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Abstract: Density matrices are positively semi-definite Hermitian matri-
ces with unit trace that describe the states of quantum systems. Many quan-
tum systems of physical interest can be represented as high-dimensional low
rank density matrices. A popular problem in quantum state tomography
(QST) is to estimate the unknown low rank density matrix of a quan-
tum system by conducting Pauli measurements. Our main contribution is
twofold. First, we establish the minimax lower bounds in Schatten p-norms
with 1 < p < 400 for low rank density matrices estimation by Pauli mea-
surements. In our previous paper [14], these minimax lower bounds are
proved under the trace regression model with Gaussian noise and the noise
is assumed to have common variance. In this paper, we prove these bounds
under the Binomial observation model which meets the actual model in
QST.

Second, we study the Dantzig estimator (DE) for estimating the un-
known low rank density matrix under the Binomial observation model by
using Pauli measurements. In our previous papers [14] and [25], we studied
the least squares estimator and the projection estimator, where we proved
the optimal convergence rates for the least squares estimator in Schatten
p-norms with 1 < p < 2 and, under a stronger condition, the optimal
convergence rates for the projection estimator in Schatten p-norms with
1 < p < +o0. In this paper, we show that the results of these two distinct
estimators can be simultaneously obtained by the Dantzig estimator. More-
over, better convergence rates in Schatten norm distances can be proved for
Dantzig estimator under conditions weaker than those needed in [14] and
[25]. When the objective function of DE is replaced by the negative von
Neumann entropy, we obtain sharp convergence rate in Kullback-Leibler
divergence.
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1. Introduction

Let H,, be the set of all Hermitian matrices: H,, := {4 € C™*™ : A = A*} with
A* denoting the adjoint matrix of A. For A € H,,, tr(A) denotes the trace of A
and A = 0 means that A is positively semi-definite (i.e., all its eigenvalues are
nonnegative). Let S, := {S € H,,, : S = 0,tr(S) = 1} be the set of all positively
semi-definite m x m Hermitian matrices of unit trace which are called density
matrices.
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In quantum mechanics, the state of a quantum system is often characterized
(or at least approximated) by a density matrix p € S,,. The goal of quantum
state tomography (QST) is to estimate the unknown state p based on a number
of measurements conducted on the systems prepared in state p (see [7], [6], [11],
[3] and references therein). The difficulty of QST is that the dimension m grows
exponentially as the system size increases. For instance, for a quantum system
consisting of b qubits, its density matrix p € S, with m = 2°. Fortunately,
density matrices of many important quantum states (for instance, pure states)
are of low rank which can significantly reduce the complexity of the estimation
problem. In this paper, we focus on the following set of low rank density matrices,

Sy i={S €S, : rank(S) < r}. (1.1)

Typically, the statistical model of QST is as follows. Given an observable A €
H,, (in this paper, A represents a Pauli matrix) with spectral representation
A= Z;nzll A; Pj, where m’ < m, \; being the distinct eigenvalues of A and P;
being the corresponding mutually orthogonal eigenprojectors, the outcome of
a measurement of A on the system prepared in state p is a random variable
O taking values A; with probability tr(pP;). Put it differently, P(O = X;) =
(p, Pj),j = 1,2,...,m. Then, it is easy to check E,O = tr(pA) and the vari-
ance of the outcome O depends on both p and A. Usually, given an observable
A, multiple measurements of A are performed on independently and identically
prepared quantum systems and the average outcome Y is taken as the output,
whose variance can be significantly smaller than the outcome O from a sin-
gle measurement. For instance, given the Observable A, it is used to conduct
measurement on K independently and identically prepared quantum systems,
producing the outcomes Oj,...,Ox. Then Y is taken as ¥V := K~! Zszl Oy.
Typically, there are many possible choices for the Observable A. A common
approach is to choose an observable A at random, assuming that it is the value
of a random variable X with some design distribution II in a subset of H,,.
More precisely, given a sample of n i.i.d. copies Xi,...,X,, of X, (multiple)
measurements are performed for each of them on quantum systems identically
prepared in state p resulting into the (average) outcomes Y7, ...,Y,. Based on
the data (X1,Y7),...,(Xn,Ys), the goal is to estimate the underlying density
matrix p € S,,. Clearly, the observations satisfy the following model !

Y =tr(pX;)+ &, j=1,...,n, (1.2)
where ¢; is a random noise satisfying the condition
Vip, X;
E,(¢|X;) =0 and Var,(&|X;) = %

Tt worths to point out that there is a trace regression model with bounded response
studied in [14] where Y; represents the outcome of measuring X; on a single quantum sys-
tem without repetition. That is, the data given under this model is (X1,01),...,(Xn,On).
The purpose of considering this model is to study how many quantum systems should be
produced for estimating the underlying density matrix. Here, model (1.2) is more related to
compressed sensing and primarily focuses on the question: what is the smallest number of
Pauli measurements needed to reconstruct the low rank density matrix.



52 D. Xia

for j = 1,...,n where V(p, X;) denotes the corresponding variance which de-
pends on the measurement X; and the density matrix p. This is a special case
of the so called trace regression model in the recent literature (see, e.g., [10],
[13], [17], [20], [23] and references therein). By CLT, (vVK&;|X;) can be approx-
imated by a centered Gaussian random variable with variance V' (p, X;) as long
as K is large enough.

Low rank density matrices (quantum state tomography) have been studied in-
tensively both in the quantum physics community and in the statistical learning
community. In Gross [6], Gross et al. [7] and Liu [15], the authors introduced the
techniques used for matrix compressed sensing problems into quantum state to-
mography in order to estimate an unknown low rank quantum state. As a result,
the matrix LASSO estimator (see [15], [17] and [20]) and matrix Dantzig esti-
mator ([4], [5] and [15]) can be immediately applied in the settings of low rank
density matrices. The restricted isometry property (RIP) is a key technical tool
in proving the consistency of these estimators, which requires n 2 mr log® (m)
Pauli measurements (see Section 2.2). In addition to these methods based on
convex programming, another approach was proposed in [1] through a rank pe-
nalization on a linear estimator reconstructed based on all the nontrivial Pauli
measurements. A least squares estimator with penalization by von Neumann
entropy was studied in [11] where an upper bound for the Kullback-Leibler
divergence was also obtained.

