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VON NEUMANN ENTROPY PENALIZATION AND LOW-RANK
MATRIX ESTIMATION

BY VLADIMIR KOLTCHINSKII1
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We study a problem of estimation of a Hermitian nonnegatively definite
matrix p of unit trace (e.g., a density matrix of a quantum system) based on
n i.i.d. measurements (X1, Y1), ..., (X, Yy), where

Yj:tl’(pXj)-f—%_j, j=1,...,n,

{X;} being random i.i.d. Hermitian matrices and {§;} being i.i.d. random
variables with E(§;|X ;) = 0. The estimator

n
pf = argmin[n_l Z (Yj - tr(SXj))2 + etr(Slog S)]
SeS j=1

is considered, where S is the set of all nonnegatively definite Hermitian
m x m matrices of trace 1. The goal is to derive oracle inequalities show-
ing how the estimation error depends on the accuracy of approximation of
the unknown state p by low-rank matrices.

1. Introduction. Let M, (C) be the set of all m x m matrices with com-
plex entries. In what follows, tr(S) denotes the trace of S € M, (C), and S* de-
notes its adjoint matrix. Let H,,(C) be the set of all Hermitian m x m matri-
ces, and let S := {§ € H,(C): S > 0, tr(S) = 1} be the set of all nonnegatively
definite Hermitian matrices of trace 1. The matrices from the set S can be in-
terpreted, for instance, as density matrices, describing the states of a quantum
system. Let X € H,,(C) be a matrix (an observable) with spectral representa-
tion X = 3% A;Pj, where }; are the eigenvalues of X and P; are its spec-
tral projectors. Then a measurement of X in a state p € S would result in out-
comes A; with probabilities tr(oP;) and its expectation is E,X = tr(pX). Let
X1,..., X, € H,(C) be given matrices (observables), and let p € S be an un-
known state of the system. An important problem in quantum state tomography is
to estimate p based on the observations (X;,Y;), j=1,...,n, where Y1,..., Y,
are outcomes of measurements of the observables X1, ..., X, for the system iden-
tically prepared n times in the state p. In other words, the unknown state p of the
system is to be learned from a set of linear measurements in a number of “direc-
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tions” X;, j =1,...,n [see Artiles, Gill and Guta (2005) for a general discussion
of statistical problems in quantum state tomography]. In what follows, it is as-
sumed that the design variables X1, ..., X,, are also random; specifically, they are
1.1.d. Hermitian m x m matrices with distribution IT. In this case, the observations
(X1,71),...,(X,, Y,) are i.i.d., and they satisfy the following model:
Yj:tr(pXj)-i-Sj, j=1,...,n,
&j,j=1,...,n,being i.i.d. random variables with E(§;|X ;) =0, j=1,...,n.

A typical choice of the design variables already discussed in the literature
[see Gross et al. (2010), Gross (2011)] can be described as follows. The linear
space of matrices M, (C) can be equipped with the Hilbert—Schmidt inner prod-
uct, (A, B) :=tr(AB*). Let E;,i = 1, ..., m2, be an orthonormal basis of M,, (C)
consisting of Hermitian matrices E;. Let X;, j =1, ..., n, be 1.i.d. random vari-
ables sampled from a distribution IT on the set {E1, ..., E, 2 }. We will refer to this
model as sampling from an orthonormal basis. Most often, the uniform distribu-
tion IT that assigns probability m 2 to each basis matrix E; is used. Note that in
this case E[(A, X)|?> =m™2||A|)3, where || - [l2 := (-, -)!/? is the Hilbert-Schmidt
(or the Frobenius) norm.

The following simple example is related to the problems of matrix completion
extensively discussed in the recent literature; see, for example, Candés and Recht
(2009), Candes and Tao (2010) and references therein. More precisely, it deals
with a version of matrix completion for Hermitian matrices; see Gross (2011).

EXAMPLE 1 (Matrix completion). Let{e;:i =1,...,m} be the canonical ba-
sis of C". Then the set of Hermitian matrices {E i : 1 < j, kK <m}, where

1
Ejj::ej®ej, j=1,....m, Ejk2=—2(€j®ek+€k®€j),

v

Ekazé(ej@)ek—ek@ej), jk=1,...,m,j <k,

forms an orthonormal basis of H,, (C). Here, and in what follows, ® denotes the
tensor product of vectors or matrices. For j < k, the Fourier coefficients of a Her-
mitian matrix p in this basis are equal to the real and imaginary parts of the entries
Pkj> J < k of matrix p multiplied by V2; for j =k, they are just the diagonal
entries of p that are real. If now IT is the uniform distribution in this basis, then
E|(A, X)|?=m™2||A ||%. Sampling from this distribution is equivalent to sampling
at random real and imaginary parts of the entries of matrix p.

Another example was studied by Gross et al. (2010) and by Gross (2011). It is
more directly related to the problems of quantum state tomography.

EXAMPLE 2 (Pauli basis). Let m = 2%. Consider the Pauli basis in the space
of 2 x 2 matrices M, (C): W; := %ai, where

_ (0 1 (0 —i (1 ©
=1 o) 27 o) B Tlo <1



2938 V. KOLTCHINSKII
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are the Pauli matrices (they are both Hermitian and unitary). The Pauli basis
in M(C) can be extended to a basis in the space of m x m matrices M, (C).

and

. . . . . . k
These matrices define linear transformations acting in the linear space C" = C?

[i.e., the k-fold tensor product of spaces C?: c? = (C?)®k]. Then the Pauli ba-
sis in the space of matrices M« (C) consists of all tensor products W;, ® --- ®
Wi, (1, ... 50k € {1,2, 3,4}k, As before, X1, ..., X, are i.i.d. random variables
sampled from this basis. Essentially, this is a standard measurement model for
a k qubit system frequently used in quantum information, in particular, in quan-
tum state and quantum process tomography; see Nielsen and Chuang (2000), Sec-
tion 8.4.2.

EXAMPLE 3 (Sub-Gaussian design). Another interesting class of examples
includes sub-Gaussian design matrices X such that (A, X) is a sub-Gaussian ran-
dom variable for each A € H,,(C). (Recall that a random variable 5 is called sub-

Gaussian with parameter o iff, for all A € R, Eet < e)‘z"z/ 2.) These examples
are, probably, of less interest in applications to quantum state tomography, but
this is an important model, closely related to randomized designs in compressed
sensing, for which one can use powerful tools developed in the high-dimensional
probability. For instance, one can consider the Gaussian design, where X is a
symmetric random matrix with real entries such that {X;;:1 <i < j < m]} are

independent centered normal random variables with EX 121 =1,i=1,...,m,and

EX 12] = % i < j.Alternatively, one can consider the Rademacher design assuming
that X;; =¢;;,i=1,...,m and X,‘j = %Eij,i < j, where {Sl‘jil <1i Sj Sm}
are i.i.d. Rademacher random variables (i.e., random variables taking values +1
or —1 with probability 1/2 each). In both cases, E|(A, X))? = ||A||%, A e M, (C)
(such random matrices X will be called isotropic) and (A, X) is a sub-Gaussian
random variable whose sub-Gaussian parameter is equal to ||A|l> (up to a con-
stant).

The problems of this nature belong to a rapidly growing area of low rank ma-
trix recovery. The most popular methods developed so far are based on nuclear
norm regularization. In what follows, the Euclidean norm in the space C" will
be denoted by |- |, and the inner product will be denoted by (-,-) (with a lit-
tle abuse of notation, since it has been already used for the Hilbert—Schmidt in-
ner product between matrices). We will denote by || - || ,, p > 1, the Schatten p-
norm of matrices in M, (C) (and, if needed, in other matrix spaces). Specifically,
1Al := (=) A7 (|AD)'/P, where |A| := (A*A)!/? and, for a Hermitian matrix
B, A:(B),k=1,...,m,are the eigenvalues of B (usually arranged in the decreas-
ing order). In particular, || - ||; is the usual nuclear norm and || - ||2 is the Hilbert—
Schmidt norm. We will use the notation || - || for the operator norm. Given a design
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distribution IT, we will write
I = [ (4, PTED) =E(4, X%, A €Mu(©),

where X is sampled from 1. We will often use the corresponding L, (IT)-distance
between matrices that represents the prediction error in statistical problems in
question.

In the noiseless case (i.e., when &; = 0), the following estimator of p has been
extensively studied, especially, in the case of matrix completion problems [see
Candes and Recht (2009), Candes and Tao (2010), Gross (2011), Recht (2011)
and references therein]:

p = argmin{||S|1: S € M,y (C), (S, Xj) = Y;. j = L.....n}.

Under so-called “low coherence assumptions” on the target matrix p, it was shown
that, with a high probability, o = p provided that the number n of observations is
sufficiently large. Namely, up to logarithmic factors and constants, it should be of
the order mr, where r is the rank of the target matrix p.

In the noisy case, the following penalized least squares estimator, which is akin
to the LASSO used in sparse regression, was proposed and studied [see, e.g.,
Candes and Plan (2011), Rohde and Tsybakov (2011), Koltchinskii (2011) and
references therein]:

(1.1) pf := argmin [n_l Z(Yj - tr(SXj))2 +8||S||1:|,

SeM,;, (C) j=1

where ¢ is a regularization parameter. Candes and Plan (2011) have also stud-
ied an estimator based on nuclear norm minimization subject to linear constraints
that resembles the Dantzig selector; Rohde and Tsybakov (2011) suggested es-
timators based on nonconvex penalties involving Schatten “p-norms” for p < 1;
Koltchinskii, Lounici and Tsybakov (2011) studied a modification of nuclear norm
penalized least squares estimator that requires the precise knowledge of the design
distribution.

