify the vector to speed up computation.

2.1 Covariance matrix estimation under missing observations

Concentration properties of the sample covariance matrix play a central role in numerous high-
dimensional inference tasks, including sparse PCA, graphical model selection, discriminant anal-
ysis, and high-dimensional regression [22].

We consider the problem of estimating the covariance matrix of a random vector from i.i.d.
samples, where each vector is observed with entries missing independently. In the sub-Gaussian
setting, this problem was first analyzed in [26], motivated by applications in climate science,
gene expression, and cosmology, where an unbiased estimator derived from the sample covari-
ance matrix was proposed. The corresponding error bounds were later sharpened in [19]. More
recently, under the L,—Lo moment equivalence assumption, Abdalla [1] introduced an estimator
that achieves both optimal dependence on the missingness parameter p and the minimax optimal
convergence rate under the spectral norm. However, this estimator is computationally intractable
in practice.

Beyond these contributions, a number of related results on covariance estimation with missing
data have appeared in the literature, primarily for sub-Gaussian random vectors; see, for example,
[6, 29, 27, 20, 36, 37]. In this work, we go beyond the sub-Gaussian framework and develop
concentration results for covariance estimation under heavy-tailed distributions with missing ob-
servations.

We state our assumptions as follows:



ASSUMPTION 1 (Data assumption). Assume that the entries of ¢ € R™ are independent, centered,
a-sub-exponential random variables with o € (0, 2] with variance 1. Assume

Y = B¢
where B is a fixed d x m matrix and BB = Y.

This means the data vector Y satisfies a multivariate model [10, 6] as a linear transformation
of £(8), which is a common assumption in high-dimensional statistics. We assume the data vector
is observed partially with missing entries, defined as follows:

ASSUMPTION 2 (Missing at random). We observe n independent samples XV, ... X" ¢ R4,
where each

X = 59 5y @),

where

)

« 60) € {0,1}% are i.i.d. Bernoulli random vectors with independent entries 61-(5 ~ Bernoulli(p;),

1=1,...,d;
« Y € R™ are i.i.d. copies of a random vectorY.

The goal is to estimate BB ' = ¥. A natural and unbiased estimator of 3 is defined by

1 n (s) y () :
S = 4 PP 2o )ij) éXk , J#ER
n%;,- 22:1 (st ) Jj=k.

This estimator is called the inverse probability weighting (IPW) estimator [20, 11, 6, 27]. When
Y is a sub-Gaussian random vector, the element-wise deviation of the IPW estimator has been
considered in [20, 26, 27].

As soon as the dimension d exceeds the sample size n, however, the sample covariance matrix
ceases to be consistent in the operator norm. A standard remedy is to restrict attention to the “sig-
nificant” coordinates, i.e. to work with a sparse sub-vector. Motivated by this practice we analyse
the maximum k-sparse sub-matrix operator norm of the covariance matrix [22]. In particular, we
would like to bound the following quantity:

RIP, (k) :=  sup )eT(i—z)e‘.
beR?, 6]<1
6]lo<k

This norm is also of importance in high-dimensional linear regression due to its connections to
the restricted isometry property (RIP) [7] and the restricted eigenvalue (RE) condition [4]. When
k=1, RIP,(1) is |2 — ¥||oo and when k = d, RIP,,(1) is the operator norm || — %|1,_,.

Before giving the main result of this subsection, we introduce some notations. For the vectors
p=(p1, - ,pq) and @ = (0y,---,04) ", the vector f o ]% is defined as follows:

1
fo = (61/p1, -+, 0a/pa) "



We define the matrix Ay ), € R¥*4 a5 follows:

(Aop)je = 0,6k
PiPk
THEOREM 3. Assume that max; ||&;||w, < 1. For any t > 0, with probability at least 1 — 2e™,

1/2

t + klog(48ed/k))Y/? : -
( gi/ﬁ /k)) sup (EIBT Diag(s1") 4y, Diag(sV) B|%)

(t + klog(48ed/k))3*  (t + klog(48ed/k))?/®
+ ( n3/4 + n )X

. 1
| Bll1y—1 - [IDiag(y/p1, - -+ 5 v/Pa) - BllF + | Blliy—t,) - sup 10 0 ];H%:

RIP, (k) Sa

where Q = {0 € R?: ||0]]2 < 1, |0]|o < k}.

REMARK 2.1 (Comparison with [23]). When all p; = 1, [23] studied covariance estimation
for marginally sub-Weibull random vectors. Compared with their result, Theorem 3 removes the
extra logn factor of the 2/ term, and extends the analysis to the missing-observation setting;
however, our assumption on the data Y is stronger, whereas [23] does not require X to follow a
multivariate model.

REMARK 2.2. (i). By Propositions 5.1 and 5.2 below, we have
T 1 1 2 \1/2
(EI|B T Diag(6™M) Ay ,Diag(5) B3
. 1
SlIBllip—t, - (IDiag(yv/p1, -+ s v/Pa) - Bllp + 1Blliy-z) - 160 ];Hg-
(ii). An exact calculation of E|| BT Diag(5(")) Ay ,Diag(5™)) B||2 is given in the Appendix E.

2.2 Low-rank approximation with sparsified sketches

Low-rank approximation is fundamental in data analysis, signal processing, and machine learning.
Many large data matrices, such as user—item ratings, gene expression profiles, or kernel matrices,
are approximately low-rank due to latent factors or redundancy [34]. Exploiting this structure
enables efficient algorithms and reduces storage and computation in downstream tasks.