Although those papers mentioned above have provided many meaningful re-
sults on low rank density matrices estimation, some other important problems
are partially resolved just recently. The first problem is related to the statisti-
cal lower bounds in Kullback-Leibler divergence and Schatten norm distances
for low rank density matrices estimation. In [5], the authors proved a minimax
lower bound for the Schatten 1-norm (trace norm) distance. Then a method is
developed in [14] proving the minimax lower bounds in both Kullback-Leibler
divergence and all Schatten norm distances. Those bounds are established un-
der the trace regression model with Gaussian noise (1.2) and the trace regres-
sion model with bounded response. Moreover, a least squares estimator pe-
nalized by von Neumann entropy was also studied in [14], achieving the op-
timal convergence rates in Schatten p-norms for 1 < p < 2 which match the
minimax lower bounds. Similar optimality has also been shown for Kullback-
Leibler divergence. Even though the minimax lower bounds under Gaussian
noise model has been developed in [14], there are two unresolved questions.
One is that the practical model for each outcome is actually a multinomial
model (Binomial model in the case of Pauli measurements), rather than a
Gaussian noise model unless the problem is studied in the asymptotical set-
tings. Another question is that the minimax lower bounds developed in [14]
are based on the assumption that each £; has the same variance, which is cer-
tainly not true in QST. These questions will be resolved in this paper and
minimax lower bounds will be developed under the Binomial observation model
(the typical model for Pauli measurements) where the noise variance depends
on both the underlying density matrix p and the corresponding Pauli measure-
ment X;.
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Another problem is related to estimators achieving the upper bounds in
Schatten p-norms for all 1 < p < 4o00. In the trace regression model with
Gaussian noise, the sharp upper bounds in Schatten p-norms have been proved
in [14] for a least squares estimator (denoted by p in the following context).
In particular, these upper bounds (except the logarithmic terms) in Schatten
norms are given as follows (assuming that V(p, X;) < ag for all X;):

3/2,.1/p 3/2,1-1
~ aegm="=r agm P
—ll, < C ( ) 2, 1<p<? 1.3
o= ol < o7 Y\ ET e
for some constant C' > 0. These bounds hold as long as ¢ 2 ﬁ for Pauli mea-

surements. It is interesting to notice that the second term in (1.3) implies that
™ (logarithmic factors)— 0 is enough to guarantee ||p — p||2 — 0 as m,n — oc.
The convergence rates in other Schatten norm distances are proved in a recent
work [25] where a projection estimator is considered and upper bounds in the
form (1.3) are obtained for all 1 < p < 400. The bounds established in [25] relies
crucially on the assumption that o > % for Pauli measurements (if o¢ < %,
the bound holds by replacing o¢ with %) Clearly, one question is that whether
the performances of the least squares estimator and the projection estimator
can be simultaneously obtained by a single estimator. And another question is
what bounds can we get when o¢ is small? We seck to answer this question
by considering a Dantizg-type estimator for Pauli measurements. Its Schatten
p-norm convergence rates have the same form as (1.3) for 1 < p < 2 as long as
e 2 ﬁ In addition, when o¢ 2 %, its Schatten p-norm convergence rates
can be obtained for all 1 < p < +00. In other words, the Dantzig-type estimator
achieves the performances as both the least squares estimator in [14] and the
projection estimator in [25], under the same conditions. Another advantage is
that nontrivial convergence rates in Schatten p-norms for 1 < p < +00 can also
be obtained under weaker conditions on o¢. A summary of these results can be
found in Section 5.

2. Backgrounds and preliminaries
2.1. Notations

The notation (-,-) is used for both the Euclidean inner product in C™ and
for the Hilbert-Schmidt inner product in H,,. || - ||,,p > 1 will be used to

denote the Schatten p-norm in H,,, namely [|A[P = > |X;(A)[P, A € Hy,
j=1

A1(A) > ... > A (A) being the eigenvalues of A. In particular, ||- || denotes the
Hilbert—Schmidt (or Frobenius) norm, |- ||; denotes the nuclear (or trace) norm
and || - || denotes the operator (or spectral) norm: || A|co = maxi<;j<m |A;(4)].

Given A € H,,, and a random variable X in H,, with a distribution II, we
write || A7, ) = Ji, (A 2)*T(dz). Similarly, define

(A, B) 1) = / (A, 2)(B, 2)T(dz).

m
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In what follows, IT will be typically the uniform distribution in an orthonormal
basis &€ = {E4, ..., Ey2} C H,,, implying that

||A||2L2(H):m_2HAH§ and (A, B)r,am) = —5 (4, B),

1
m2
50, the Ly (IT)-norm is just a rescaled Hilbert—Schmidt norm. In addition, let II,,
denote the empirical distribution based on the sample (X7,...,X,,) such that

2
||A||i2(nn) = %Z?:l <A,X¢> .
The non-commutative Kullback-Leibler divergence (or relative entropy dis-
tance) K (-]|-) is defined as (see also [18]):

K(5]|S2) = <51,10g S1 — log Sg)

for S1, 52 € Sy, If log Ss is not well-defined (for instance, some of the eigenvalues
of Sy are equal to 0), we set K(S51]|S2) = +oo. The symmetrized version of
Kullback-Leibler divergence is defined as

K(Sl;SQ) = K(51||52) -+ K(SQ”Sl) = <Sl - 52,10g S — 10g52>.

C,C1,C" ¢, d, ete will denote constants (that do not depend on parameters of
interest) whose values could change from line to line (or, even, within the same
line) without further notice. For nonnegative A and B, A < B (equivalently, B 2
A) means that A < CB for some absolute constant C' > 0, and A < B means
that A < B and B < A simultaneously. Moreover, by writing A Siog(m,n, k)
B, we mean that A < C1Blog® mlog® nlog® K for some absolute constants
Cl, C1,C2,C3.

2.2. Sampling from Pauli basis and Binomial observation model

The spin-% particle is the simplest example of a two-state quantum system,
which is conventionally called a qubit. The state of a single qubit is determined
by its spin: up, down or a superposition of both. One most popular Observable
for a single qubit system is usually represented by Pauli matrices. They are
given as

o R H ) NP (A R (R R

The matrices o04,0y,0, correspond to the spin along the coordinate axes in
R3. The additional matrix oy represents a trivial operation on the single qubit
system. Define W, := %UQ for a = 0,z,y, z. Then {Wy, W,, W,, W.} consists
of an orthonormal basis of Hy which is conventionally called the Pauli basis.
The Pauli matrices can be easily generalized for multi-qubit systems. Indeed,
for a system with b qubits, the normalized Pauli matrices are constructed as

E={Wa, @Wa, @...0 Wy, ta1,...,a € {0,2,y,2}}, (2.2)

which actually form an orthonormal basis of H,, with m = 2°. We rearrange
the Pauli matrices £ := {FE;,1 < i < m?} such that B} = Wy ® ... @ Wy =
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\/—%Im and Fs, ..., E,2 denote the rest of Pauli matrices in (2.2). An obvious
1

fact is that \/—% is the only eigenvalue of F; and + o are the eigenvalues of
Es, ..., E,2 with the same multiplicity such that tr(Ej) = 0 for 2 < k < m?.

In other words, one has the spectral decomposition E; = \/—%P,j — ﬁPk_ with
rank(P,7) = rank(P, ) = 2 for 2 < k < m?. Note that E; = ﬁ[m with

P = 0. By measuring E), on a b-qubits system prepared in the state p € Sy,
with m = 2%, the outcome 7} is a random variable taking values i\/% with
probability (p, PE) and E, 7 = (p, Ex) for 1 < k < m?. If we represent p in the
Pauli basis
m2 o
k
= —F
P Z Jm k
k=1
with a5 = 1 and |ay| < 1 for 2 < k < m? Then P,(r, = %) = H[% and
2 2 2
Var,(73) = -2k depending only on the coefficient ay,. Since [|p[|3 = Sp, 2k <
1, it indicates that Card({k : |ax| > 1}) < 4m. Therefore, for most of k (at
least m? — 4m), Var, (1) > 5-.