We will study the following estimator of the unknown state p defined as a solu-
tion of a penalized empirical risk minimization problem:

(1.2) pf = argmin|:n_1 Z(Yj - ‘[r(SXj))2 + etr(Slog S):|,

SeS j=1

where ¢ > 0 is a regularization parameter. The penalty term is based on the func-
tional tr(SlogS) = —&(S), where £(S) is the von Neumann entropy of state S.
Thus the method considered in this paper is based on a trade-off between fitting
the model by the least squares in the class of all density matrices and maximiz-
ing the entropy of the state. Note that optimization problem (1.2) is convex [this
is based on convexity of the penalty term that follows from the concavity of von
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Neumann entropy; see Nielsen and Chuang (2000)]. It is also easy to see that the
solution 5% of (1.2) is always a full rank matrix; see the proof of Proposition 3.
Nevertheless, it will be shown that when the target matrix p is nearly low rank, p°
is also well approximated by low rank matrices and the error || 0% — P“%z(n) can
be controlled in terms of the “approximate rank™ of p.

One can also consider a version of optimization problem (1.2) that is further
constrained to a closed convex subset D C S of density matrices containing the
target matrix p. The analysis of such problems is exactly the same as in the case
when D = S, considered in the paper, and the results are also the same (subject
to straightforward modifications). In particular, when ID is the set of all diagonal
matrices with nonnegative diagonal entries summable to 1, and the design matrices
X are also diagonal, this allows one to deduce the results on sparse recovery in
convex hulls of finite dictionaries via entropy penalization that are akin to what
was obtained earlier by Koltchinskii (2009).

2. An overview of main results. The results of this paper include oracle in-
equalities for the L, (IT)-error of the empirical solution p*. They will be stated in
a general form in Sections 5 and 6. Here we formulate them only in two of the
special examples outlined in the Introduction: random sampling from an orthonor-
mal basis and sub-Gaussian isotropic design (such as Gaussian or Rademacher).
Assume, for simplicity, that the noise {§;} is a sequence of i.i.d. N (0, 052) random
variables independent of (X1, ..., X;;) (a Gaussian noise).

In what follows, we write f(S) := Z;'”=1 fj)(@; ® ¢;) for any Hermitian
matrix S with spectral representation S = Z’}l: 1Aj(¢; ® ¢;) and any function f
defined on a set that contains the spectrum of S.

First, we consider the case of sampling from an orthonormal basis {E, ...,
E, 2} of M, (C) (that consists of Hermitian matrices). Let us call the distribution
ITin {Ey,..., E,2} nearly uniform iff there exist constants ¢y, c2 > 0 such that
max; ;<2 MAE;}) < com™ and [|A[|7, 7, = cam™2[| A3, A € H,, (C). Clearly,
both the matrix completion design (Example 1) and sampling from the Pauli basis
(Example 2) are special cases of sampling from such nearly uniform distributions,
so the next result does apply to these two examples.

Let ¢ > O be fixed, and denote t,, :=t 4+ log(2m), 7, :=1 + loglog, (2n).

To simplify the bounds, assume that loglog, n <log(2m) (so, 7, <1;,), thatn >
mt,, log? m, and, finally, that og > m~1/2. The last condition just means that the
variance of the noise is not “too small” which allows one to suppress “exponential
tail terms” in Bernstein-type inequalities used in the derivation of the bounds.

Recall that p € S.

THEOREM 1. Suppose that X is sampled at random from a nearly uniform
distribution T1. Then there exists a constant C > 0 such that, for all ¢ € [0, 1], with
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probability at least 1 —e™!,

N m t
@ 15 =l < c[s(ulogpu nog(")) vz ni}-

In addition, for all sufficiently large D > 0, there exists a constant C > 0 such that,
for e = Dag,/%, with probability at least 1 — e,

. _ rank(S)mt,, log* (mn)
@) 16 = oty < [ 215 = ot + Co? n ]

Theorem 1 follows from the results of Section 5 (see Theorems 3 and 4, the
remark after Theorem 4 and Corollary 1). A simple consequence of Theorem 1 is
the following bound:

N 1} rank(p)mt logz(mn)
15° =PIz, < c[%/ = log(mn) A o .

n

that holds with probability at least 1 — e~ and with some C > 0 for ¢ = Do \/% .
It follows by substituting S = p in bound (2.2) and combining it with (2.1).

Next we consider the case of sub-Gaussian isotropic design for which
lAllL,m = llAll2, A € M, (C). To simplify the bounds, we assume again that
the noise is Gaussian.

THEOREM 2. Suppose X is a sub-Gaussian isotropic matrix. There exist con-
stants C > 0,c > 0 such that the following holds. Under the assumptions that
T, < cn and t,, <n, for all ¢ € [0, 1], with probability at least 1 — e™"

A€ _ 112 C 1 1 m M
15° = I, = € (e( Iogpll Alog = ) v o [ =

(2.3)
/m(tylogn v tm))

V (0g vV /m)

n

Moreover, there exists a constant ¢ > 0 and, for all sufficiently large D > 0, a con-
stant C > 0 such that, for ¢ := Do,/ mnﬂ with probability at least 1 — e,

15° = P17y

Q4 =it 28 - plim

c (052 rank(S)mt,, logz(mn) y m(t,logn V t,) )]

n n
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This theorem follows from the results of Section 6 (see Theorems 5, 6 and
Corollary 3). As it was the case with Theorem 1, one can easily derive from The-
orem 2 [by substituting S = p in (2.4) and combining it with (2.3)] the following

mty,
n

inequality that holds, for ¢ := Do , with probability at least 1 — e~ and with

some C > 0:

A 2
16° — plle(l'I)

< f (e [ 10g ™ . CE T o) logn v i) ]
§ n & n n

Note that the first bounds of Theorems 1 and 2 [bounds (2.1) and (2.3)] hold
for all € > 0, even in the case of unpenalized least squares estimator with ¢ = 0.
The random error parts of these bounds are (up to logarithmic factors) of the or-
der n=/2 as n — oo. Bounds (2.2) and (2.4) are based on more subtle analysis
taking into account the ranks of oracles S approximating the true density matrix
p. In these bounds, the size of the L, (IT)-error ||p¢ — ,0||%2(H) is determined by

a trade-off between the approximation error ||.S — p ||%2(1-[) of an oracle S and the

random error. In the case of bounds (2.2) and (2.4), the last error is of the order

052 rank(S)m

m (up to logarithmic factors), and it depends on the rank of the oracle S.

In particular, taking S = p, we can conclude that ||p° — p||i2(n) is bounded by

2
k N .
M (up to constants and logarithmic factors). This means that von Neu-

mann entropy penalization mimics oracles that know precisely which low rank
matrices approximate p well and can estimate p by estimating a “small” number
of parameters needed to describe such oracles. This is comparable with recent re-
sults for nuclear norm penalization. For instance, Candes and Plan (2011) obtained
low-rank oracle inequalities for the Frobenius norm under sub-Gaussian-type as-
sumptions; Rohde and Tsybakov (2011) proved low-rank bounds for the empirical
prediction error; Koltchinskii, Lounici and Tsybakov (2011) obtained bounds of
the same flavor as in Theorems 1, 2, but for a modification of nuclear norm pe-
nalized least squares estimator in the case of known design distribution; Negahban
and Wainwright (2010) proved similar inequalities for a version of nuclear penal-
ization method with further constraints on the ¢,-norm of the matrix. Depending
on the values of og,m,n and other characteristics of the problem more “rough”
bounds, (2.1) and (2.3) might become even sharper than more “subtle” bounds
(2.2) and (2.4) [see Rohde and Tsybakov (2011) for a discussion of a similar phe-
nomenon]. Thus the rate of convergence of the L, (IT)-error to zero in a particular
asymptotic scenario (when certain characteristics are large) is determined by the
bounds of both types.

Theorems 1, 2 and other results of a similar nature will follow as corollaries
from more general oracle inequalities that we establish under broader assumptions
on the design distributions and on the noise. To prove these results, we need several
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tools from the empirical processes and random matrices theory, such as noncom-
mutative Bernstein-type inequalities and generic chaining bounds for empirical
processes. We will discuss these results in Section 3 (as well as some properties
of noncommutative Kullback-Leibler, Hellinger and other distances between den-
sity matrices). We will then study approximation error bounds for the solution
of von Neumann entropy penalized true risk minimization problem (Section 4)
and, finally, in Sections 5 and 6, derive main results of the paper concerning ran-
dom error bounds for the empirical solution o¢. More precisely, we bound the
squared L, (IT)-distance ||p® — S||%2(H) and symmetrized Kullback—Leibler dis-
tance K (0%; §) from p° to an arbitrary “oracle” S € S and derive oracle inequali-
ties for the squared L, (IT)-error || 6 — p ||%2 ) of the empirical solution p¢. These
results are first established for oracles S of full rank and expressed in terms of cer-
tain characteristics of the operator log S [which is, essentially, a subgradient of the
von Neumann entropy penalty used in (1.2)]. Using simple techniques discussed in
Section 4, we then develop the bounds for low-rank oracles S (such as the bounds
of Theorems 1 and 2) and also obtain oracle inequalities for so-called “Gibbs ora-
cles.”

Recently, several authors obtained minimax lower bounds on the errors of low-
rank matrix recovery, in particular, in matrix completion problems; see Rohde and
Tsybakov (2011), Negahban and Wainwright (2010), Koltchinskii, Lounici and
Tsybakov (2011) and references therein. Although it was not our goal in this paper,
it would not be hard to extend these results to the framework of low-rank density
matrix estimation showing the optimality (up to logarithmic factors) of the main
terms of our L, (IT)-error bounds.