Recent work [34, 5] shows that large matrices with small spectral norm admit nearby low-
rank approximations in the maximum norm, providing uniform entrywise guarantees. Building on
this perspective, we propose a randomized construction using sparsified random vectors. Instead
of dense Gaussian sketches, we use probes of the form § o &, where ¢§ is a Bernoulli mask and
¢ is sub-Gaussian. This reduces storage and matrix—vector costs while introducing dependence
on the missingness probability p. Our sparse Hanson—Wright inequalities yield sharp analysis,
showing that sparsification preserves robust max-norm guarantees with explicit dependence on
matrix coherence.



Sparsified sketches have also appeared in stochastic trace estimation [18], analyzed via sparse
Hanson—Wright inequalities [36]. Our results extend this principle to low-rank approximation,
demonstrating both computational savings and theoretical control.

Before stating the main result in this subsection we fix notation. For a rank-£ matrix X €
R™*" with thin SVD X = UXV ", the column and row-space coherences are

oo (X) = T max [UTeil3, prrow (X) = 7 max [V,
i€[m] k jeln)
where e; €ER™ and e; € R" are the standard basis vectors.
We propose a randomized algorithm to construct a low-rank approximation of a rank-k matrix
X given in Algorithm 1. The analysis of Algorithm 1 uses the sparse Hanson-Wright inequality
for a sparse sub-Gaussian random vector.

Algorithm 1 Low rank approximation with sparsified sketches

Input: A rank-k matrix X € R™*"™, target rank r, sparsity parameter p.
1: Compute singular value decomposition X = UXV T where U € R™** 3 € R*¥*F and
V € R™*. Define

U=uUxi/2_ [a]" o ,ﬂ;]T’ V=vxl/2_ [@IT’ ... ’52]1
2: Let Q = [Q1,---,Q,] € R¥*" be a random matrix with independent copies of =380 £,

where 6 ~ Bernoulli(p) and £ is a centered sub-gaussian random variable satisfying ||£||y, <
1 and E¢? = 1. The random variable 6 is independent of &.
Output: Matrix Y € R™*" such that Y;; = %ﬂiQQTf;]T.

THEOREM 4. Assume that m,n,k € N satisfies k < min{m,n}. Let 0 < p < 1l and e > 0.
Then for every matrix X € R™*"™ of rank k and any constant r such that

1
k>r>Cy log@ . max{%, -}
n 2’ ¢

then Algorithm 1 outputs a matrix Y € R"™*" of rank no more than r such that with probability
at least 1 — n,

ke
1X =Yoo < Wm 1 X {15125

where Lico1 and Lipoy are the coherence of the column and row spaces of X.

REMARK 2.3. Recently, Budzinskiy [5, Theorem 3.4] proved that under the condition k > r >

%, there exists a matrix Y € R™*™ of rank no more than r such that

ke
| X =Y < \/ﬁm | X Wizt

10



Relative to Budzinskiy’s theorem, Theorem 4 widens the admissible range of v at the cost of a
looser error bound. In practice, we can trade off rank versus accuracy according to the task
at hand. Our proof shows that Y can be constructed based on a significantly sparser matrix
Q, yielding substantial savings in storage and matrix—vector products compared with the dense
approximation proposed in [5].

2.3 Sparse a-sub-exponential concentration

In this subsection we establish a concentration inequality for random vectors with independent
a-sub-exponential coordinates; such bounds are widely used [30]. The derivation is standard, so
the proof is relegated to the appendix.

THEOREM 5. Assume that {6;,1 < i < n} and {(;,1 < i < n} are two independent se-
quences of random variables, where 0; ~ Bernoulli(p) are independent and (; are independent

a-sub-exponential random variables with mean 0 and variance 1. Consider a random vector
E= (&, -, &) with& = 0;- (. Let A be an m x n fixed matrix. Then for 0 < o < 2andt > 0,

P{lIacl = vBlAle] > 2t} < 2o { - ctoymin { ()™ (g )} }

where L(a)) = max; ||G||w,, and c(c) > 0 is a constant depending only on c.

REMARK 2.4. (i). In the case 0 < o < 1 and p = 1, Gotze et al. [13, Proposition 2.1] proved
that

P{|l14¢ll2 - 1 Allr| > L2(@)t |

<2exp { — ¢(a) min { 270352 ( t )a}}
IANENANR 1Al

Compared with their result, Theorem 5 gives an improved tail probability due to that
ANz 1, < AN AN -1,
(ii). In the case o = 2 and p = 1, Rudelson and Vershynin [30, Theorem 2.1] proved that
9 ct?
P{|4¢lle — | Allr| > L2(a)t} < 2exp{ - ——}. @1
AN,

Theorem 5 recovers this result in the case oo = 2 and p = 1.
REMARK 2.5. When o = 2, we have the following inequality:
I€illws < 16illw,]|Gillw, < Llog™/2(1+4p7h),

where L = max; ||(||w,. This implies that & is a sub-Gaussian random variable. Consequently,
we can derive a result of the same type as in Theorem 5 from (2.1).
In particular, Rudelson and Vershynin’s result gives us:

_clog?(1+p~)pt? }

1AJl7

lg%lg

B ({41 — pllAl3] > 12t} < zexp{

Compared to this result, Theorem 5 provides a better tail probability when p is close to 0. This
serves as a good example to illustrate why we study sparse Hanson-Wright type inequalities.

11



3 Preliminaries

3.1 Tails and Moments

In this subsection, we first introduce the following lemma, which provides the link between L,
estimates and tail probability inequalities. Although such type results are by now common, we
give a brief proof for the sake of reading.