A standard approach in QST is to randomly select X uniformly from the
Pauli basis £. Then multiple measurements of X are conducted on quantum
systems independently prepared in the same (unknown) state p. Suppose that K
measurements are performed, resulting into the outcomes O, ..., Ok. Clearly,
|Ok| = \/—% for 1 < k < K. Let X1,Xo,..., X, be ii.d. random Pauli matrices
sampled uniformly from £ with replacement. For each X;, K measurements are
conducted and the outcomes are collected. Let K" denote the number of out-
comes +ﬁ and K; denote the number of outcomes —\/—1771. Then K}f + K, =

K. 1t is clear that K has a Binomial distribution and K;" ~ Bin(K, (p, X;"))
where X;" and X, represent the spectral projectors of X; corresponding to

b

the eigenvalues —i—\/% and _\/%_ Moreover, K ! Zle Oy = % In other
+_ —_

words, if we define Y; = %, then (X;,Y;) satisfies the trace regression

model (1.2) Y; = (p, X;) + & with E,(&]X;) = 0 and E,(£2|X;) < . By as-
suming & X; ~ N(0,0%) for all 1 < i < n, the minimax lower bounds of estimat-
ing low rank p € S, based on the data (X1,Y7),...,(X,,Y,) was established
n [14]. Clearly, the assumption of Gaussian noise with common variance is not
true in practice. In section 3, we prove the minimax lower bounds based on the
data (X1, K{"),...,(X,, K,") where (K;" | X;) has a Binomial distribution for
1 < i < n. Formally, our model is described as follows.

Assumption 1 (Binomial observation model). Let £ be the Pauli basis as
n (2.2). Let X be sampled uniformly from &, then measurements of X are
conducted on K quantum systems independently and identically prepared in the
state p. Let KT be the number of —l—ﬁ collected from the K random outcomes.

The data (X1, K{),...(X,, K;F) consists of n i.i.d. copies of (X, K*). Let P,
denote the probability distribution of (X1, Ki),... (X, K;7).
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2.3. Some useful lemmas

The following well known interpolation inequality for Schatten p-norms will be
used to extend the bounds proved for p = 1 and p = oo to the whole range of
its values. It easily follows from similar bounds in /,-spaces.

Lemma 1 (Interpolation inequality). For 1 < p < g < r < oo, and let p € [0, 1]
be such that

Then, for all A € H,,,
ANl < Al IIALR"

Given a subspace L C C™, Lt denotes the orthogonal complement of L
and P;, denotes the orthogonal projection onto L. Let P, Pi be orthogonal
projection operators in the space H,, (equipped with the Hilbert—Schmidt inner
product), defined as follows:

Pi(A) =P, AP, PL(A)=A—P L AP, ..

These two operators split any Hermitian matrix A into two orthogonal parts,
Pr(A) and P;(A), the first one being of rank at most 2dim(L).

Non-commutative (matrix) versions of Bernstein inequality will be used in
what follows. Lemma 2 is an unbounded version of the standard matrix Bern-
stein inequality (see [21]) whose proof is provided in [11]. Recall that, for any
a > 1, the ¥4-norm of a random variable Z is defined as

IZ |y, = inf {c >0 Eel?l°/C" < 2}.

Lemma 2. Let X, Xq,..., X, € H,, be ii.d. random matrices with EX = 0,
0% = [[EX2||oo and U > max (||| X [|ools., 2EY/2| X|2.) for o > 1. Then,
for all ¢ > 0, with probability at least 1 —e™¢,

1 & t + log(2m) (@) U\ ¢+ log(2m)
- ) < = S .
vy Oo_c(ax,/ B\ /) 0g (V)

j=1

The following lemma will be helpful. It means that given S € §,, and its
support L, then the projection of S; — S onto L dominates its complement
in nuclear norm for all S; € S,,. This is due to the unit trace of all density
matrices.

Lemma 3. Let S € S, such that rank(S) < [I. Then any S; € S,,, the following
inequality holds

151 — Sl < 2v21||S1 — S]Ja. (2.3)
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Proof. Let L denotes the linear space spanned by the first [ eigenvectors of S and
Pr, Pt be corresponding orthogonal projection operators. Then if rank(S) < I,

1S =1 =[[S1lly = |51 = S+ S|l
=[PL(S1 = ) + P (S1 = 8) + S|
>|[PL (S1) + Sl = IPL(S1 = 8)lh
=Pz (SOl + S|l = IPL(S1 = S)s,

(2.4)

where the last equality is due to the mutual orthogonality between S and
P (S1). As a consequence,

1Pz (SD)ll < IPL(S1 = S)ls

and ||S1 — S||1 < 2||PL(S1 — 9)|l1 < 2v21||S; — S|z since Pr(S; — S) has rank
at most 2[, which proves the inequality (2.3). O

3. Minimax lower bounds

In this section, we prove the minimax lower bounds in Schatten p-norms of
estimating p € Sy, under the Binomial observation model (Assumption 1).
These bounds hold for all the Schatten p-norms with 1 < p < +oc0. In addition,
we also obtain the minimax lower bound for Kullback-Leibler divergence. Note
that the bounds in Theorem 3.1 are equivalent to the bounds proved in [14]
under the Gaussian noise model with common variance (by setting crg = Klm in
[14, Theorem 4]).

Theorem 3.1. Under the Binomial observation model (Assumption 1), for all
p € [1,+00], there exist constants c,¢’ > 0 such that the following bounds hold:

mrt/p m \'"r
inf sup P D — >c 1 > 3.1
b o ”{'” Pl (m/\<m) A )}— (31)

inf sup PP{K(,{)Hﬁ) > c(% /\1)} > ! (3.2)

P pESm,r

and

where inf; is taken as the infimum over all etimators p based on the data
(le KlJr)a AR (Xnv K;:)

Remark 1. Note that n and K are the main interesting parameters in quantum
state tomography. The value of K represents the number of quantum systems
prepared for each of the Pauli measurements Xi,...,X,. The value of n is
closely related to the number of different Pauli measurements needed to be
setup in real experiments®. Clearly, if K increases, the bounds (3.1) and (3.2)
become smaller. In the case K =< m, we get

2In real experiments, setting up a Pauli measurement is much more time consuming than
producing identically prepared quantum systems.
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1—1
. ~ m 1y m P /
inf sup el ol 2 e(\[2r A ({2) T A1) 2,

where (1 / %) " converges to 0 for any p > 1 as long as =t — 0. It is worthwhile

to compare the bounds (3.1) and (3.2) with the bounds (30) and (31) in [14]
under the trace regression model with bounded responses (where each X; is used
as measurement on only one quantum system). By replacing n with nK in (30)
and (31) in [14], we immediately end up with bounds (3.1) and (3.2). If we just
focus on the necessary number of identically prepared quantum systems in both
models, bounds (3.1) and (3.2) are essentially equivalent to the bounds (30) and
(31) in [14]. However, bounds (3.1) and (3.2) indicate that the necessary number
of different Pauli measurements can be significantly reduced in the Binomial
observation model (Assumption 1). For instance, bound (3.2) is nontrivial only
when nK > m?r?. Therefore, nK = O(m?r?) random Pauli measurements are
needed for bounds (30) and (31) in [14] . Under the uniformly sampling scheme,
it means that all the O(m?) different Pauli measurements will be used. However,
in our Binomial observation model (Assumption 1) with K =< m, bound (3.2)
indicates that O(mr?) different Pauli measurements might be enough to produce
an estimation with small error in relative entropy distance. Moreover, if we
consider Schatten p-norm distances for p > 1, the Binomial observation model
requires only n = O(m) Pauli measurements which is significantly smaller than
m2.