It is worth mentioning that the results of Sections 4, 5 provide a way to bound
the error of estimator p° not only in the L,(IT)-distance, but also in other statis-
tically important distances such as noncommutative Kullback—Leibler, Hellinger
and nuclear norm distances.? For instance, under the assumptions of Theorem 2,
the following bound for the Kullback-Leibler distance holds with probability at

least 1 —e™':

K (pllp?) :=E,(log p —log %)
(2.5)

_C [og rank(p)mty, log? (mn) , m(z logn v tm)]

& n n

for & := Dog,/ % In the case of sampling from a nearly uniform distribution in
an orthonormal basis (as in Theorem 1), it is easy to derive from Theorem 4 of Sec-
tion 5 (using also some bounds from the proofs of Proposition 4 and Corollary 1)

ZA possibility to control Kullback—Leibler and Hellinger distances can be viewed as an advantage
of von Neumann entropy penalization method.
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the following bound on the squared Hellinger distance between p¢ and p:

rank(,o)m3/21‘,1,/2 log2 (mn)
Jn
that holds with probability at least 1 — e~ for € = Do,/ r’r:’—;l

H?(p°; p) < Cog

3. Preliminaries: Distances in S, empirical processes and exponential in-
equalities for random matrices.

Noncommutative Kullback—Leibler and other distances. We will use noncom-
mutative extensions of classical distances between probability distributions such as
Kullback—Leibler and Hellinger distances. These extensions are common in quan-
tum information theory; see Nielsen and Chuang (2000). In particular, we will use
the symmetrized Kullback—Leibler distance between two states S1, S» € S defined
as

K(S1; $2) :=Eg, (log S1 —log $7) + Eg, (log S — log S1)
=tr((S1 — S2)(log S1 — log $2)).

We will also use a noncommutative version of Hellinger distance defined as fol-

lows. For any two states S1, $2 € S, let F(S1, $2) := tr\/Sll/zSlel/z. This quan-

tity is called the fidelity of states Si, S»; see, for example, Nielsen and Chuang
(2000), page 409. Then a natural definition of the squared Hellinger distance is
H2(S1, $7) :=2(1 — F(S1, S2)). A remarkable property of this distance is that

H2(S1. S2) = sup H2({pi): (i) = sup D (V/Pi — N

where the supremum is taken over all POVMs {E;} (positive operator valued mea-
sures)3 and p; :=tr(S1E;), qi :=tr(S2E;). Thus the quantum Hellinger distance
is just the largest “classical” Hellinger distance between the probability distri-
butions {p;}, {g;} of a “measurement” {E;} in the states Si, S»; see Nielsen and
Chuang (2000), page 412. The same property also holds for two other impor-
tant “distances,” the trace distance ||S; — S2|1 and the Kullback-Leibler distance
K (S1; S2); see, for example, Klauck et al. (2007). These properties immediately
imply an extension of classical inequalities for these distances:

1S1 — S2117 < H?(S1, S2) < K(S1; $2).

They also imply the following simple proposition used below. It shows that, if
two matrices S1, S7 are close in the Hellinger distance and one of them (say, S2)

3In the discrete case, a positive operator valued measure is a set {£;} of Hermitian nonnegatively
definite matrices such that ) _; E; = I.
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is “approximately low rank” in the sense that there exists a subspace L C C” of
small dimension such that || P; 1 S2 P; 1|1 is small, then another matrix S is also
“approximately low rank” with the same “support” L.*

PROPOSITION 1. For all subspaces L C C" and all Sy, S € S,
| PLS1PLll1 <2 PLS2PLII +2H?(S1, S2).

PROOF. Indeed, take an orthonormal basis {eq, ..., ¢e;,} in C" such that L =
Ls.({e1,...,ex}). Let pj := (Siej,e;) =tr(S1(e; @ ej)) and q; := (Szej,¢;) =
tr(S2(e; ®e;)). Then

k
H2<Sl,sz>>2(¢— N DN TN
J:

j=1

k
—ZPJ"‘Z%_ZZ«/_\/_»

j=1
which implies (using that 2\/ b<a / 2+42b)

IPLS1PLI = Zp, fzzrf Zq, + H*(S1, 52)

Jj=1 Jj=1

1 k
5 Z qu + H*(S1. $2)

j=1

= EHPLSlPLnl +|1PLS2 Pl + H?(S1, S2),

and the result follows. [

Empirical processes bounds. We will use several inequalities for empirical
processes indexed by a class of measurable functions F defined on an arbitrary
measurable space (S, .A). Let X, X1, ..., X, be i.i.d. random variables in (S, .A)
with common distribution P. If F is uniformly bounded by a number U, then
Bousquet’s version of the famous Talagrand concentration inequality for empirical

processes implies that, for all # > 0, with probability at least 1 — e/,

sup
feF

n Y FX)) —Ef(X)‘

j=1

<2|E sup
feF

N0 —Ef(X)’ +0\/z+ Ui},
i=1 n n

4Here and in what follows P; denotes the orthogonal projection onto L and L~ denotes the
orthogonal complement of L.
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where 02 := SUp fer Varp (f(X)). We will also need a version of this bound for
function classes that are not necessarily uniformly bounded. Such a bound was
recently proved by Adamczak (2008). Recall that, for a convex increasing function
Y with ¥ (0) =0,

£ lly ::inf{C>O:/Sw<%)dp < 1};

see van der Vaart and Wellner (1996), page 95. If v (u) = u?,u > 0, for some
p > 1, the corresponding ¥-norm is just the L ,-norm. Other important choices
are functions Yy (¢) = et — 1, >0, > 1, especially, Y, that is related to sub-
Gaussian tails of f and v that is related to subexponential tails. Let F(x) >
sup rer| f(X)], x € S, be an envelope of the class. It follows from Theorem 4 of
Adamczak (2008) that there exists a constant K > 0 such that for all > 0 with
probability at least 1 — e ™"

sup
feF

n Y f(X)) —Ef(X)‘

j=1

< K|E sup
feF

O R P I

j=1

In addition to this, we will need bounds on empirical processes indexed by the
class of “squares” {f2: f € F} for a given function class F. A usual approach
to this problem is based on combining a symmetrization inequality with Tala-
grand’s comparison (contraction) inequality for Rademacher sums; see, for exam-
ple, Ledoux and Talagrand (1991), Section 4.5. This, however, would require the
class F to be uniformly bounded by a relatively small constant U > 0, which is not
sufficient in the case of sub-Gaussian design considered in the last section. A more
subtle approach has been developed in the recent years by Klartag and Mendel-
son (2005) and Mendelson (2010), and it is based on generic chaining bounds.
Talagrand’s generic chaining complexity [see Talagrand (2005)] of a metric space
(T, d) is defined as follows. An admissible sequence {A,},>¢ is an increasing se-
quence of partitions of 7' (i.e., each next partition is a refinement of the previous
one) such that card(Ag) = 1 and card(A,) < 22n, n>1.ForteT, A,(t) denotes
the unique subset in A, that contains ¢. For a set A C T, D(A) denotes its diame-
ter. Then, define the generic chaining complexity y»(T'; d) as

o (T d) =, inf sup ) 2"/2D(A, (1)),

ntn=01eT ;2

where the inf is taken over all admissible sequences of partitions.
The generic chaining complexities were used by Talagrand (2005) to character-
ize the size of the expected sup-norms of Gaussian processes. Similar quantities
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can be also used to control the size of empirical processes indexed by a func-
tion class F. It is natural to define v, (F; L>(P)), that is, y»(F; d), where d is the
L, (P)-distance. Some other distances are also useful, for instance, the 1, -distance
associated with the probability space (S, .4, P). The generic chaining complex-
ity that corresponds to the ¥ -distance will be denoted by y»(F; ¥2). Mendelson
(2010) proved the following deep result. Suppose that F is a symmetric clas; that
is, f € F implies —f € F,and Pf =E f(X) =0, f € F. Then, for some univer-
sal constant K > 0,

Esupln~' Y f2(X;) —Ef*(X)

m&wvﬁqu
f€.7: j=1

Jn n

sqmwm
feF

Noncommutative Bernstein-type inequalities. We will need an operator ver-
sion of Bernstein’s inequality which is due to Ahlswede and Winter (2002) and
which has been already successfully used in the low rank recovery problems by
Gross et al. (2010), Gross (2011), Recht (2011). Assume that X, X1, ..., X,, are
1.1.d. random Hermitian m x m matrices with EX = 0 and 0)2( := ||[EX?||. The fol-
lowing bound is an easy consequence of a Bernstein-type inequality of Ahlswede
and Winter (2002): for all t > 0, with probability at least 1 — e™"

5 2(GX |t +1og(2m) Jult 10g(2m)).
n n

Moreover, it is possible to replace the Lo,-bound U on || X || in the above inequality
by bounds on the weaker 1, -norms; see also Koltchinskii (2011). Namely, suppose

that, for « > 1 and for some constant U)((a), U)((a) > max (||| Xy, » 2EV2|1X)12).

X 4+...4 X
(3.1) HM

n

PROPOSITION 2. Let o > 1. There exists a constant C > 0 such that, for all
t > 0, with probability at least 1 — e™!

HX1+---+X,,
n

(@) \ 1/a
[t +1log(2m U t +log(2m
<C<O’X —og( )\/U}((a)<log X) og( )>.
n ox n

PROOF. Similarly to the proof of (3.1) discussed in the literature [Ahlswede
and Winter (2002), Gross (2011)], we follow the standard derivation of classical
Bernstein’s inequality, and we use the well-known Golden—Thompson inequal-
z'ly5 [see, e.g., Simon (1979), page 94]: for arbitrary A, B € H,,(C), tr(eAtB) <
tr(e4e®). Let Y, := X +---+ X,,. Note that ||Y, || <t if and only if —¢1,, < Y, <

(3.2)

5See Oliveira (2010), Tropp (2011), Koltchinskii (2011) for other approaches that do not rely on
the Golden—-Thompson inequality.
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t1,, (here and in what follows A < B means that B — A is positively definite).
Therefore,

(3.3) PUYall =z 1} = P{Y, £ 11} +P{Y, # —t1n}.
The following bounds are straightforward by simple matrix algebra:
(3.4) P{Y, #£tl,) =Pl £ Miny < Plr(eM) > ') < e ME tr(eM).