LEMMA 3.1. Let £ be a random variable such that for r > rg
m
I€llz, < CurP* + Conga,s
k=1

where Cp, -+ ,Cpy1 > 0and By, -+, Bm > 0. Then fort > 0,

r Comin {(ZNYB (LB,
P{Ie] > e(mt + Ci)} < e exp (—min{(5)""" - (5)7).
Proof. Define the following function:
YRR b \YBm
f(t) Z:mln{(a)l/ 1,“'7(077,1)1/ }

If f(t) > ro, then
m
||£||Lf(f,) < Z Ckf(t)ﬂk + Cmy1 < mt + Crpgr.
k=1

Hence, Markov’s inequality yields
P{I€] > e(mt + Cmyn)} < P{IE] > el } < e /.
As for f(t) < ro, we have the following trivial bound
P{|¢| > e(mt + Crny1)} <1 < e O,
Hence, we have fort > 0

P{|¢| > e(mt + Cpy1)} < e0e /O,

The next lemma estimates the r-th moments of random linear and bilinear sums.

LEMMA 3.2 (Theorem 1.1 in [17]). Let &1, - - - , &y, be independent symmetric random variables
with log-convex tails, i.e., log P{|&;| > t} is a convex function for t > 0. Then for r > 2

Se| = (SEar) - vr(SEe)
- Ly - -

12



In the following lemmas of this subsection, we assume that &1, -+, §, i Ws(a) and A =

(@ij)nxn is a fixed symmetric diagonal-free matrix. Assume further that §; is an independent copy
of &,1 <i<n.Forany 1 <« < 2,let o* be its conjugate exponent, i.e., 1 /o + 1/a* = 1.

LEMMA 3.3 (Theorem 6.1 in [3]). In the case 1 < a < 2, we have for r > 2
IS aids]| =ar™ 21 Ale+ 71l Allos, + /) Al 1
i, "

+ 7-(044—2)/201“14H12ﬁ\l&* + 702/OLHAHIQHIQ*7
where || Al|;,. ) is defined in (1.9).

LEMMA 3.4 (Example 3 in [21]). In the case 0 < o < 1, we have for r > 2

| S ausss |, =arlAlle + Al + 2 Al + 17 A
i.j "

By employing a similar argument as in [31], we can derive the following simplified result from
Lemmas 3.3 and 3.4. For ease of reference, the proof is provided in Appendix C.

COROLLARY 1. In the case 0 < a < 2, we have for r > 2,

| S aeds]|, SorZlale+r ) Al
i '

3.2 Decoupling inequality

Decoupling is a technique of replacing quadratic forms of random variables by bilinear forms.
The monograph [9] systematically studies decoupling and its applications. In this subsection, we
introduce a classic decoupling inequality as follows:

LEMMA 3.5 (Theorem 3.1.1 in [9]). Let F : RT™ — R™ be a convex function and A = (@ij)@xn
be a diagonal-free matrix. If {&;,1 < n} is a sequence of independent random variables and &; is
an independent copy of &;, then there exists a universal constant C' such that

EF(} Z aijfifj‘) < EF(Q Z aijfiéj‘)- (3.1)
%,J 1,J

REMARK 3.1. If, moreover, A = (a;j) is a symmetric diagnal-free matrix, then (3.1) can be
reversed, that is,

EF(%‘ %:aijgigj|> < EF(} Z aijfz‘fj‘).

1]
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3.3 Contraction principle

In this subsection, we present a well-known contraction principle in Banach space. This princi-
ple enables the extension of results from Weibull random variables to a-sub-exponential random
variables.

LEMMA 3.6 (Lemma 4.6 in [25]). Let F' : Rt — R™ be a convex non-decreasing function.
Assume that {n;,i < n} and {§;,i < n} are two sequences of independent symmetric random
variables such that for some constant K > 1

P{lnl >t} < KB{lg| > 1}, i<n, t>0. (3.2)

Then, for any sequence {a;,i < n} in a Banach space (A, || - ),

EF(H éaimu) < EF(KH ému).

REMARK 3.2. If{n;,i < n} and {&;,i < n} are two sequences of independent centered random
variables satisfying (3.2), the result in Lemma 3.6 is still valid by a symmetrization argument.
Indeed, let 1); be independent copy of n;, 1 < i < n. Then, Jensen inequality yields

EF (]| éaimu) —EF (| éai(m‘ i)
<BF (| 3wt =) <P (2 neonl)

where {e;,1 < n} are independent Rademacher variables. On the other hand, by the convexity of
F

BF (2> aeiml|) <BF (2] Y aieitn —)||) < BF (4] 3 aimi]).
=1 =1

— i— i=1

Hence, we have
n n n
EF (| amil|) < EF (2] Y aizin]|) < EF (4] > ami]).
i=1 i=1 i=1

3.4 Concentration inequality

In this subsection, we shall introduce Talagrand’s concentration inequality for convex Lipschitz
functions.

LEMMA 3.7 (Corollary 4.10 in [24]). Let &1, - - , &, be independent random variables such that
|&| < K forall 1 < i < n. Assume that f : R™ — R is a convex and 1-Lipschitz function. Then
fort >0

P{‘f(gl, ,fn) —Ef(fl’... ’gn)‘ > Kt} < 4€_t2/4,

14



3.5 The sparse Bernstein inequality

In this subsection, we introduce the following sparse Bernstein inequality in a-sub-exponential
random variables, 0 < a < 1. With this property, one can estimate the diagonal sum of the
quadratic forms.

LEMMA 3.8. Assume that {0;,1 < i < n} and {(;,1 < i < n} are two independent sequences
of random variables, where ¢; ~ Bernoulli(p;) are independent and (; are independent centered
a-sub-exponential random variables. Let a = (a1, - - - , an) be a fixed vector. Then for 0 < o < 1
andt >0

t2

- . / a
IP’{\ ;ai&@\ > t} < 2exp ( —c(a) mm{L(a)Q(Zi o)’ (L(a)llaHoo> });

where L(a) = max; ||(i||w, and c(«) is a positive constant depending only on c.