4. Dantzig estimator and optimal convergence rates

In view of the minimax lower bounds established in Section 3, it is natural to ask
which estimators can achieve these convergence rates under the Binomial obser-
vation model (Assumption 1). In [5], [7] and [15], the matrix LASSO estimator
and Dantzig estimator were considered in the setting n > mrlog® m, where the
convergence rates in Schatten p-norms are obtained for 1 < p < 2. Those con-
vergence rates match the first term in (3.1) up to logarithmic terms®. In our
recent paper [14], a least squares estimator was studied and the convergence
rates in Schatten p-norms for 1 < p < 2 were proved as long as K < n (noise
is large enough). For Schatten p-norms with 1 < p < 400, a different estimator
was proposed in [25] based on the eigenvalues thresholding which achieves con-
vergence rates matching the minimax lower bounds (3.2) when K < m. Both
the bounds proved in [14] and [25] are nontrivial as long as n Zigg(m,n) M-
Clearly, both estimators in [14] and [25] have advantages in different settings.
In this section, we show that the advantages of both estimators can be obtained
simultaneously for the Dantzig-type estimator. Moreover, nontrivial Schatten

3In their work, they focused on a nontrivial upper bound for the Schatten 1-norm. It

1—1
corresponds to vnK Z mr in (3.1), in which case the second term (\/%) ? is dominated

mrl/P

by the first term Ny
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p-norms for 1 < p < 400 can be obtained under weaker conditions. Let’s begin
with the introduction to the Dantzig-type estimator.

4.1. Dantzig estimator

Recall that the central problem in QST is to estimate an unknown high-dimen-

sional low rank density matrix p based on the data (Xi, Ki),...,(X,, K;5)

I
satisfying the Binomial observation model (Assumption 1). Recall Y; := K}'( \/%

for 1 < i < n and as a result (X;,Y;) satisfy the trace regression model (1.2)
with E, (§i|X¢) = 0 and Var, (§i|Xi) < K—lm Moreover, it is easy to check that

E, <eKm5? Xl-) < C for some absolute constant C' > 0 (that is, &|X; is a

subGaussian random variable). In the following, we consider estimators based
on the data (X1,Y1),...,(Xn, Ya).

The standard matrix Dantzig estimator (or Selector) is defined as the solution
to the following convex optimization problem:

. . RS
min ||S||; subject to Hﬁ Z (Yv; — (S, Xj>)XjHOO <e, (4.1)

for some ¢ > 0. When ¢ = 0, it corresponds to the noiseless settings (i.e.,
K = +00 which never happens in reality) where the exact recovery of p is the
main interest. It was introduced in Candés and Plan [4] for low rank matrix es-
timation and was applied in quantum state tomography for estimating low rank
density matrices, see Liu [15], Gross [6] and Flammia et al. [5]. They also proved
sharp (in this paper, “sharp” means optimality up to logarithmic factors) con-
vergence rates in Schatten 1-norm and Schatten 2-norm distances by applying
some techniques based on the restricted isometry property(RIP) which requires
1 Zlog(m) M7 Pauli measurements. RIP is a strong assumption, but there is yet
no results related to its convergence in other Schatten p-norms. Moreover, even
though the condition n 2o m mr looks natural for low rank matrix completion
or estimation, this condition might not be necessary for density matrix estima-
tion, especially when we focus on Schatten p-norms for p £ 1. The reason is that
a density matrix itself essentially has low rank due to its unit trace. Indeed, our
results show that n 2iogm m is sufficient to produce a consistent estimation in
Schatten p-norms with p > 1.

When S € S,,, the objective function in (4.1) is always 1 and provides no
benefit to the optimization problem. Instead, we study the following estimator:

pe = arg min{tr(Slog S):Se A(e)}, (4.2)
and
@) ={s€8,: H%Z()@_w,xj»){j”w = (4.3)

where we replaced the nuclear norm in (4.1) with negative von Neumann entropy.
von Neumann entropy of a density matrix S is defined as
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V(S) := —tr(Slog S), VS € S,

which is a concave function on S, and then (4.2) is actually a convex opti-
mization problem. von Neumann entropy plays an important role in quantum
information theory and it was used in [11] and [14] as a penalization to the
least squares estimator. In this paper, we prove the sharp convergence rates of
pe in all the Schatten p-norms with p € [1,+o0]. It is easy to show that these
rates also hold for the standard matrix Dantzig estimator (4.1). As a benefit
of von Neumann entropy in (4.2), we obtain sharp convergence rate of p. in
Kullback-Leibler divergence.

4.2. Oracle inequality and Schatten p-norm convergence rates

Theorem 4.1 displays the performance of p. by a low rank oracle inequality.
The low rank oracle inequality has been well studied for (matrix) LASSO esti-
mator(see [10] [12], and [14]). When studying Dantzig estimator in compressed
sensing problems, the sparsity oracle inequality is considered over all oracles in
the feasible set (that is A(e) in this paper), for example [9]. It is generally im-
possible to compare the performance of the estimator with sparse oracles (or
low rank oracles in matrix compressed sensing) when they are not in the feasible
set. Surprisingly, we can obtain the following low rank oracle inequality for p.
which actually hold for all the oracles in S,,,, even when the oracle is infeasible
for the optimization problem (4.1) and (4.2).

Theorem 4.1. Under the Binomial observation model (Assumption 1) and

assume p € Sy, ., let pe be as defined in (4.2). For ¢ > % % with any

t > 1 and some large enough constant C1 > 0, there exists a constant C > 0
such that with probability at least 1 — e,

~ 2 1 2
e~ el < inf {205~ ol

+C <m262 rank(S) +

rank(S) (t +1log(2m))  rank(S)(t+ log® m log® n) ?
nk + n? ) }
(4.4)

Moreover, if € = %\/ %, then with probability at least 1 — ﬁ,

rank(p) log(2m) , rank(p) logGmlogﬁn) (4.5)

N 2
lpe=plm < (=22 =

and

. rank(p)mlog*%(2m) log(Kmn)
K(pllpe) <C
(pllpe) Wrye

LC rank(p)m log® mlog® nlog(Kmn)

- (4.6)
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Remark 2. The objective function in optimization problem (4.2) is not involved
in the proof of (4.4). Therefore, bound (4.4) also holds for the standard Dantzig
estimator (4.1). Moreover, instead of (4.4), we actually prove a stronger bound
in Section 6.2:

rank(S) (¢ + log(2m))
nk
3 3.\2
rank(S) (¢ + log® mlog” n)
n2

1pe=pllZ,my < 2015 = pllZ,m +C

+0(mPrank(s) + + (9 = SIZ+ 1S = pl13)).

for any S € S,,,. Consider S = p, t = log(2m) and € = %\/ %, it indicates

that if n > C'mrlog® mlog®n for a large enough constant ¢’ > 0 such that
(due to Lemma 3)

8m2r2log® mlog®n

rank(p) log® mlog® n 9
B llpe — P||L2(n)

2
3 19 — plIY -

IN

1.
< §||Pe — olZ, >

we get ||pe — p||%2 a < 4C rank("g%, which reduces to the canonical result
by applying the restricted isometry property (see [15],[4]). This bound depends
linearly on % (which can be arbitrarily small, even K = 400), see also Remark 3
after Theorem 4.2 and the discussion in Section 5.