To bound the expected value in the right-hand side, we use independence of ran-
dom variables X1, ..., X, and the Golden—-Thompson inequality.

Etr(e””) = Etr(e)‘Y"*IHX”) < Etr(e””*‘ eAX") = tr(IE(e}‘Y"*l eAX"))
= tr(Ee* 1 Ee*Xn) < Etr(e*1) || Ee* X7 ).
Since Etr(e*X1) = tr(Ee*X1) < m||Ee*¥||, it is easy to conclude by induction that
(3.5) Etr(e*) < m||Ee||".
It remains to bound the norm ||Ee*X ||. To this end, we use Taylor’s expansion and
the condition EX =0 to get
AX _ 22| L AL
Ee** =1, + Er“X B + 3 + m
1 AX | APIX)P }

2 yv2
< In + 2 EX _i—l— 3 o

fHXl—1 —A||X||}

=1, +\EX?
" 22X

Therefore, for all T > 0,

M1 — Xl
E X || < 1+ 22 IEXZ[e ]H
[Ee** |l < 1+ 21X
AT
e’ —1—At
<14 2EX? [T}
MIXT— 1 — i x|
e
APE|X 2[ ]1 X >1).
+ AKX 2IXE XM =1
Let M :=2(log 2)l/« U)((a), and assume that A < 1/M. Then
MIXT— 1 —ax|

e
Enxnz[ ]I(IIXII > 1) < MPRYV2AIXIMPL21 x| > 7).

A2X|2
Since, for @« > 1, M = 2(10g2)1/“U§(a) > 2|1 X|lll, [see van der Vaart and
Wellner (1996), page 95], we have Ee?IXI/'M < 2 and also P{||X|| > 7} <
exp{—2%log2(47)%}. As aresult, we get the following bound:

”Ee)»XH <1 +)\20_2 [u} +21/2)\.2M2 exp{_za—l ]0g2<L>a}
- X 2212 Vi .



VON NEUMANN ENTROPY AND MATRIX ESTIMATION 2949

1/a—1 2 . ..
Lett:=M (lig/w log!/® 1;1—2, and suppose that A satisfies the condition At < 1.

X
Then the following bound holds with some constant C; > 0:
IEX || <1+ C1A%02 <exp{Ci13 %03}

Thus, we proved that there exist constants Cy, C2 > 0 such that, for all A satisfying
the condition

U(a) 1/a
(3.6) 2 (log L) <y,
ox

we have |[Ee*¥ || < exp{C1A%0Z}. This can be combined with (3.3), (3.4) and (3.5)
to get

P{| Y, >t} < 2mexp{—At + C1A7noy}.

It remains now to minimize the last bound with respect to all A satisfying (3.6) to
get that, for some constant K > 0,

1 2
A zt}§2mexp{—— }
" K no2 + 11U log"* (U jox)

which immediately implies (3.2). [

Note that, in the limit &« — oo, inequality (3.2) coincides with (3.1) (up to a
constant).

4. Approximation error. A natural first step in the analysis of the problem is
to study its version with the true risk instead of the empirical risk. The true risk
with respect to the quadratic loss is equal to E(Y — (S, X)2=FE(S — 0, X)? +
[E&2, where we used the assumption that E(£]X) = 0. Thus, the penalized true risk
minimization problem becomes

“4.1) pf :=argmin L(S), L(S) ::E(S—p,X)2+8tr(SlogS),
NS

and the goal is to study the error of approximation of p by p® depending on the
value of regularization parameter ¢ > 0. The next proposition shows that if there
exists an oracle S € S that provides a good approximation of the target matrix p
in a sense that ||S — p|lz,m) is small, then p® belongs to an L, (IT)-ball around
S of small enough radius that can be controlled in terms of the operator norm
|llog S|| or in terms of more subtle characteristics of the oracle S. It also provides
upper bounds on the Kullback—Leibler distance K (p?; S) to the oracle and on the
approximation error || p® — p||z,(m). We will first obtain such bounds for an arbi-
trary oracle S € S of full rank expressed in terms of the operator norm ||log S||
of its logarithm. For simplicity, we assume that ||log S|| = +o0 in the case when
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rank(S) < m (and log S is not defined). Note, however, that tr(Slog S) is well de-
fined and finite even in the case when rank(S) < m. To obtain more subtle bounds
with approximation error of the order 0(82) instead of O(g), we introduce and
use the following quantity:

a(W):=an(W) :=ax(W)
‘= sup{(W,U):U € H,(C),u(U) =0, |U|| 1, = 1},

which will be called the alignment coefficient of W. This is a straightforward ex-
tension of similar quantities in the commutative case [Koltchinskii (2009)]. Note
that, for all constants c,

4.2) a(W+cly) =a(W)
(since (I, U) =0 for all U of zero trace). In addition, we have
1
(4.3) acx (W) = ﬂax(W) c#0.
Let {E;:i = 1,...,m?} be an orthonormal basis of M,,(C) consisting of

Hermitian matrices, and let K := ((E;, Ex) Lz(ﬂ))’}izl be the Gram matrix of
the functions {(E;,-):j=1,..., m?} in the space Lo(IT). Clearly, the mapping
J :M,,,(C) > £ (C),

JU=(U,Ej):j=1,...,m%, U € M,,(C),
is an isometry. If now we define KC: M,,(C) — M, (C) as K := J 'K J, then we
also have IC1/2 1IC1/ZJ, K-V2 =71k 12 As a consequence, for any
matrix U = Z G u;E

m2

UL, = Y. (Ej, Ex)Lyujiix = (Ku,u)e, = |K'2ul7, = 1K'2U |3,
jk=1

and it is not hard to conclude that a(W) < ||I€_1/ 2w l2. Moreover, in view of (4.2),
for an arbitrary scalar ¢, a(W) < IX=12(W + cI,,)||>. This shows that the size of
a(W) depends on how W is “aligned” with the eigenspaces of the Gram matrix /C.
Ina special case when, for all A, ||A||L2(1-[) [|All2, the functions {(Ej,-):j =
1,...,m?} form an orthonormal system in L, (IT), and K is the identity matrlx In
thls case, we simply have the bound a(W) <inf, |W 4+ cl, 2.

PROPOSITION 3. Forall S € S,
1p® = P L, + 107 = SIITym + €K (0% 8) < IS = plI7 ) + 2¢log S|I.
Moreover, forall S € S,
10° = SIZ, ) +26K (0% $) <2IIS = plIf ) + &7’ (log S)
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and
2 . 2 g2 2
I6° =PIy < Int 1S = oIty + S log) |

For a differentiable mapping g from an open subset G C M, (C) into M, (C),
denote by Dg(A; H) its differential at a matrix A € G in the direction H €
M, (C), that is, g(A + H) = g(A) + Dg(A; H) + o(||H||) as ||H|| — O and
Dg(A; H) is linear with respect to H. The following lemma is a simple corol-
lary of Theorem V.3.3 in Bhatia (1997):

LEMMA 1. Let f be a function continuously differentiable in an open inter-
val I C R. Suppose that A is a Hermitian matrix whose spectrum belongs to I.
Then the mapping B +— g(B) :=tr(f(B)) is differentiable at A and Dg(A; H) =
tr(f'(A)H).

PROOF OF PROPOSITION 3. It is easy to see that the solution p® of problem
(4.1) is a full rank matrix. To prove this, assume that rank(p®) < m. Let p :=
(1—=298)p® + 81, where I, is the m x m identity matrix. Then, for small enough &,
0 is a full rank matrix and it is straightforward to show that the penalized risk
L(p) is strictly smaller than L(p?) (for some small § > 0). It is also easy to check
that, for any S € S of full rank, the differential of the functional L in the direction
v € M, (C) is equal to

DL(S;v) =2E(S — p, X)(v, X) + etr(v(log S + I,)).

This follows from the fact that the first term of the functional L is differentiable
since it is quadratic. The differentiability of the penalty term is based on Lemma 1
[it is enough to apply this lemma to the function f(u) = ulogu]. Since p? is the
minimal point of L in S, we can conclude that, for an arbitrary S € S, DL(p%; S —
%) > 0. This implies that DL(S; S — p®) — DL(p%; S — p%) < DL(S; S — p?),
which, by a simple algebra, becomes
2118 = p° N7,y + €K (83 p%)
4.4)
= 2<S - P, S — ,08>L2(1'I) + 8<S - pé" 10gS>

Taking into account that
2(S = p, S = %) Ly = I10° = ST ymy + IS — £ Z,m — 105 — pllLa),s
(4.4) can be rewritten as
1% = pIIT ) + 0% = SIT, () + €K (S5 p%)

4.5) ) .
<IS—pliz,m +e(S—p",logs).
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The first inequality of the proposition immediately follows from (4.5) since
(S — p°, log S)| < [llog SIIIIS — p°[l1 < 2[|log S]|.
To prove the remaining bounds, note that by the definition of alignment coefficient
el(S — p°, log S)| < ea(log $)[1p* — Sl L, ).
and, using an elementary bound

2.2 2
g“a“(log S o
a’ogs) | o

2
) 3 ||,08 - S||L2(n)

ea(log 8)|1p° — Sl <

for o = 1 and a = /2, it is easy to complete the proof. [

We will now provide versions of approximation error bounds for special types
of oracles S € S.

A consequence of Proposition 3 is that || p® — p ”%2(1'[) < i—zaz(log p)Aellogpl.