REMARK 3.3. (i). This property, though likely known in the literature, was explicitly stated and
proved using a combinatorial approach in He et al. (see Theorem 3 in [15]). In Appendix D we
present an alternative, more concise proof.

(ii). For0 < a < 1andt > 0, it holds (see Corollary 1.4 in [13])

" 2
t t a
IP’{ a;G; zt}SZexp(—c(a)min{ ,( ) })
‘ ; “ L(a)?[al}" \L(e)[lall
Hence, Lemma 3.8 recovers this classical result whenpy = --- = p, = L.

4 Proofs of main results

4.1 The sparse Hanson-Wright inequality for 0 < o < 2

We begin by proving Theorem 1 for the special case where matrix A has zero diagonal elements.

PROPOSITION 4.1. Assume that {0;,1 < i < n} and {(;,1 < i < n} are two independent
sequences of random variables, where 6; ~ Bernoulli(p;) are independent and (; are independent
centered o-sub-exponential random variables. Consider a random vector § = (&1, -+ ,&,) with
& = 0; - G. Let A = (aij)nxn be a symmetric diagonal-free matrix. Then for 0 < o < 2 and
t>0,

) 12 ¢ N
P AL 2 0} < 2exp ( —cla) mm{L(a)4 i O5Pip; (L(a)2\|A||12—>zg) /2}>’

where L(«) = max; ||(;||w,, and c(«) is a positive constant depending only on c.

Proof. Let Ez =0; 52 for 1 < i < n, where {Si, 1<i<mn}and {@, 1 <i < n} are independent
copies of {6;,1 <i <n}and {(;,1 < i < n}, respectively. Lemma 3.5 yields for r > 1

1€ ALz, S IIET A€ L, ,
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where £ = (&1, ,&,). Letn1, -+ ,nn g Ws(a),0 < a < 2, and denote by 7; the indepen-

dent copy of 7;, 1 < ¢ < n. Using the conditional probability and Lemma 3.6 twice, we have for

r>1
)l/r

€74/ L@ P, = (BeBe 7y 6 Yt
(EE 57;‘ 253773 Z%fz )w S Hzaiﬂsmz’gﬁjHLr
1,]

Corollary 1 yields for r > 2

ST ror ~\r/2
En,ﬁ‘ Zaij5i77i5j77j| <Ci(a)"r /2(Za?j5i6j>
%,] i
+ Co(a)"r™ % (aij6i05)nxalll, ., (4.1)

where [, 7 means taking expectation with respect to 7;,7;,1 <7 < n. ~ . ~
Let A = Diag(dy,- - - , 6, ) be a diagonal matrix with entries 61, - - - , d,,, and A = Diag(dy,--- ,dp).
As for the second term on the right side of (4.1), we have

H(aijéiéj)nxn”bﬁb = HAAAHlQle < HAHZQ%QHA”lzﬁleA”lzﬁb < [|Alliz -

We next turn to bounding the first term of (4.1). Note that, f(z1,- - ,xn) = /> ;a?z? isa

convex and Lipschitz function with || f||Lip = max; |a;|. Hence, Lemma 3.7 yields for t >0
Z Z z\1/2 Z Z z\1/2 Z N 2
Pg{‘( 52 afjéj) / - E(g( 51 afjéj) / ’ > mlax( a?jéj)lﬂt} < 4e t /4,
i J i J J

where P5 and E5 mean taking probability and expectation with respect to é1,--- ,d,. Then, a
direct integration yields for r > 1

(E(S‘ 25 Z 1/2 )1/7“
<Es( Zé Zamé —|—\/?mzax(z a?jgj)1/2.
J
Zawpl 24 \/;max(z a?j)lﬂ. 4.2)
J

It is obvious to see that

max(}_ a2)"? = Al < |41
J

Using Lemma 3.7 again, we have for ¢ > 0

P{‘( > aZpidy) ' —E(D fa?jpz-gj)l/z) > max() a?jpi)l/zt} < de P/,
. T J 3
] 2,] (2
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Then forr > 1
1 2 2
Zaszz 2|, SE( Za”pz + \/ijax(z %)V
7
Z aZpipj) " + Vrl Al (4.3)

By virtue of (4.2) and (4.3), we have forr > 1
\/;H(Za?j‘sigj)l/2’ IS W(Za?jpipj)l/2 + 7[| A1y -1, (4.4)

i,9 i,J

As 0 < a < 2, we can absorb the last term above with -2/ || Allz—1,- Combining (4.1) with (4.4),
we have for r > 2

I Z aij0imid;il; HLT Sa VT Z a”pzpj S ANl -1

Hence, we finish the proof by Lemma 3.1 and ad] usting the universal constant. O
Now, we are prepared to prove Theorem 1.

Proof of Theorem 1. By the triangle inequality, we have for r > 1

16T Ag —BeTA¢||, <D ai&&ill,, + 11D aul€ —EE),, -
i#j i
Proposition 4.1 yields that
H Z ai;&i&;/ L(a HL ~o T( Z a?jpipj)lﬂ + 7"2/a||A”lz—>lz- 4.5)
1#£j i#£]

Let &; be an independent copy of &;, 1 < i < n. Note that
Hzau E = Hzau 52 Egl . §2HZG115161<22HLTa
i

where €1, - - - , £, 18 a sequence of i.i.d. Rademacher random variables. Due to that
B{leic?| > L)t} < P{IG] > L)V} < 2¢",
Lemma 3.8 yields that
I Z ai (6 —BE) /L), Sa V(D aips) + ¥ maxas]. (4.6)
i

By virtue of (4.5) and (4.6), we have
(7 A¢ —E€TA€)/L(e)?||

1 2
'\’O‘\[ Zaljplpﬂ + Zaupl / + TZ/QHAH12%127
7]

where we use the fact max; |a;;| < ||A|1,—1,. Hence, the desired result follows from Lemma
3.1 O
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4.2 An improved sparse Hanson-Wright inequality for 0 < o < 1
We complete the proof of Theorem 2 in this subsection.