An immediate result of Theorem 4.1 is as follows. The following bound holds
with probability at least 1 — 5%

2m>

rlog(2m) n rlog® m log® n)

N 2
16 = ol my < O (2 : (4.7)

n

with the choice of e = £/ bg?fif(m). Assume K < n, (4.7) can be simplified into

m
e = plls 5 YImlog mlog’n (48)
‘ ~ vVnK '
and (due to Lemma 3)
rmlog® mlog®n (4.9)

H, — <
||Pe le ~ \/n_K

and
L m log® m log® nlog(Kmn)

K(pllp) < N

The following corollary is an immediate result by applying a similar approach
as in [14, Theorem 21]. Note that similar convergence rates (with different log-
arithmic factors) for Schatten p-norms with 1 < p < 2 have been proved for the

least squares estimator under the condition K S j—-"—¢ in [14].
og® mlog®n
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Corollary 1. Let p. be defined as (4.2) with e := £/ % and assume that
K < n. Then, for all 1 < p < 2, with probability at least 1 — 5

om?
16 = pllp
<C’<m7ﬂ1/p(10g37nlog3 n)(%p)/p/\< mn )1_%(log3mlog3 n)ézlp> /\2.
B vVnK vnK

(4.10)

Moreover, we get upper bounds for ||p. — p|l, with 1 < p < 400 if K < m.
The bounds in Theorem 4.2 are similar to the bounds proved in [25] for a
distinct estimator based on eigenvalues thresholding. Both the bounds (4.10)
and (4.11) match, except the logarithmic factors, the minimax lower bounds
(3.1) in corresponding settings of K.

Theorem 4.2. Let p. be defined as (4.2) with the choice of e = <& log(2m)

m nK
for some large enough constant C; > 0 and assume K < m. Then, there exists

a constant C > 0 such that with probability at least 1 — ﬁ,

1/ 1—1
e = pllp < C(% loggmloggn/\(\/%) " (log® mlog® n)1;> A2
(4.11)

for all1 < p < +4o0. In the case K 2 m, the upper bounds still hold by replacing
K with m.

Remark 3. Basically, Corollary 1 and Theorem 4.2 indicate that the perfor-
mances of both estimators in [14] and [25] can be achieved simultaneously by
the Dantzig-type estimator p.. Moreover, it worths to point out that a bound
stronger than (4.11) is actually proved in Section 6.2

N 1 15 — ol m3/2pt/p 3 3
c—pl, <C ( v ) 1 1
lpe — pllp < < = — NG og” mlog”n

pe — pll1\m3/2\1-% -1
Mo v 2 ) ot ot ) ) A2
(4.12)

which holds with probability at least 1 — ﬁ Recall that when K < n from
(4.9),

Ipe —pllx rloggmlogsn/\g
m ~ vVnK m’
Then, we get from (4.12) that
mrl/P  q3/2pits m m3/2r\1-%
Aﬁ_ 50 m,n ( V ) <—\/—) ? 1 (4.13
1P = pllo Stoxtma (v == ) N7 Vo) A\ (413)

for all 1 < p < +4o00. This bound holds for any n, K as long as K < n. It
is unclear at this moment whether the least squares estimator in [14] and the
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projection estimator in [25] can obtain this bound in the same settings. Some
interesting bounds can be obtained when we consider specific choices of n and
K. For instance, consider K = n such that n =< vnK > mr log® mlog® n. Then,
the following bound holds with probability at least 1 — 5

2m’
3/2 3/2 (1-1
~ m m 141 m
1P = pllp Sto0g(m.n) (grl/p\/ 3z +p) A ( n3/2 r) ", 1<p< oo,

. . . 3/2
More specifically, consider p = +o00, we obtain [|pe — plloo Siog(m,n) Taz7T

mT\/F \/? . It is interesting to compare this bound with the bounds established
for the projection estimator [25] and the least squares estimator [14]. Since
K 2 m, it is proved that the spectral norm convergence rate of the projection
estimator (similar bounds as in Theorem 4.2) is of the order /™ (with logarith-

. / ce .
mic factors). Clearly, %r < /% In addition, if we consider the least squares
estimator and control its spectral norm convergence rate by its Frobenius norm
convergence rate (similar bounds as in Corollary 1), we obtain a simple bound

(recall that K < n) as mT‘/; (up to logarithmic factors) which clearly dominates

mT‘/;\/%, especially when n 2 mr® for o > 1. Basically, we conclude that
the Dantzig estimator p. can achieve better convergence rates than the least
squares estimator and the projection estimator in the case n Ziogm mr. More

discussions are provided in Section 5.

5. Discussion

The main purpose of this paper is to study the convergence rates of the Dantzig
estimator in Schatten p-norms for all 1 < p < 400 and compare it with the least
squares estimator in [14] and the projection estimator in [25]. In this section, we
provide a summary of convergence rates in Schatten norm distances obtained
for estimators which have been proved in the literature. The summary is based
on the different cases of n and K. In the following, consider n Xiog(sm,n) mre®
(assume that m and r dominate the logarithmic factors).

1. If 0 < a < 1. No estimators have been shown to achieve nontrivial conver-
gence rate in Schatten 1-norm distance. For Schatten p-norms with 1 < p,
the convergence rates are proved in Corollary 1 and Theorem 4.2. These
rates can be obtained by the least squares estimator [14] and the pro-
jection estimator [25] separately, and simultaneously by the Dantzig-type
estimator p.. Basically, the following bounds hold with high probability,

. m \'=%
1 = Pllp Srog(m,n) (ﬁ) AL 1<p<2K<n
and
R m \1=%
I6: = pllp S () AL 1P < Hoo K Sm.

2. If 1 < a < 2. The RIP technique can be used or the Dantzig estimator
can be considered (as in Remark 2) and the following bound holds with
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high probability,

mrl/p m \l"%
5— ol < mn(i ( ) v 1), 1<p<2,1<K < 400
[l pe pH;r)Nlog( n) \/W /\ Jnk /\ SPp> sSnA s

Assume that K is large enough such that vnK 2 mr, then with high

probability
. mrl/P  m3/21 % m3/2r\1-3
Hﬂe—Ppr,log(m,n)(m\/ TR )/\(nm) /\1, 1<p<+oo.

(5.1)
Moreover, if K < n Xigg(m,n) mre for 1 < a < 2, then

m
-3

1P — plloo Slog(mm) MT

where the right hand side can be equivalently written as \/? Tal_l . These
bounds are nontrivial even when we compare them with the bounds ob-
tained for the least squares estimator [14] and the projection estimator
[25]. Note that there is no upper bound constraint on the value of K.

3. If « > 2. In this case, the convergence rates in Schatten p-norms are
simple for all 1 < p < 4o00. Together with the minimax lower bounds in

Theorem 3.1,

. . mrl/p
il sup Byl = plly = <M A1)
forall 1 < p < 4ooand 1 < K < +oo. It is interesting to notice that
the condition 7 Ziog(m,n) mr? is also needed in proving the optimal con-
vergence rates in Schatten p-norms of Dantzig estimator for estimating
general low rank matrices with Gaussian or Rademacher measurements,
see Xia [24]. Tt is still an open problem that whether this condition is
necessary.