Low-rank oracles. First we show how to adapt the bounds of Proposition 3
expressed in terms of the alignment coefficient a(log S) for a full rank matrix S (for
which log S is well defined) to the case when S is an oracle of a small rank r < m.
For a subspace L of C™, denote A(L) := SUP Al ,m <1 | PLAPL|2. Suppose that
S € S is a matrix of rank r. To be specific, let S = Z;~=1 yj(ej ®ej), where y;
are positive eigenvalues of S, and {eq, ..., ¢,} is an orthonormal basis of C". Let
L be the linear span of the vectors ey, ..., e;.

PROPOSITION 4. There exists a numerical constant C > 0 such that, for all
>0,

) m
16" =1y = (15 = plliac + CEV21XIP8) + Co2 A%y iog? (14 ).

PROOF. Note that, for all matrices W of rank r “supported” in the space L in
the sense that W = P; W Py, we have

aW)y< sup (W, U)= sup (W,PLUPL)<AL)[W]:2.
N1UNLym=1 NUNLym=I1

For 6 € (0, 1), consider S5 := (1 —§)S + 5%. Then, using the fact that a(W +
cly) =a(W), we get

r

log Sy = ) (log((1 = 8)y; +8/m) —log(8/m))(e; ® ¢;) +10g(8/m) I
j=1
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and

a(log S5) = a(Z(log((l —8)yj +38/m) —log(s/m))(e; ® ej)>
j=1

> (log((1 = 8)y; + 8/m) —log(8/m))(e; ® ;)
j=l1

r _ 1/2
= A(”(Z 10g2<1 + %)) < A(L)«/;log(l + —m|(|SS||).

j=1
Note also that [|S — S5,y = 8IS — L/ m 7,y < 48”EI| X 1%, since

IS = In/m| 7,y < 2E(S, X)? 4+ E(Lu/m, X)?

< A(L)

2

<2(ISIRENX I + | In/mITEI X ||*)
<4E| X
Thus, it easily follows from the last bound of Proposition 3 that

1p® = plIZ ) < 1S5 — Pl () + (67/4)a (log S5)
2
< (IS = pllLyam + 1S5 = Slizyamy)

n (82/4)A2(L)r10g2<1 n %)

Taking § = & A 1 and using the bound on ||S — S5, (), this yields the claim of
the proposition. [

Note that if {E;,i = 1, ..., m?} is an orthonormal basis of M, (C) consisting of
Hermitian matrices and X is uniformly distributed in {E;,i =1, ..., mz}, then, for
all Hermitian A, || A7, ) = m2||Al}3. Therefore A(L) < SUp Ay <t 1A 112 =
Supy 4y, <m llAll2 = m. Also, in this case ||X|| < [ X[z = 1. Thus, Proposition 4
yields

m
Ip® = I3,y < (IS = ol + Ce)° +Cm2r8210g2<1 + 8/\—1>

Gibbs oracles. Let H be a Hermitian matrix (“a Hamiltonian) and let B> 0.
tir(e A, For
simplicity, assume in what follows that 8 = 1 (in fact, one can always replace H
by BH) and denote pg := tr( — H) Let y1 < y» <--- <y, be the eigenvalues of H
and ey, ..., e; be the corresponding eigenvectors. Let L, =1.s.({eq, ..., e;}) and

Consider the following density matrix (a “Gibbs oracle™): pp g :

r m
Hep:=Y yjlejQe)), Hopi= ) yjlej®e)).
j=1 j=r+l
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It is easy to see that

Zk2r+1 ek
2k=1€

Denote Sr (H) := maxXi<k<m IEI/Z(Xek, ek)28r(H). Under reasonable conditions
on the spectrum of H, the quantity §,(H) decreases fast enough when r increases.
Thus, py can be well approximated by low rank matrices.

The next statement follows immediately from Proposition 3. Here the unknown
density matrix p is approximated by a Gibbs model with an arbitrary Hamiltonian.
The error is controlled in terms of the L, (IT)-distance between p and the oracle
pn and also in terms of the alignment coefficient a(H<,) for a “low-rank part”
H<, of the Hamiltonian A and the quantity 6, (H).

|PLipr Pl = =8, (H).

PROPOSITION 5.  For all Hermitian nonnegatively definite matrices H and for
all ¢ > 0,

3 2
lp® = plZ, ) < (lom = pll Ly + 28, (H)) + a®(H<, ).
PROOF. We will use the last bound of Proposition 3 with § = pp_,. Note that
a(log pu.,) = a(—H<, —logtr(e =) 1,,) = a(H<,).

Therefore, we have ot — p”%z(ﬂ) <lpn., — ,OH%Z(H) + (¢2/4)a*(H<,). In addi-
tion to this,

Yheie ek ®er)  Ygoie ek ®ex)
2 e L= €™
which can be easily bounded from above by

26, (H) max lex ® exllL,m = 28, (H) max EY?(Xex, ex)* =25, (H).
1<k<m I1<k<m

Lo — ot o) = ‘ ,
Lo (IT)

The result follows immediately. [J

5. Random error bounds and oracle inequalities. We now turn to the anal-
ysis of random error of the estimator p*. We obtain upper bounds on the L (IT)
and Kullback-Leibler distances of this estimator to an arbitrary oracle S € S of
full rank, and, as a consequence, oracle inequalities for the empirical solution p°.
The size of both errors || 0% — S ”%2(1'[) and K (p%; S) will be controlled in terms

of the squared L, (IT)-distance ||S — p ||%2 () from the oracle to the target density
matrix p and also in terms of such characteristics of the oracle as the norm ||log S|
or the alignment coefficient a(log S) that have been already used in the approxi-
mation error bounds of the previous section (see Proposition 3). However, in the
case of the random error, we also need some additional quantities that describe
the properties of the design distribution IT and of the noise £. These quantities
are explicitly involved in the statements of the results below which makes them
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somewhat complicated. At the same time, it is easy to control these quantities in
concrete examples and to derive in special cases the bounds that are easier to un-
derstand.

Assumptions on the design distribution. In this section, it will be assumed that
X is a random Hermitian m x m matrix and that, for some constants 0 < U < Uy,
IX|l < U and [|X |2 < Uz. We will denote 0§ := |[EX?||, 0% oy = [E(X ® X —
E(X ® X))*||.°

Let L ¢ C™ be a subspace of dimension r < m, and let Py : M[,,, (C) — M, (C),
Prx :=x — P;1x Pri. We will use the following quantity:

B(L):= sup IPLAN Ly (-
AeH, (O, IAllL, (m =1

Note that |PLA|2 < ||A|l2 [for a proof, choose a basis {ej,...,e,} of C”
such that L =l.s.(eq, ..., e,) and represent A, Pr A in this basis]. If, for all A,
KillAll2 < ANy < K2llAllz, then B(L) < K»/K. In particular, if K} = K>,
then B(L) =1 (which is the case, for instance, when X is sampled at random from
an orthonormal basis).

Assumptions on the noise. Let (X1,Y1),...,(X,,Y,) be ii.d. copies of
(X,Y). Denote & :=Y — tr(pX). Then &i,...,§&, are i.i.d. copies of &. Recall
also that E(§|X) = 0 and assume that P a.s. E($2|X) < ag, where 052 >0isa
constant. We will further assume that the noise is uniformly bounded by a constant
ce >0:8] <ce.

Given ¢ > 0, denote t,, :=t +log(2m), 7, :=t 4+ loglog,(2n) and

Im Im
Enm = (00X V Ox@Xx) - \% cSU;.

We will start with a simple result akin to the first bound of Proposition 3.

THEOREM 3. There exists a constant C > 0 such that, for all S € S and for
all € > 0, with probability at least 1 — e™!

155 = SN,y

<IS—=pl% @
(5.1) 2(ID

It
+ C[S(Illog Sl Alogl) VIS = pliL,mU ;m

1 11
V (0gox V Oxex) lgm V(ceU Vv U%);m]

SIn this section, the notation A ® B means the tensor product of the matrices A, B viewed as
vectors of the Euclidean space (M, (C), (-,-)):(A® B)V = A(B, V),V € M;;,(C).
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and
~ 2 2
6% — Pllz,am = IS —pllz,m
t
(5.2) + C[e(nlog Sl Alog D)V 1S = pll o U, 2+
tm 2. Im
V (0s0x V OxeXx) o V(ceU Vv UZ); ,

where I' .= M{!X”Z Vv m. In particular,

16° = P17,y
(5.3)

b N
<C|e(logpl AlogI') Vv (os0x V oxgx) ;V(CSUVUz); .

Note that this result holds for all ¢ > 0, including the case of ¢ = 0 that corre-
sponds to the least squares estimator over the set S of all density matrices. The
approximation error term ||log S|¢ in the bounds of Theorem 3 is of the order
O (¢) (as in the first bound of Proposition 3) and the random error terms are, up to
logarithmic factors, of the order 0(\%) with respect to the sample size .