Proof of Theorem 2. We first assume a;; = 0,1 < ¢ < n. By Lemmas 3.5 and 3.6, we only need
to bound the quantity || >, ; aij0inidin;| .. Here, n1, - ,1n A Ws(a), and for 1 < i < n,

bis 7); are independent copies of &;, 7;, respectively.
Note that, for 1 <1 < n,

0, t=0
—logP{|5Zm| Z t} = o
t* —logp;, t>0

is a concave function for ¢ > 0. Hence, by Lemma 3.2, we have for r > 2
- 1/r ~ . i/r
(Ed,n‘ Z dini Z a;j0;1; ‘T> Sart/e ( sz\ Z a;j0;1; ‘T)
i j i j
< g\ 1/2
V(Yo m(Y audi)?) @.7)
( J

where Es ,, means taking expectation with respect to {d;,7;, 1 < i < n}.
Combining Fubini’s theorem with (4.7), we have for r > 2

H Z i 6:1i0;1]; HLT' = (ES,ﬁEé,n‘ Z 0ini Z @430, ‘7’) "
2,7 ! J
,Soﬂ”l/a (E Zpl’ Z aijgjf}j }7’) "
i J
AT ),
i j

where the last inequality we use the fact (a + b)" < 2"(|a|” + [b]").
Next, we turn to the terms on the right side of (4.8). For the first term, we have

(E;pz\ Zj:aijgjﬁj‘T)l/r = (ZZ:Z?Z ;aijgjﬁj ;)UT
S (Zpi((ZElamSmjl’“)”’" + \/;(ZE|‘WSJ'T~’J'|2)1/2>T)1/T
i J J
<. T1/a<z |aij|rpipj)1/T + \/;(sz(z a?jpj)r/2>1/T7
i J

, (4.8)

T

i?j
where we use Lemma 3.2 in the second step and use the triangle inequality in the third step.

For the second term on the right side of (4.8), note that for g1, -, gn Ml N (0,1) and
ai, - ,an €R

HZaigi 5 xﬁ(za?)l/z

r
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Hence, we have by Lemma 3.2
E (7“ > P} aijgjﬁj)zyﬂ
i j
< C"BE, (Y- v Y aidiy)|
i j
=C"EE; ( Z 0,1l Z aij m.%)r
<Ci(a ( T/a ZPJ Z aij/pigi| + 1" Zpa Z aij\/pigi) m)

< Cyla)” ’”/a””Zp Z%pz + Cs(a (Zazg\/pnggzgj) :

where g; is an independent copy of g;, 1 < j < n. Note that g; are also sub-gaussian random
variables. Hence, we have by Corollary 1 and Lemma 3.6

~ 1/2
H > aij/Pipi9idj HL S \/77< > a?jpipj) + 7l[(@ij/PiDj ) nsxnli—1s-
ij " ij
Up to now, we have proved for diagonal free symmetric matrix A

H Z aij 6101l HL < 1 ( Z |aij Isz'pj) v + rl/2H/e ( ZP@' ( Z a?jpj)Tﬂ) v
" r i i J

)

) 1/2
+ 7||(aij/PiDj )nxnlliy -1, + \/’7”< Z aijpipj) :

,L"j

Note that for > 3, by Young’s inequality, we have

( Z |lai; !sz'pj> v < max |a;;| "2/ ( Z a?jpz’pj) "
[2¥}

— (627"/(7"72) H%%X‘GU ) r=2)/r (Zaz]png 2r>1/r
< # (/2 max|ay )+ - ( ; apipse ™) v
<Al +o (Y atmns)

Similarly

(Zp’ Z aZp; 7‘/2) 1T < e max (Z a?jpj) v +e " ( Z a?jPin) 1/2.
J 0]
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Note that the e " factors we introduced will eliminate the 2/, 71/2+1/ factors in the correspond-
ing terms. Hence, we have for r > 3

L 1/2
| S wssindsi ], Sarale + /2 mae (3 )
i.j ’ J

) 1/2
+ rl[(aij/PiDj nxnlliz—1s + \/7“< Z az’jPin) : (4.9)
i?j
For a general symmetric matrix A, we only need to estimate the diagonal case. Following the
same line as in the proof of Theorem 1, we have

HZau@ EEH)/L(0) ], Sa vi(Y akp)* + 1% max|asl.  4.10)

Combining (4.9) with (4.10), the desired result follows from Lemma 3.1. ]

S Proofs of applications

5.1 Proof of Theorem 3

Although Theorem 3 is not a literal corollary of our main theorem, its proof follows the same
roadmap we developed for Theorem 1; thus it can be viewed as an application of our techniques.
Before prove Theorem 3, we first show the following properties.