6. Proofs
6.1. Proof of the minimazx lower bounds

Proof of Theorem 3.1. The proof is based on several steps. Basically, some tech-
niques in [14] are combined and we construct a subset of S, C Sy, whose
elements are well separated in Schatten p-norm such that for each p € S,
‘(p, Ek>} < % with k = 2,3,...,m?. Then, minimax lower bounds are estab-
lished by calculating the Kullback-Leibler divergence between Binomial distri-
butions.

Denote by Gy, the Grassmann manifold which is the set of all k-dimensional
subspaces L of the [-dimensional space R!. Given such a subspace L C R! with
dim(L) = k, let Pr, be the orthogonal projector onto L and let Py ; := {Pr : L €
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Gr,1}- The set of all k-dimensional projectors Py, ; will be equipped with Schatten
p-norm distances for all p € [1,4o00] (which can be also viewed as distances on
the Grassmannian itself): dp(Q1, Q2) == ||@1 — Q2llp, @1, Q2 € Br,i. Recall that
the e-packing number of a metric space (T, d) is defined as

D(T,d,e) := max {n : there are t,...,t, € T, such that Ir;ind(ti,tj) > 5}.
i#]

The packing number of P, ; with respect to Schatten distances d,, will be needed
and it is given in the following lemma (see Pajor [19]).

Lemma 4. For all integer 1 < k <[ such that k <[ —k, and all 1 < p < o0,
the following bounds hold
c

(g)d < D (P, dp,ek'/?) < (g)d, e>0 (6.1)

with d = k(I — k) and universal positive constants ¢, C'.

We will prove the bound (3.1) for 2 < r < m/2 since the proof in the case
r =1 is simpler. Moreover, the case r > m/2 can be easily reduced to the case
r < m/2 by adjusting the constant ¢ in (3.1). According to Lemma 4, there is a
subset D, C PBr_1,m—1 such that Card(Dp) > 2(r=1)(m=7) and, for some positive
constant ¢, ||Q1 — Q2ll, > ¢ (r — 1)Y/P for any Q1, Qs € D, and Q1 # Q2. Note
that for any @ € PB,_1 m—_1, it can be viewed as an (m — 1) x (m — 1) positive
definite matrix with tr(Q) = r — 1. Then, construct the following m x m density

matrix ,
1—k 0
o= (15" % ). 02

e

It is easy to check that whenever x < 1, Sg is indeed a density matrix with rank
m(r—1)

at most r. Now we take k := ¢ ik

with a small enough absolute constant

c1 > 0 and assume that x < %

Define a subset of density matrices S, := {SQ 1 Q€ Dp} and an immediate
result is Card(S,) = Card(D,) > 20~Dm=") and S, C S,,,,. Moreover, for
S0,,5¢, with Q1,Q2 € D, and Q1 # Q2, we have

K —
1501 =Sa:llp = =101 = Qallp, = ¢'n(r - et

> e m(r —1)'/» < cmrl/p
= vnK 7 vnK

for some constant ¢ > 0. To this end, we obtain a large enough subset S, such
that each element is well separated in Schatten p-norm which holds for any
1 < p < +00. Recall that € := {E1, Ea,...,E,2} is the set of Pauli matrices
with F; = Iﬁ with I,,, being the m x m identity matrix. Now, we construct
a subset S, C Sy, such that Card(S,) = Card(S,) and for each S € S,
|<S, Ek>| < % for all 2 < k < m?. The following lemma will be needed and

its proof is provided in [14, Lemma 9] by choosing v = 0.2 there and observing
tr(Eg) = 0 for 2 < k < m?.
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Lemma 5. There exists a universal constant Cy > 0 such that when m > Cf,
there exists a vector v € C™ with ||v|]| = 1 and
0.1
max |[(Fpv,v)| < —.
2§k§m2|< ko, 0)| < =
We set e; := v in Lemma 5 and construct an orthonormal basis ey, es, . .., €.
Let €:= [e1,e2,...,em] € C™*™ with e; being the i-th column of € for 1 <4 <
m. To this end, we define the subset of density matrices as follows

S; = {Sb =eSpe : S € Sp}. (6.3)
In other words, Sf, is obtained by assuming Sg, defined in (6.2) represent linear
transformation in basis {e1,...,emn}. Since € is an orthonormal matrix,
, , marl/p
156, = Sa,llp = 1Sq, — Sq.llp > ¢ Nyd YV Q1 # Q2 €D,

Moreover, for each Ej,2 < k < m?2,
K
|(S6.Er)| = ‘(1 — k)(Epv,v) + m(Q, Ey)
K 0.1 K 0.7

<(1 - k) [(Eyv, — Bkl <(A—K)—4 — < —,

—( H)H kU ,U>|+’I"7 H k” ||Q||1 ( K)\/ﬁ—i_\/ﬁ \/ﬁ
where we used the fact k < % Recall that IP, denotes the probability distribution
of (X1,K7),...,(X,, K;}) with X; being uniformly sampled from £ for each
1 < i < n. We are ready to prove the upper bound of the Kullback-Leibler

divergence D r(Ps;, [[Ps;, ) for S, # S5, € S Let 11 denote the distribution
1 2
of X which is a uniform distribution over £. Then,

Dt (B, [Ps;,)

=nEnDgky (Bin(K, L+ \/m;SQll’X> ) HBin(K’ 1+ \/%;SQ&)Q))
= = Dgr <Bin(K s \/m<SQ’1’E1>>HBin(K 1+ vm{Sqy, 1) ))
m? ’ 9 ) 3
(6.4)
- % 2<kz<m2 Dkr (Bin<K7 1+ ﬁlel’Ew)HBiH(K, 1+ \/r_n<25Q§,Ek>)>
. (6.5)

Recall that v/m(S, E1) = 1 for any S € S,,. As a result, the term in (6.4) just
equals 0. To deal with (6.5), we need a simple fact of Kullback-Leibler divergence
between two Binomial distributions.

1—

Dict, (Bin(K,p) [Bin(K.q) ) = K (plog? + (1~ p)log ;— ) <8K(p—q)’
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where the last inequality holds whenever p,q € [3/20,17/20]. As a result, we
obtain

nk

Dr(Psy, IPsy,) = 5 > m(Sh, — So,, Ei)’
2<k<m?
nk 2nK K2
< Sl _ S/ 2 < 2
— m || Ql Q2H2 — m(r _ 1)

(r—1)(m —r)log2

10 ’
where the last inequality holds as long as ¢ > 0 is small enough. Then, by [22,
Theorem 2.5], there exist universal constants ¢, ¢’ > 0 such that

1
=2cim(r —1) < 0 log Card(S,) =

inf sup B, (|5~ pll, > m’“l/p) > (6.6)
mir su — C C .
p peéliz 1P Pl = \% nk a

where the bound holds for all 1 < p < 400. Remember that S]/D C S, we get
the first term on the right hand side of bound (3.1). To this end, we assumed
k< %

Now, consider x > % In this case, cl% > % Choose the largest integer

2 <7’ <r—1 such that cl% < % Following the method above, we get

m(r’ — 1)1/p)

T >c. (6.7)

inf  sup Pp(llﬁ*ﬂllpzc
P pES,,

-1
The definition of r’ implies that ' <7’ — 1 x (\/%) . Therefore,

m(r' — 1)V ( m )1—1/11
VvnE  \VnK '

Since Spprv C S, by combing (6.6) and (6.7), we get the bound (3.1). Follow-
ing the similar approach used in [14, Theorem 4] (by comparing K (S||S2) with
squared Hellinger distance), we can get the bound (3.2). a

6.2. Proof of Theorem 4.1

The main technical tool for our proof is the following lemma which gives a
probabilistic upper bound of the product empirical processes. For any A € [0, 1],
define the set and quantity

A(D) == {A € Hp, AL <1, Al Ly < A}

and

1 n
an(A1,Ag) = sup sup |— Z (A1, Xi) (A2, X;) — E<A1,X><A27X>‘-
ALEA(A) Az€A(D) T
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Lemma 6. Let X5,..., X, be i.i.d. random matrices uniformly sampled from
the Pauli basis £. Given 0 < 6~ < §% and ¢t > 1, let

t:=t+ log(logy (67 /67) + 3).