The next result provides a more subtle oracle inequality in spirit of the second
and third bounds of Proposition 3. In this oracle inequality, the approximation error
term due to von Neumann entropy penalization is a”(log )& (as in Proposition 3),
so it is of the order O (¢2). Note that it is assumed implicitly that az(log S) < +o0,
that is, that S is of full rank and the matrix log S is well defined. The random error
terms are of the order O(n~!) as n — oo (up to logarithmic factors) with an ex-

o

S is approximated by low rank matrices. If || P; 1 SP; 1|1 is small, say of the order
n~1/2 for a subspace L of a small dimension r, this term becomes comparable to
other terms in the bound, or even smaller. The inequalities hold only for the val-
ues of regularization parameter & above certain threshold. The first bound shows
that if there is an oracle S € S such that: (a) it is “well aligned,” that is, a(log S)
is small; (b) there exists a subspace L of small dimension r such that the oracle
matrix S is “almost supported” in L, thatis, || P;+SP; 1|1 is small and (c) S pro-
vides a good approximation of the density matrix p, thatis, ||S — p ||%2 ) is small,
then the empirical solution 6% will be in the intersection of the L (IT)-ball and
the Kullback—Leibler “ball” of small enough radii around the oracle S. The sec-
ond bound is an oracle inequality showing how the L, (IT)-error ||p° — 10”%2(1'1)
depends on the properties of the oracle S.

ception of the term ozox || P, L SP; L || 1\/Z which depends on how well the oracle
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THEOREM 4. There exist numerical constants C > 0, D > 0 such that the
following holds. For all t > 0, for all € > Dgy, p, for all subspaces L C C™ with
dim(L) :=r and for all S € S, with probability at least 1 — e,

~ & ~
16° = Sl7,m + K (5% S)

<218 - pllL,m

(5.4)
T
C [az(log $)e> v oA (L) +
[t Vi 51
Voesox||PpLSPpL] ﬂVCgUTn m\/U2 m:|
n n n
and
A 2
15 — /0||L2(n)
55 <1IS = plI7

mr + 1,

tm
+ C[azaog $)e* VIS = pllesmU, [ v og BAL)

1, Ty VI 1,
Vogox|| PSP lﬂ\/CgU “ m\/U%ﬂ:|.
i n n n

REMARK. In the case when the noise is not necessarily bounded, but [|§ ]|y, <
+o00 (e.g., Gaussian noise), the results still hold with the following simple modifi-
cations. In bounds (5.1), (5.2), (5.3) and in the definition of ¢, ,,, the term c: U %

is to be replaced by [|£ ]|y, U log( ”i”x/q U

c U1 s to be replaced by [|€ ||y, U r” log" VIIENy, U log(% %)’nﬂ For such
an unbounded noise, one should replace in the proofs of Theorems 3 and 4 the
noncommutative Bernstein inequality of Ahlswede and Winter by the bound of
Proposition 2. One should also use a version of concentration inequality for em-
pirical processes by Adamczak (2008) instead of the usual version of Talagrand
for bounded function classes; see Section 3.

We will provide a detailed proof of Theorem 4. The proof of Theorem 3 is its
simplified version, and it will be skipped. Throughout the proofs below, C, Cy, ...
are numerical constants whose values might be different in different places.

)’ﬂ In the bounds of Theorem 4, the term

PROOF OF THEOREM 4. Denote

La(8):=n"" Y (¥; — r(SX)))” + e tr(Slog S).
j=1
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For any S € S of full rank and any direction v € M, (C), we have

n
DLy(S;v) =2n""Y (S, X;) — Y)) (v, X;) + etr(v(log S + I)).
j=1
By necessary conditions of extrema in the convex optimization problem (1.2),
DL, (p%; p* — S) <0, which implies

DL(p%; p* = S) = DL(S; p° = 5)
(5.6) A o o
< —DL(S; p* — S) + DL(p*; p* — S) — DL, (p°; p° — ).

By a simple algebra similar to what has been already used in the proof of Proposi-
tion 3 [see the derivation of (4.4), (4.5)], we get from (5.6) the following bound:

215° = S, my + 20 — 0, 5° — S) o) + €K (53 5)

= 115" = SIZocm + 15" = £,y — IS = ol 7,y + €K (5% S)

<ea(log $)1p° — SllL,cm
(5.7

——Z( )? —E(p° — S, X)?)
2
+- Z<<S —p. X)) (" =S8, X;) —E(S— p, X)(p° — S, X))
=1

P e
— =D (05— 8. X)),
n
j=1

where we also used that ¢[tr((p® — S)log S)| < ea(log $)|1p° — S|l L, )

We need to bound the empirical processes in the right-hand side of bound (5.7).
We will do it in three steps by bounding each term separately [which leads to
different ingredients in bounds (5.4) and (5.5)]. The first two steps are based on
simple applications of a noncommutative Bernstein inequality (3.1); the third step
relies in addition on Talagrand’s concentration inequality and empirical processes
bounds.

Step 1. To bound the first term note that

= Z( —E(p° — 5. X)?)

1 n
=<(;3““ -8 ®(p° -9, - > (X ®X)) —E(X®X))>.

j=1
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Applying (3.1) to the sum of independent random matrices X; ® X; — E(X ® X),
we can claim that with probability at least 1 — e™’

Z( —E(p* - 5. X)%)

<1p°=SI?

1 n
- > ((X;® X)) —E(X@X))H
j=I1

t +log(2m?) t +log2m?)\ .
s4<amx,/ . v U} p 165 — SI3

t +log(2m?) t +log(2m?)
54UX®X,/+|| — S|P v 16U3 ZL

We also used the fact that | X ® X|| = [|X|3 <UZ, IX ® X — IE(X ® X)|| <2U;
as well as the bounds [[(0° — §) ® (0° — |1 = ||p° — S||2 < |1pf — S||% and
6% —Slh <2.

Note that the term o X\/% in the threshold ¢,, ,, originates in this step.

Step 2. The second term can be written as

—Z<S P X)) = 8. X)) —E(S — p, X)(p° = S, X))

< S—Z(S 0, X;) j—E(S—p,X)X)>
]1

and bounded as follows: with probability at least 1 — e,

1$ N ~g
;Z((S—p,XjMp =8, X;) —E(S—p, X)(p —S,X))‘

n

1
- (S—p. X)X, —E(S —p, X>X>H
j=1

=<15° =Sl

1 n
<2‘; > US—p. Xj)X; —E(S—p,X)X)H
j=l

t + log(2m) t + log(2m)
<8UIS = pllLymy/ —, v 8U||S — /0”1T-

Here we applied bound (3 1) to sums of independent random matrices Y; — EY;,
where ¥; = (S — p, X;)(p® — S, X ;) and also used simple bounds

I6° =Sl =2,
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IE(S — p, X)2 X[ < U2IIS = plI3 )
and
IS = p. X) X[ <U?|IS — pl1-
The bound of this step is the origin of the terms [|.S — ol 1, m) %’", Uz%" in the
inequalities of the theorem.

Step 3. We turn now to bounding the third term in the right-hand side of (5.7).
It is easy to decompose it as follows:

T A R 1<
> 6 - 5. X)) =<”“(’)8 B ZSJ'P“X"P“>

— =1
(5.8) ’ :

1 & R
+— D &{° = 8, PLX;).
j=1

Note that

A 1 ¢
<PLJ_(p8 — S)PLJ_, E ZS]PLJ‘X]PLJ‘>
j=1

1 n
;ZéjPLJ_XjPLJ_
j=1

< NP6 = S)Ppilh

Applying bound (3.1) one more time, we have that with probability at least 1 —e ™"

. 1 ¢
<PLL(/O8 —S)P; 1, - ZsjPLLXjPLL>
j=1

t +log(2 t +log(2
§2||PLL(,5€_S)PLL”1|:O-‘§0-X Mvz%yw}
n n

where we also used a simple bound ||IE§2(PLLXPLL)2 | < 0,%_2 IEX?| = 05202.
To bound the second term in the right-hand side of (5.8), denote

1 n
— Y &i(p1 — p2, PLX)

n =1

o, (8) := sup
p1,02€S, lp1—p2ll Ly (1) <6

Clearly, |% ;!:1 £i(p° =S, PLX )| <an(lp® — Sllz,am))- To control a,,(8), we

use Talagrand’s concentration inequality for empirical processes. It implies that,
S

for all § > 0, with probability at least 1 —e™*,

(5.9) o (8) < 2[1[-3@” (8) + o ﬂ(L)cS\/g + 4c§U%]
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Here we used the facts that EE2(p; — ps, P X)% < agﬁz(L)llpl - /02”%2(1'1) and

1€ (o1 — p2, PLX)| < cellpr — p2ll1 IPLX |
<2ce(IXI| + 1 PLe X Ppol)
<dce|| X|| < 4ceU.

We will make the bound on «,(8) uniform in § € [Un~!,2U]. To this end, we
apply bound (5.9) for § =§; = 2_j+1U,j =0,1,..., and with s =1, ;=1 +
loglog,(2n). The union bound and the monotonicity of «,(8) with respect to §
implies that with probability at least 1 — e~ forall § € [Un™', 2U]

(5.10) cw@)SCPMM®4ﬂ%ﬁ@mJ§i+QU%ﬂ,

where C > 0 is a numerical constant. Now it remains to bound the expected
value Ec;,(5). Let ey, ..., e, be the orthonormal basis of C™ such that L =
Ls.{ey,..., e }. Denote E;;(x) the entries of the linear transformation x € M, (C)
in this basis. Clearly, the function (p; — pz, Prx) belongs to the space L :=
Ls{E;j:i <ror j <r} of dimension m? — (m — r)? = 2mr — r2. Therefore,

2 n
=& X))

n =1

Ea,(6) <E sup
FELNfllLym=B(L)é

Using standard bounds for empirical processes indexed by finite-dimensional func-
tion classes, we get Ea, (8) < 2«/505 B(L)S % ‘We can conclude that the follow-

ing bound on «;, olds with probability at least 1 — e~ forallé € [Un™", :
ing bound (8) holds with probability at least 1 — e~ forall § € [Un~",2U]

(5.11) au&sCPwuw/%Amwuw/g+%U%}

Note that since [|5° — S|1 <2 and || X|| < U, we have ||5° — S||7,, = E(5° —
S, X)? <4U?, 50 [|p® — S|,y <2U. As a result, with probability at least 1 —
e, we either have || p° — S|,y < Un~! or

1 n
kZaW—&m&>
n j:1

e mr e T T
<Clo:B)IIp" — SllL,am) 7+Ug,3(L)||,0 — Sy ;+CEU; .

In the first case, we still have

U [mr U [t Tn

1 X e
— Y Ei(p° = S, PLX;)
n =
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Let us assume in what follows that ||p® — S|z, = U n~! since another case is
even easier to handle.

The terms ag,BZ(L) %ﬂ”, osox||PpLSPp L 1\/% in the inequalities of the the-
orem have their origin in this step.