PROPOSITION 5.1. Let § € R% and B € R¥™ as in Theorem 3. Let A = Diag(as,--- ,aq) be
a diagonal matrix. For any r > 1, we have

(E|BT - Diag(6) - A- Diag(s) - BJl3:) """
SB[ Allis 1, (IDiag(y/p1, -+ v/Pa) - Blle + 72| Bl )
Proof. Note that
IBT - Diag(6) - A - Diag(6) - Bl
<|[B" - Diag(3) - V'A|| 11, - | VA - Diag(6) - B||p
<[|Blliyt5 - |V Alliyst, - VA - Diag(6) - Bl r,

where VA is a (complex) diagonal matrix such that VA VA = A. Talagrand’s concentration
inequality (Lemma 3.7) yields that

P{||[VA- Diag(s) - B|l - E||VA - Diag(3) - Blp| > t}
t2

<2exp{— 1.
(H\/ZHZ2*>Z2 : HBHZQ%OO)2

We finish the proof due to that
E[VA - Diag(6) - B||r < (E|[VA- Diag(6) - B|3)"”
< VAl 11, - |IDiag(y/p1, -+ 5 v/Pa) - Bl p-
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PROPOSITION 5.2. Let § € R% and B € R¥™™ gs in Theorem 3. For a fixed vector x € R4,
denote A = xx". For any r > 1, we have

. . ry\1/7
(E|BT - Diag(d) - A~ Diag(d) - Bl[#) """ < [ BI3 -, 213
Proof.

|BT - Diag(6) - A - Diag(6) - Bllr
=||BT - Diag(z) - 66 ' - Diag(z) - B||r
=||B" - Diag() - 83 < || BIlf, 1, | Diag(z) - 0[13 < [|BIF,—1, l]3-

Proof of Theorem 3. For each fixed 6, we can rewrite

s)T

R T
0T (E %) = - Z [X(s) AG,pX(S) —E(x( AQ,pX(S)):|
s=1

n
s=1

= éTBTDiag(S)/l&pDiag(S)Bg — EETBTDiag(S)A&pDiag((S)B{.
Here
5: (g(l)T’ . ,€(n)T)T c Rmn, B — Dlag(B, B, . ,B) c Rdnxmn’
((5(1)T7 o 75(7~L)T)T c ]Rdnxdn7 Ae,p _ Diag(Ag,p, o 7A9,p)/n c Rdnxdn

S
I

Hence, by virtue of the decoupling inequality and Corollary 1, we have for r > 1
167 (S = )0z, Sa €7 B Diag(s)Aq,,Diag(8) Biill .,
Sa v/ (E|[ BT Diag(8) Ay, Diag(3) B|r) "
+ % (E|| BT Diag(8) Ay ,Diag(5) B}, _,) """, 5.1)

where 7 is an independent copy of é .
For the first term on the right-side of (5.1), we have

e 1 & o o 1/2
|8 Diag(8) Ag,,Diag(5) B » = (ﬁ 3" B Diag(5(*)) Ag ,Diag (5" >)B|y2F>
s=1

Note that
1 1.7 . 1 1.+ .
Agy= (80 )0 )T~ Diag((#o )00 )T) + Ding(dsy). (5.2)

Hence, we can split the above boundary into two parts according to the division of Ay, the
boundary formed by (6 o %)(0 o %)T and the boundary formed by Diag(Ay ) — Diag((f o %)(9 o
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%)T). Propositions 5.1 and 5.2 yield that, || B Diag(d) Ag ,Diag(8) B|| r is a sub-gaussian random

variable with sub-gaussian norm

: 1 1
K1(0) = | Bllty-1, - (Diag(v/pr, - -+, v/Pa) - Bllr + [ Bllip-1,) - [[(6 0 2;)(9 ° ];)Tllzg—nz
. 1
= Bl - (Diag(v/p1, -+, v/pa) - Bllp + [|Blli-15) - [0 0 ];H%

Hence, Bernstein’s inequality yields that
1 — , 5 . s . s : s
P{|- > (118" Diag(s)) Ag,Diag(s)) B|[3~E| BT Diag(5) Ag ,Diag(6) B} )|

> K1(0)2t} < 2exp{—cmin{n®2, nt}},

implying that

2/

1 & ' . ] s T/2\ 2/r 1 . B . s
(E(— Y_ 1B Diag(6)) Ag,Diag(8)BII}) )" S ~E|B Diag(d*)) Ag,Diag(s") B[}
s=1

r T
+ () PRH6) + 5 K30)

Hence, by virtue of (5.2), the first term on the right hand side of (5.1) can be further bounded by

IVV2E(0) + (=34 KL (0) + — K1 (6

(E)2Ea(8) + (2 )1 (6) + ~ K (6),

where

TDiag(s) e B2
Ks(0) = (EHB Diag(6()) Ay ,Diag(6 )BHF) .

For the second term on the right-side of (5.1), we have

| B Diag(5) Ag ,Diag(5) Bll, 1, < ~IBIE iy [0l ot

Hence, we have forr > 1

KQ(Q)’FI/Q Kl(G)T3/4 K1(9)r2/°‘

107(E —2)0l|z, Sa

Vn n3/4 n ’
implying that
. £1/2 £3/4 £2/a
T J— [ —_— —_—
P{\e (5 -n)0] > =sup Ko(0) + - sup Ki(0) + — zggm(e)}
o Ky(0)tY/2 K (0)t3* K (0)t* _
< T — < p—cla)t
SHGEIE T o | e,
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where ¢(«) is a constant only depending on c.
For the set €, there exists an e-net A/ of 2 such that, for e € (0,1),

ed

)< (=

€ ck

)-.

Hence, for any 0 € (), there exists a 8’ € N satisfying

0TE -0 <|(0-0)(E-2)0+0T(E-2)0-0)|+ |07 (E - %)
< 2esup ‘0 D= )6 + ‘HIT(E - ).
0eQ

Due to the symmetry of S - >, we have
o~ 1/, ~
i1 (S - %)0 = 7((9 FOTE-2)0+6)—@-6)T(E-%)0 - 9)).