Then, with some constant C' and probability at least 1—e™?, the following bound
holds for all #1582 ¢ 5=, 5+]:

log®/? mlog®? n + Vi N log® mlog®n + ¢

vnm nm

Generally, tight upper bounds (generic chaining bounds) of product empirical
processes are not easy to derive due to the nontrivial geometric structure of
the indexing classes of the empirical process, see Mendelson [16] and references
therein. Even though we suspect that the bound in Lemma 6 might not be sharp,
it is sufficient for us to prove the results we need in this paper. Lemma 6 will be
used to prove the oracle inequality (4.4) and the spectral norm (i.e., p = +00)
convergence rate of p. in (4.11). The proof of Lemma 6 is given in Section 6.4.

Proof of Theorem 4.1. Denote =, = %2?21 & X;. By Lemma 2, we know that
with probability at least 1 — e~ ¢,

an(Ar, Ag) < (J[(A1 T AY)

_ 1 [t+log(2m) = (t+log(2m))log'/?(2m)
Bl <~ + (6.8)
00 m nK nmvVK
for some constant C > 0. We used the simple facts |E€2X2(|M% < ﬁ (see
[14]) and H||§X||00Hw2 < % < m—\l/E The second term in (6.8) is clearly

dominated by the first term as long as n > (¢ + log(2m)) log(2m), which is
assumed to be true hereandafter. In the case n < (t+log(2m)) log(2m), bounds
(4.4), (4.5) and (4.6) are trivial.

The choice of € in Theorem 4.1 satisfies that € 2 ||=1|lcc which guarantees
the existence of the solution p. since A(e) is nonempty and p € A(e). The fact
pe € A(e) indicates that, for any S € S,

RN R R
=3 (e X5) = Vi) pe = S.X;) < ellpe = S
=1
By arranging the terms accordingly,

</36 - pyﬁe - S>L2(H) < EHﬁG - SHI + <Elvﬁe - S>

57 (= X0 = 8.X) — g - p. X) (o - 8,30,

=1

Observe that

2(pe = py e — S>L2(H) = [1pe = pllT,my = 15 = plIZ, ) + 15 = SIIZ, -
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Therefore, we get

1pe = plI3,cmyH6e = S 4amy < 1S = plI3, ) + 2(e + [Zn o)1 = S
1 n

+2’ﬁ Z <ﬁe -0 Xz><pAe -5, X1> — E<ﬁ€ — p’X></3€ — S’X>‘
=1

(6.9)

By definition of a,, (A1, Ag),

n

1

|3 (o= 0, Xi)(pe = 8, Xi) = Blpe = p, X ){pe = S, X))
i=1
. . e = Plloay [pe = SllLam
<llpe = pllle = Sl (Fr—E22, S e )
16 = plla 16e = Sl
We apply Lemma 6 with 6= = -1 and 67 = L. Clearly, if W +

% > §~, Lemma 6 yields that, with probability at least 1 — e~?,

o Z:L:I <[)6 - ani><[)e - 57 Xi> - E<[)€ - p,X><[)E — S,X>

n

~ ~ lpe—pll 1pe—S|| log3/2 m log3/2 Vi

< [l = pllllpe — Sl (V7 2ap + Vir g ) ¢ losm o mnt
~ ~ 3 3 g
+pe = pllallpe — S| CEoE AL

X . log®/2 m log®? nt/
= [|pe = Sl 15 = pll () C Bt

~ A log®/2 mlo, 3/2n+\/z_
Fllpe = pllxllpe = Sl Loy C==—"72=

R . 31003 1T
Hlpe = pllillpe — Sl CETEE,

where ¢ = ¢ + log(logon + 3). Recall from Lemma 3 that |p. — S|i <
24/ 2rank(S)||pe — S||2,

e — Slhlpe — pll o 018 108”4 VE
Pe 1IPe — Pl L (11) Jm

log® mlog®n 4t

< < lbe = pll7 ) + 2621 pe — SIIE

rank(S) (¢ +log® mlog® n)

2
p b 513,

o B N

N 1.
< gl1pe = pllzaan + 716 = Sl +C

for some constant ¢; > 0, where we applied the inequality ab < % + b2 multiple
times. Moreover, since ||p. — pll1 < ||pe — S|l + IS — pll1,

e = plllpe = Sll a0l 2t VE
€ 1 € LQ(H) \/ﬁ

log® mlog®n +t

< <lpe = SIZ, ) + 4C%|pe — oI

0| =

nm
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70
< 1. g2 25 — S ,log® mlog®n +t
< llpe = Sy + 8C2 . — S|FEE R
log® mlog®n +t
+8C%S — pli ——
nm
L 2 1 2
<37 pe = Slz,am) + ZHS = pllz,a

rank(S) (t + log® mlog® n z
+C ( 3 ) (Ipe = SIT + 118 = plI7).

Similarly, we can get

logmlog®n+1 1 .
—————— < —lpe — S|,

e = pllillpe — S1LC
nm
2
rank(S) (t 4 log® mlog® n .
¢ ( 2 ) (llpe = SIE + 15 = plI7)-
Therefore, we conclude that if ”ﬁﬁ;p_ﬂéﬁfm + ”ﬁﬁgs_”;ﬁl(m > §~, with probability

at least 1 — e,

&}:@rm&Xm—&X»—m@_mxx@_&Xﬂ
=1

3. 1. 1
Sz”ﬂe - SH%Z(H) + ZHPe - P||%2(n) + ZHS - P||2L2(n) (6.10)
2
rank(S) (t + log® mlog® n .
+C ( 2 ) (5 = SIT+ 1S = pl7)-
If, on the other hand, ”ﬁﬁ,;::“;ﬁl(n) + Hﬁﬁgi“gﬁl(n) <46 = #, then the proof of
(4.4) only simplifies since
. 2 < Lo 2
1pe = pllzyam < 55 l1pe = plly
log mlog®>n+t,, .
< BB (. — S+ 1S — ol1)
2
rank(S) (t + log® mlog® n .
< ( 3 ) (5 = SIT+ 1S = pl17)-

Plugging (6.10) into (6.9), we get that with probability at least 1 —e™?,

3, . 1. ) — R
e = Pl + 710 = Sy < 715 = Al + 20 + [1Ztlloc) 156 — Sl

rank(S) (t + log® mlog® n z
+c ( n2 ) (HPG_S||%+HS_0||?)-
(6.11)

By the bound (6.8) and the choice of «,
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= R L. =
2(e + [1Z1lloo) 15 = Sl < S l1pe = SN, ) + 4m®rank(S) (e + || =1 ]|o0)?