We now substitute the bounds of steps 1-3 in the right-hand side of (5.7) to get
the following inequality that holds with some constant C > 0 and with probability
atleast 1 —4e™":

1A = ST,y + 118° = £IT ) + €K (5% S)

<118 = pllZ,my + €alog $)I15° — Sl L,am)

tn . t
+ 160X®x,/;’"||p8 — S+ 64U%;’"

1 1,
+ 16U 1S = pllyamy | v 16U
n n
~e [tm Im
+4|Pro(p —S)PLL||1|:O'§O'X ;V265U71|

N mr+ T, T
+C[Usﬁ(L)||PS—S||L2(H),/ " nVCgU;n:|.

Under the assumption ¢ > D¢, ,, with a sufficiently large constant D > 0, it is
easy to get that

(5.12)

tm . & . & A
(5.13) 16aX®x‘/;’"||p£—S||%sEnpg—sn%sEK(pg;s»

Also, by Proposition 1,
1Pp(p® = S)Prolly < 1 PLLp®Prolli + PSP
<3||P LSP; LIt +2K (0% S),

and, under the same assumption that € > De, , with a sufficiently large constant

D >0,
o [Im Im
4||PLJ_(p _S)PLJ_||1|:O'£:O'X ;V2C§U;:|

1, 1,
(5.14) <C|P;LSP; .| |:Ggax [y c:;-Uﬂ]
n n

+2Kp9)
1 K055 9.
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Combining bounds (5.13) and (5.14) with (5.12) yields
~ ~ & ~
16° = Sz, +16° = Pl + 7K (5% 5)

< IS = pll7, ) + €alog $)I15° = SliL,m)
(5.15)

R mr 4+ T, 1
+C[||pf—5||L2(mogﬁ<L) - ”vUnS—anz(m‘/;m

1, T, Vit 1,
VPSP L|l1osox,| =V csU——"2 v U3 ’”}
n n

n
with some constant C > 0. It follows from the last inequality that

~ ~ € A
(5.16) 16° = SlIZ,m) < AllA° = SlLym + B — 2K (5% ),

where A := §a(log ) + CozB(L),/ "= and

B:=|S— ,0“%2(1-[) - ||,5€ - :0”%2(1'1)

Im tm
+ClIIS = pllL,mU ;VHPLLSPLL”lO’gO’X —

T Vi t
Ve UL vazzﬂ}.
n

It is easy to check that

s A+\/A2+4(B—(8/4)K(,6'9;S))>2
Ry =

2

< (A + \/(B - K S))+>2.

If £K(p%; S) = B, then || p° — S|7 ) < A, which, in view of (5.16), implies

~ & ~
15" = Sy + 7K (5% $) < A*+ B.

Otherwise, we have ||6° — S|7, ) < A* +2AVB + B — K (5°; S), which im-
plies that

A € 3
16 = Slliym + 7K (5% $) = 34% + 3B.
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Thus, the last bound holds in both cases, and, by the definitions of A and B and
elementary algebra, one can easily get that

A 3. €
16° = Slzyam + S15° = pllTymy + K (57 8)
3 2
SE”S_/)”LQ(H)
(5.17)

mr + 1,

1
+C [azaog )2 VIS = pllomU, |~ v of (L)

t T, V¢t t
Vogox | PSP, — Ve U \/Uzzﬁ},
n n n

which holds with probability at least 1 — 4e~" and with a sufficiently large con-
stant C. To replace the probability 1 — 4e~" by 1 — e, it is enough to replace ¢
by t + log4 and to adjust the values of constants C, D accordingly. Then, (5.17)
easily implies the bounds of the theorem. [J

REMARK. Note that replacing in Step 1 of the proof rather simple bounds
based on the Ahlswede—Winter inequality by a more sophisticated argument based
on Talagrand’s generic chaining, one can obtain another version of the bounds
of Theorem 4 that might be stronger in certain applications. For instance, one
can use Theorem 3 in Aubrun (2009) [that relies on the results of Guédon et al.
(2008)] to obtain the following version of (5.5) that holds for ¢ > D¢, ,, with

En.m = ngx,/%" \/CgU%m:
N 2
15° _P||L2(r[)
2
=S —plz,m

mr + 1,

1,
+ c[az(log $)e* VIS = plleymU, [ v og BAL)

It T, Vt t +log® mlogn
Vogox||PLSPri ﬂ\/CgU LM y? £ g ]
n i n

n

This could be better than (5.5) since there is no term oxgx./ ’nﬂ in the new defini-

5
tion of ¢, ,, and also because U 2% could be smaller than Uzz%” when U

is much smaller than U; (e.g., in the case of sampling from the Pauli basis, Uy = 1
and U =m~1/?).

EXAMPLE (Sampling from an orthonormal basis). Recall that in this case I1
is the distribution in an orthonormal basis Ei,..., E, > that consists of Hermi-
tian matrices. Since || X||2 = 1, one can always assume that U, =1 and U < 1.
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Denote 7 :=II({E;}) and 7, := max; ;<2 ;. Then it is easy to check that

0% <My, 0ggy < m. Indeed, for an orthonormal basis ey, ..., e, of C",
0)2( = ||IE'IX2|| = sup E(sz, v)
veC™,|v|=1
= sup E(Xv,Xv)= sup EXv|?
veCm, |v|=1 veCm |vj=1

m

2
m m
= sup ZEl(Xv,ejHZ: sup Zan|(Ek,v®ej)|2

veCm u|=1 vel, =1 j= k=1

m
- 2 —
<7 sup Y [v®ejl; <min,
UE(Cm,|U|=lj:1

where we used Bessel’s inequality for the basis {E, ..., E,»}. Similarly,
otex < IEX ® X’ = sup EI(X®X)VI5= sup EI(X,V)5IXI3
1Vil2=1 1V]l2=1
m2
< sup Y mNEx. V)3 <7m sup [IVI3=7m,
IVI2=1 = IVi2=1

where we used the fact that || X||» = 1 and, again, Bessel’s inequality. Note also
that [|A|12, ) < 7wl Al13. A € My (C).

In the case of a nearly uniform design already defined in Section 2, 0)2( <cm™!,
0fox < cim™* and [|A|7,q, < cim || All5. We also have that [|A|Z, ) >
czm_2||A||%, A € H,, (C), which implies that the quantity (L) involved in Theo-
rem 4 is bounded by \/g .

We can derive the following corollary of Theorem 4. To simplify its statement,
we will assume that, for some A > 0,

loglog, (2n) < log(2m), oe >m~ 2,

ceU < A|o: L/\azmlogz(mn) .
- mty, §

Essentially, it means that the variance 052 of the noise is not too small,” and the
constant c¢ is not too large comparing with the variance, which makes it possible
to suppress the exponential tails in Bernstein-type inequalities. In this case, we can

(5.18)

take &, 1= 0%,/ % and let ¢ = D¢, ,, for a sufficiently large constant D > 0.

7Using the remark after the proof of Theorem 4, one can drop the condition that o > m~ /2

however, some additional terms will be needed in the bound of Corollary 1.
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COROLLARY 1. Suppose that I1 is a nearly uniform distribution in a basis
{E1, ..., E,2} that consists of Hermitian matrices. There exists a numerical con-
stant C > 0 such that the following holds. For all t > 0, for all sufficiently large D

and for € = Dgy, n, with probability at least 1 — e™",

, rank(S)mt,, log? (mn) }
o .
n

(5.19) 115" = pllZ,m) < Sigg[z||s = Pl + C D¢

PROOF (SKETCH). We will use the second bound of Theorem 4. Note that
in the case under consideration A (L) < %.8 Suppose now that S € S is an ar-
bitrary oracle of rank r. Then there exists a subspace L of dimension r such that
P; 1 SP; 1 =0. We will use bound (5.5) for S5 := (1 — 8)S+61mﬂ, where § = e A1,
as we did in the proof of Proposition 4. As in this proof, we have, for some constant
C; >0,

a(log Ss) < mﬁlog(l + %) < Clmﬁlog(mn)

and ||S — 8177y < 48°E[| X||* < 45* < 4&>. Finally, note that
IPLiSsPpillt = (A =) PpLSPpolli + 8 PLolTm/m)Ppifli <8 <e.

Substituting these inequalities in (5.5) (with S replaced by Ss), taking into account
the bounds on oy, oxgx and B(L) that hold in the case of nearly uniform design
and bounding |[Ss — p|7,r, in terms of ||S — p||Z, ) and [|S5 — S|I7, gy, (sim-
ilarly to what was done in the proof of Proposition 4), it is easy to derive (5.19)
from (5.5). O

Similarly, it is easy to obtain another corollary where the L (IT)-error of esti-
mator p¢ is controlled in terms of Gibbs oracles. Recall the notation at the end of
Section 4, and also denote I', := || H<, ||% =31 ykz, and assume that I"'; > 1 and
also that (5.18) holds.

COROLLARY 2. There exists a numerical constant C > O such that the fol-

lowing holds. For all t > 0, for all sufficiently large D and for ¢ = Dg,, ,, for all

Hermitian matrices H and for all r < m, with probability at least 1 — e,

1A° = pIIZ ) < 2l om = PIIT )
(5.20)

N C[ag(thmFr +r)m

v m—zaf(H)].
n

8Recall the definition of A(L) given before Proposition 4.
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REMARKS. Note that both the matrix completion design of Example 1 in the
Introduction and sampling from the Pauli basis (Example 2) are special cases of
nearly uniform design. In the case of matrix completion c; =2, ¢y =1 and U = 1.
In the case of sampling from the Pauli basis, c; = ¢» = 1 and it is easy to see that
U = m~'/2. Thus, in these two examples the statements of Corollaries 1 and 2
hold under assumption (5.18) with proper values of U.