Note that ||§ = || < 2. Hence, we have

sup‘@T S Y) 0‘ < 4£sup‘0T > 9‘ + sup ‘H'T S - 2)0/‘
6eQ 0'eN

Taking ¢ = 1/16, we have

IP){?) sup ‘OT S-%) )6| > —supK (0) + e sup K1(0) + ﬁsupK (9)}

4 9cq \F S9) ? n3/4 SY) ' N e !

<[P{ su |0'T g 0)¢'| > —Su Ky (0) + e sup K1(0) + ﬁSu K (9)}
H/GR/ \f 968 ? n3/4 968 ' n 068 !

<|IN|2e 4 < 2exp(—c(a)t + klog(48ed/k))

We conclude the proof by taking t = (u + klog(48ed/k))/c(c).

5.2 Proof of Theorem 4

Proof of Theorem 4. Let Q = [Q1,--- , Q,] € R**" be a random matrix with independent copies
of r=25 0 ¢, where § ~ Bernoulli(p) and ¢ is a centered sub-gaussian random variable satisfying

l€]lw, < 1 and E€2 = 1. The random variable § is independent of ¢ and 0 < p < 1.

Let X = UXV T be the thin singular value decomposition of X, where U € R™** 3 ¢ RF*F

and V' € R™**_ Define the following matrices
US2=U=[af, )", VEV2=V =0 5]

Then we have

a0, = Xij, Eu,QQ'v] =p- Xy,
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where 1 < i <mand 1 < j <n. We rewrite ﬂiQQszjT as a quadratic form

14,QQ 0] =vec(Q)" - (I ® @} ;) - vec(Q),

where vec(Q) = | Ij ~-,Ql]"T € R¥ and ® is the Kronecker product. Then, we have by
Theorem 1
242
rot rt
IP{ a-QQTﬁT —p- Xii| > t} < 2exp ( — ¢min{ — ) ~T = }
| i j U‘ ( pHIT(X)uZTUjH% HIT®UZTUJ'H12—>12
rt? rt

SQexp(—cmin{ })

pllal3lo;13" a2l
To obtain the first inequality, we use the following fact:
PPy al+p) ai<p) ay.
i#] i i,J
Hence, we have for ¢t > 0

_ _ e -
P{\U,QQTU]T —p Xy > HuiHQHUngt} < exp(—ermin{ -, ).

Then by the union bound, we have

_ . kt
P{ nzlf;x ‘UZQQTUJT — D Xij‘ > W\/ Heolbrow ||X||l2—>l2}
2
<mnexp(—crmin{—,t}).
p

Assume that
p 1
ga g}a

then with probability atleast 1 —n,for1 <i<mand1 <j<n

mn
r > log — - max{
n

Lo S ATT kt
X5 = H8QQ 07 | < 2o eattron - [ X izt
The desired result follows by setting Y = (Y;;) such that Y;; = %ﬂiQQTﬁj—'r- N
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A Proof of Proposition 1.1

Proof. Let7j = (1, ,7,) " be an independent copy of 7. Lemma 3.6 and Remark 3.2 yield for
r>1

In" An—En" Anllz, < [In" A7l
By virtue of Lemma 3.4, we have for r» > 2

0" Az, =avFI Al + 7l Al
2 s (37 a3) Y 4+ 1 Al = (A )
J

Hence, for » > 2, we have by the Paley-Zygmund inequality

C ()
2

o1 _
P{In" An—En" An| = = f1(A ) | = P{n" Aql = Sln" Az, }

> (1-— 2r)2(m)2r > e
- InT AdllL,, /2

Y
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where in the last inequality, we use Lemma 3.4. If we lower bound e~ (®)7 by e=1(@)(r+2) thjg
inequality is valid for all » > 0. Hence, we have for ¢ > 0

]P’{MTATI - EnTAm > 012(05)(]01 (A,t)} > 67201(04)67@(04)15

)

N =

which immediately yields the desired result. O

B Proof of Theorem 5

Proof of Theorem 5. Without loss of generality, we assume L(a) = 1. Note that E||A¢||3 =
p||A||%. Hence, Theorem 1 yields for u > 0

p{|l14¢113 - pllallz| > ¢}

t2 t /2
<2expq — c¢() min , . B.1
<20 { el min e ()" ®D

Take t = upl|| A%, u > 0, and note that
IATAllp < |Allsi | Alle, AT Al = Al 0,
Then, (B.1) yields that

P{|Il4¢1 — pllAIF| > upllAlF}

wpl Al upllAl% \a/2
: 39 (B.2)
AN (IIAII?ﬁlQ) }

Let u = max(J,62),6 > 0. Then, the event

<2exp { — ¢() min{

{[14¢03 - plAIF| < upllalz}

implies the event

{[14¢ll2 = vallAlF| < 5vplAlR},

due to the numeric bound max(|z — 1|, |z — 1|?) < |22 — 1],z > 0. Note that 62 = min(u, u?),
then we have by (B.2)

P{|I4¢l: - vallAllr| > 5vBllAllr}
5°pllAll% (5217”14”%)04/2}}_
T, TATE S,

<2exp { — ¢(a) min{

We finish the proof by taking ¢ = 6,/p|| Al .
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C Proof of Corollary 1

Proof. We first consider the case 0 < o < 1. Note that
[Alloe < [[All1>10 < (1 Allip—to-

Therefore, in this case, Corollary 1 can be immediately deduced from Lemma 3.4.
We next turn to the case 1 < o < 2. In this case, note that

[All1a—10e < [Al—t0e < (1Al -1
Hence, to finish the proof, it is enough to prove for 1 < a < 2
r Al gy < 7PN AlE + 7] Al

Define the following set for 1 < o < 2
n n
1(r) = {(wy) = (aagiy) € RV [l < max By <1}
1=1 J=1
We have the following relation
PN Al ) = sup {0 agi; ¢ (zi) € I(r)}.

0]

Indeed, on the one hand, we have

sup Z aij2iyi; < sup Z Z; sup Z aijYi; < 7“1/0‘||A|]la* (12)-
(zij)€l(r) 55 (=) 75 (vig) 5

On the other hand, letting

a;j TI/Q(Z?Zl a?j)(a*fl)ﬂ
Yij = ~—=n 31730 2= 7~ 7 —T1/a
’ (Zj:l a%j)lﬂ (Zi:l(ijl a?j) )Y

yields the inverse inequality. Define another subset of R"™*"
n n
: 2 2
I (r) = {(zy) = (ziyy;) € R™": Z;mln{‘ziwjzi} < Z.:Hff‘_?fnz:lyij <1}
1= j=

Obviously, I(r) C I;(r). Given any (z;) and (y;;) satisfying the conditions of I; (r), we have

n

1> agmyi] <3123 a2) A3 w2) Y < S 1ail(Y] a)
0. i—1 =1 i—1 =1

=1

<Y Lzl <y (D a) / + > a1y (D afy) /
i=1 j=1 i=1 j=1

<IANp(Y 2T <1y) Gt Al Y 12l 2 513
=1 i=1

<r'2|| Al + il All iy

This completes the proof.
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D Proof of Lemma 3.8

Proof. Letny, - ,np - Ws(a), 0 < a < 1. Note that, for 1 < i < n,
0, t=20
—log P{|d;n;| >t} =
—logp;, t>0

is a concave function for ¢ > 0. Hence, Lemma 3.2 yields for r > 2
1
1Y aidimi||,, = /(D pilail") o V() pia)'?. (D.1)

Here, we use the fact ||71]|z, = r!/®. As for the first term on the right side of (D.1), we have for
r>3

1
sz|a1] / <max|a|r 2/ sz a; /T
i
_ —opy 1
:(627"/(7’ 2)m?X‘a Zpl 2 2r /T

r—2 _ o 1/2
< - (62r/(r z)max‘az‘ szz 2r) /

< e¥lafloo + e~ sz 212,
This result with (D.1) yields for r > 3,
H ZM@WHLT Sa \/77“(231%‘6%2)1/2 + Tl/aHaHoo
i i

Fort > 0and 1 <7 < n, we have
P{[6:Gi| > L(a)t} < 2P{|6imi| > t},
where 51 is an independent copy of §;, 1 < i < n. Hence, Lemma 3.6 yields for r > 3

1D aisiGi/L(@)l,,, S D aidimill, Sa vVrQQ_pia)"? + Y% alls

Then, using Lemma 3.1 and adjusting the universal constant yield the desired result. O

E Supplement to Theorem 3

In this section, we shall give a detailed expansion of E|| BT Diag(6(1)) A ,Diag(6(1)) B||% appear-
ing in Theorem 3. For convenience, assume that B = (b;;)axm and Ag, = (aij)dxad-
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Note that

m om d d d d
= Z Z 2 Z Z Z 01b1i a1k Ok brjOpbyp; ApgOgby; -

In order to calculate the expectation of the above random variables, we need to make the following
classifications based on whether the indicators [, p, k, and ¢ are equal.

¢ All indicators are different.
L={(pkq):1<Il#p#k#q<d}.

* Only two indicators are equal.

L={(pkq:1<l=p#k#q<d}, Lzy={(lpkq:1<l#p=k#q=<d}

Ie={(,pk,q): 1<l=q#p#k<d}, Ir={l,pkq):1<1l#p=q#k<d}.
* Only three indicators are equal.

Is={(,p,k,q):1<l=p=k#q<d}, Ly={(l,p,k,q):1<q=p=k#I1<d},

110:{(l7p7kaQ) : 1§l:q:k7ép§d}7 111:{(l,p,k>Q)1§l:p:q#k§d}
* All indicators are equal.

Ly ={(l,p,k,q) : 1 <l=p=q=Fk<d}

Hence, we have

E|| B Diag(5™") Ag ,Diag(6") B[ =Y > Y " Qu(i. ).
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Here,

. . 1
Qu(i )= Y biibhbrbribp0pobei,  Qa(i.5) = > —biitibkbiby0,04bg;,

(Lkp.q)ElL (Lkpa)els Tt
. 1 . 1
Qs(i,j) =Y —bibiOkbrsbp0pfobgi,  Qalirg) = > —bibibrbi;iby;Opbgby;,
(Lk,p,g)€ls k (1,k,p,q) €14

. . 1
Qs(ig) = Y. biibiOkbibp0pbsbaj, Qo(i,) = > —biiibrbi;bp;0p04bg;,

(L,k,p,q)€ls (L,k,p,q)€ls P
o o 1
Qr(id) = Y biibiOkbibp0psbas, Qs(i,) = > —biiibrbi;bp;0p04bg;,
(Lk,p,q)€l7 (L,k,p,q)€ls P
.. 1 .. 1
Qo(i, ) = Z — b1 010br by 0p04bg5,  Qr0(i,J) = Z —by;010b1j by 0,004,
(l,k,p,q)elg Pk (l,k,p,q)e[lo

.. 1 . 1
Quli,g) = Y. —bibibibribpiOpbobyy, Qua(i,5) = Y —biitibibi;iby;Opbybe;.
(Lkpa) €l ! (Lkpg)ED
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