Note also that the bounds of Theorems 3, 4 and Corollaries 1, 2 can be proved
in the case when the noise is unbounded, in particular, Gaussian; see the remark
after Theorem 4. This immediately leads to Theorem 1 stated in the Introduction.
To this end, it is enough to modify slightly conditions (5.18) by replacing c¢ by
another quantity defined in terms of [|& ||y, , which, in the case of Gaussian noise,
is of the same order as o¢; again, see the remark after Theorem 4. Then the bound
of Corollary 1 becomes the second bound of Theorem 1; the first bound follows
from Theorem 3.

6. Oracle inequalities: Sub-Gaussian design case. In this section, we turn
to the case of sub-Gaussian design matrices. More precisely, we assume that X is
a Hermitian random matrix with distribution IT such that, for some constant by > 0
and for all Hermitian matrices A € M, (C), (A, X) is a sub-Gaussian random vari-
able with parameter bg|| A|| ., (). This implies that EX = 0 and, for some constant
b1 >0,

(6.1) (A, X) My, <b1llAllL, ), A e M, (O).
In addition to this, assume that, for some constant by > 0,
(6.2) IAllLymy = (A, X) I Lyamy < b2l All2, A € M, (C).

A Hermitian random matrix X satisfying the above conditions will be called a
sub-Gaussian matrix. Moreover, if X also satisfies the condition

(6.3) IAIL,m =ENA, X)P =4[5,  AeM,(),

then it will be called an isotropic sub-Gaussian matrix. As it was already men-
tioned in the Introduction, the last class of matrices includes such examples as
Gaussian and Rademacher design matrices. It easily follows from the basic prop-
erties of Orlicz norms [see, e.g., van der Vaart and Wellner (1996), page 95]
that for sub-Gaussian matrices [|AllL,@m) = E/P|(A, X)|P < cpb1b2||A||% and
Ay, = II{A, X)|ly, < cb1b2l|All2, A € M,,(C), p > 1, with some numerical

constants ¢, > 0 and ¢ > 0. The following fact is well known [see, e.g., Rudelson
and Vershynin (2010), Proposition 2.4].

PROPOSITION 6. Let X be a sub-Gaussian m x m matrix. Then there exists a
constant B > 0 such that ||| X|||ly, < BJ/m.
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Below, we give oracle inequalities and random error bounds in the sub-Gaussian
design case. We will use the following notation. Given ¢ > 0, let

tm =1t +log(2m), 7, :=t +loglog,(2n) and ¢, , :=71,logn V.

In what follows, the noise satisfies the assumptions of the previous section except
the boundedness assumption. Instead, it is supposed that [|£]|y, < +o00. Denote

[H
ce := ||€]ly, log 6;”2 and let

mt, mty,
P

En,m ‘= O¢ T \e

THEOREM 5. There exist constants C > 0,c¢ > 0 such that the following
holds. For all t > 0 such that T, < cn, for all S € S and for all ¢ € [0, 1], with
probability at least 1 —e™!

165 = SIZ,am <218 = plIZ,m)

mty,

(6.4) n C[s(”log S|l Alog %) Vo

]

and
1A° = plIZ ) < IS = I,y
m mt
(6.5) +C{8<||10g5|| N log ?> VIS = pllL,a “
1, 1, mt,
\/O'E mnm miy (Cgi)fnm:|
In particular,

R m am ft
17° = p3ym < C[e(nlogpn Nog ™ ) v [ (e v i) }

We now turn to more subtle oracle inequalities that take into account low-rank
properties of oracles S € S.

THEOREM 6. There exist numerical constants C > 0, D > 0, ¢ > 0 such that
the following holds. For all t > 0 such that v, < cn, for all ¢ > De, n, for all
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subspaces L C C™ with dim(L) :=r and for all S € S, with probability at least
f

1—e™,
5° — SI3 ) + K (5%
15° = Sy + SK (5% S)

<2[IS = pllTm

(6.6)
C|:a2(10g e v Uszﬁz(L)mr + 1
V"S”PLLSPLLlll\/i (csvf)\/_t"m}
and
15" = PIIZ )
6.7) = IS = PlL,m)

mty, mr + 7
+C[a2(logS)82v||S—,0||L2(1-[)/ 2 Vof . 1
A/ mt,
\/O'§||PLJ_SPLJ_||1‘/ V (cg Vv /m) ’"}

PROOF. It follows the lines of the proof of Theorem 4 very closely with only
minor modifications in steps 2,3 and with more substantial changes in Step 1,
where one has to control % ;?:1 ({(pf =8, Xj)2 —E(p¢ — S, X)?). To this end, we
will study the empirical process

A, (8) ;= sup
feFs

'Y (x5 - PrR),
j=1
where Fs := {(S1 — S2,-): 51,82 € S, 151 — S2|l1,(m) < 6}. Clearly,

i Z —E(p° =S, X)?)| < An(I15° = SlLym))-

Our goal is to obtain an upper bound on A,,(8) uniformly in 8 € [(m/n)'/?, 2b5].
First we use a version of Talagrand’s concentration inequality for empirical pro-
cesses indexed by unbounded functions due to Adamczak; see Section 3. It implies
that with some constant C > 0 and with probability at least 1 — e~

mtlogn

n

(6.8) An(8) <2EA,(8) + caz\[ +C
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Here we used the following bounds on the uniform variance and on the envelope
of the function class F; 52: for the uniform variance, with some constant ¢ > 0,

sup (PfH!/? = sup 181 = Sall7 4y < €8”
feFs S1,52€8, 151 =82l L, (my <8

by the equivalence properties of the norms in Orlicz spaces. For the envelope,

sup f2(X) = sup (S1— 8, X)? < 4|X|
feFs 51,9268, I151=82l L, () <6

and

‘ max sup fz(X,-)

1<i<n feFs

g, = Xy, logn < 2]l IX 11, logn < c3m logn
for some constants c1, ¢z, c3 > 0, where we used well-known inequalities for max-
ima of random variables in Orlicz spaces; see, for example, Lemma 2.2.2 in van der
Vaart and Wellner (1996).

To bound the expectation EA,, (§) we use a recent result by Mendelson (2010);
see Section 3.7 It gives

r(Fsi ¥2) V3 (Fs; w]
Jn n

with some constant ¢ > 0. It follows from (6.1) that the v; and {»-norms of func-
tions from the class Fs can be bounded from above by a constant times the Ly (P)-
norm. As a result,

(6.10) sup || flly, <cé,
feFs

6.9) EA () < c[ sup 1 flly,
feFs

and the following bound holds for Talagrand’s generic chaining complexities:

(6.11) Y2(Fs; ¥2) < va(Fsscll - lryamy)s

where c is a constant. Let G be a symmetric real-valued random matrix with inde-
pendent centered Gaussian entries {g;;} on the diagonal and above, where Egizl. =1
and Eg}, = 1.i # j. Under condition (6.2), E[(S}, G) — (82, G)|* = ||S1 — $z13 =
181 — 52”%2(1'1) for some constant cq, and it easily follows from Talagrand’s
generic chaining bound that, for some constant C > 0,

v2(Fs:cll - llL,am) < CE sup [{(S1 — $2, G)|
81,8268, I1S1=52l L, (1) <6
(6.12)
=:Cw(G; ).

91In fact, an even earlier result by Klartag and Mendelson (2005) with the ¥»-diameter instead of
Y1 -diameter would suffice for our purposes.
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It follows from (6.9), (6.10), (6.11) and (6.12) that

G;$ 2(G; 8
(6.13) EA,(S) < C[(Sw( VIR )]
N n
By Proposition 6, we get
w(G;8) =E sup I(S1 — S2, G) <E|GI sup [S1— Sl
$1,826€8,1S1 =82l L, () <6 $1,5.€8
<2E|G| < cy/m.

Substituting this bound in (6.13) yields that, for some constant C > 0,

(6.14) EA,(8) < C[aﬁv @},
n n

and combining (6.14) with (6.8) gives that with probability at least 1 — e~

1
(6.15) An(a)gc[a/ﬂvﬂvsz ryr Og"}.
n n n

t

n

It is easy to make bound (6.15) uniform in § € [(m/n)l/z, 2b,] by a simple dis-
cretization argument (as we did in Step 3 of the proof of Theorem 4). This leads to
the following result: with probability at least 1 — e~’, for all § € [(m/ n)l/ 2 2bs],

1
(6.16) An(S)SC[S\/@vﬂ\/(SZ ’_"VM},
n n n n

where 1, =t 4 loglog,(2n). Thus, with the same probability and with a proper
choice of constant C > 0

1 & . N
=D 6" =8, X;)? —E(p° = 5, X))
j=1

A m _m A T, mt,logn
§C|:”p€_S”L2(H)\/;V;V||/08—S||%2(1'[) "v”—}

n n

provided that || 5¢ — S|\, ) € [(m/n)'/2,2b,].
The rest is a straightforward modification of the proof of Theorem 4. [

For simplicity, we state the next corollary (similar to Corollary 1) only in the
case of sub-Gaussian isotropic design. Recall that in this case || - |,y = || - ||l
and B(L) =1.

COROLLARY 3. There exist numerical constants C > 0, ¢ > 0 such that the
following holds. For all t > 0 such that t, < cn, for all sufficiently large D > 0
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and for € = Degy, ,, for all matrices S € S of rank r, with probability at least

—1
1—e™t,

1A° = plIT,cmy <218 = I,

2
1, t
6.17) + C[D2 (052 It cg rmzm) logz(mn)
n n

t
v<y§2—” v (ce v\/ﬁ)@]

In a special case of Gaussian noise, the bounds of the above corollary can be
simplified since in this case ¢z < cog for some numerical constant c. In particular,
Theorem 5 and Corollary 3 immediately imply the bounds of Theorem 2 in the
Introduction (to this end, one just has to drop the terms in the bounds of Theorem 5
and Corollary 3 that are dominated by the main terms under the assumption that
the noise is Gaussian and other assumptions of Theorem 2).
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