1, . k(S)(t + log(2
< llpe = S||2L2(H) + Cm?e®rank(S) + o (S)(¢ + log( m))

nk
(6.12)

By putting the bound (6.12) into (6.11) and adjusting some constants, we get
(4.4). Then (4.5) is an immediate result from (4.4) by setting S = p.

: /o I, : _ 1
We are ready to prove (4.6). Consider p’ = (1 —9)p+ 7= with § = I S

ﬁ. It is easy to check that p’ € A(e) as long as the constant C; in € is large

enough. By definition of p. (the subdifferential of function tr(SlogS) at p. is
log(pe) + I, see [11]), we get

<10gﬁea[)e - pl> S 07

since (I, pe — p') = 0. Meanwhile, suppose r = rank(p) and p = >/, A\, P;
with eigenvalues \; € [0, 1](repeated with their multiplicities) and one dimen-
sional orthogonal eigenprojectors P;. We extend P;,j = 1,...,r to the complete
orthogonal resolution of the identity P;,j =1,...,m. Then

I T m
log p’ zlog((l —8)p+ 5%) = Zlog((l —0)A; + 5/m) + Z log(0/m)P;
i=1 j=r+1
= Zlog(l +(1- 5)m)\j/(5) P; +1log(d/m) 1.
j=1
Therefore,

K(pe;p') < — (logp', pe—p') = <Zlog<1 +(1 - 5)m>\j/5)Pj,ﬁe - p’>

j=1
g\yzllog(l + (L= 0)mA;/0) By | llpe = #ll
J:
Note that |5 = /'l < ll5c = pllz + 8llo = L /mll2 < Il ~ pll2 + 26 and

Hilog(pr(l - 5)mAj/5) Psz - (Z log?(1+ (1 — 5)mAj/5))1/2
j=1 j=1

<Vrlog(m/9).
Then, together with (4.5) and § = n\/ﬁ,
K(peis!) < 297 ([ — ol + 2 ) log(Kmn)
nvmKk

mrlogt/?(2m) log(Kmn) Lomr log® m log® nlog(Kmn)

<C
- vnK n
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+ 4n\/\/ni—K log(Kmn). (6.13)

Recall that K(p'||pe) < K(pe; p') and the following lemma(see [14])

Lemma 7. Let § € (0,1), p € Sy and p’ = (1 — 8)p + 6Z=. Then for any
SeSn,,

Kol < K110

with h(6) := 6log § + (1 — &) log 125 < dlog &.
, we get K (p|lpe) < 2K (p'||pe) + Wﬁ log(eK'mn). Replacing K (p'||pc) with

the right hand side of (6.13) and observing that nil/% log(K'mn) is dominated

by the other two terms, we obtain (4.6). O

6.3. Proof of Theorem 4.2
We begin with the proof of the spectral norm ||pe — p||c- Note that

[1Pe = Plloo

A
— SHEZ<PE—P7X1'>X1'
i—1

1 n . A
A= (e Xy Xi B, X)X |
=1

The first term is upper bounded by 2¢ = %\/ % with probability at least
1— 55, since p. € A(e) and,

1 n
HH Z (be — p, Xi) X,

< e+ [ leo-
o0

By definition of spectral norm, the second term is written as follows (recall the
definition of A(A) in Lemma 6):

2556050500

= sup
VeA(L)'m

Z(pe P XV, X) = B{pe — p, X)(V, X)| - (6:14)

R ||Pe — Pl 1
<||pe — lean(iA 2t ),—)-
[pe = plly "m

To this end, we apply Lemma 6 with §— = ﬁ and 6t = # Then,

(Hﬁe — pll () i) < C(i10g3/2m10g3/2n N loggmlog?’n)
" m vnm nm ’

1pe = pll "m
which holds with probability at least 1 — 5 By simply replacing ||pe — p||1 with
2 in (6.14), with probability at least 1 —
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15e — plloo <C<( 1 vl)loggﬂmlog?’/zn+ilog3mlog3n)
m?2 - vVmK m vnm m n
C  log®>mlog®n B 9 log® mlog®n

S UmE yam m ok

where we used the condition K < m (logarithmic terms get higher order due to
this simplifying step). Since ||p — p||s has a trivial upper bound 2, we conclude
that

Cmlog® mlog®n
Ae - [ee] S 2.
e — pll N N

By Lemma 3, with the same probability,

”ﬁe - ,0||1 < QHPL(ﬁe - p)”l < 27"”[% - P”oo <

3 3
Cmrlog” mlog n/\2’
vVnK

where L denotes the support of p. Applying the interpolation inequality from
Lemma 1,
5 — <4 — ollXPl1 5. — HlIt=1/P
16e = pllp < llbe = Pl llpe — pllos

for all 1 < p < +00, we get bound (4.11).

6.4. Proof of Lemma 6

Proof of Lemma 6. For any A € [0, 1], define the following quantity
1 — 2 2
BulB)i= sup |- (4, X;)" ~E(4,X)|

AcA(n)' i

For all A; € A(A1) and Ay € A(A3), the following fact is clear,

n

‘% > (Ar, Xi)( Az, Xi) — E(Ar, X ) (42, X)|
i=1
<7 D7 (A s, X0) B (A + A, X
=1
%‘ D (Ar— A2, X;)" ~ E(A; — AQ,X>2‘

1
n i=1

<Bn(I1A1 + Al a1y /2) + Bu (A1 — Azl L, 01)/2)
where the last inequality holds because 41542 € A(]|A; £ A, | ,(11y/2). Observe
that HAliA;”L"‘(H) < Al;AQ for all A; € A(A1) and As € A(A3). Therefore,

an(Ar,Ag) < 25n(M)-
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It suffices to prove an upper bound for 3,,(A) for A € [6~,1]. We need to point
out that the upper bound for 3,,(A) has been claimed in our previous paper [14]
without proof. Since Lemma 6 is used for several times in this paper, we give a
simple proof based on Dudley’s entropy bound and the Lo (IL,,) complexity of
unit ball in H,,, equipped with Schatten 1-norm.

Assume that A € [§~,67], the main strategy is to derive the upper bound of
Bn(A) for A € [§;,8;41] with §; =276~ for j =0,1,2,..., |log, g;]. Following
a standard argument, the bounds are then taken uniformly over the whole range
[07,6%]

For a fixed j such that A € [§;,0,11], we apply Bousquet’s version (see [10,
Chapter 2]) of Talagrand’s inequality for empirical processes and get that with
probability at least 1 — e~ ¢,

Bn(A) < 2EB,(A) + 2A\/7 Lo b
nm nm

for any ¢t > 1. We used the facts

1 2 _ A2
sup E<A X> < — sup E{(4,X) <
AcA(A M AcA(A) m
and <A, X >2 < % To control ES,, (A), by the symmetrization inequality,
1 n
EB.(A) < 2ExE. sup ’— e(A,X; ‘
AcA(A)'TY ; >
where €1, ..., €, are i...d. Rademacher random variables.

Fix X1, Xa,..., X, and consider the sub-Gaussian process indexed by A €
A(A) defined as

1 < 2
Gy = 7n ;61<A,X1‘>

This is a sub-Gaussian process with respect to the pseudo-distance

Lo 1/2
o ml/2 _ 2_ (=
d(A1, A2) :=E/*(Ga, — Ga,) _<n ;<A1 Az, X ><A1+A27 >>
<L20y[|A1 — A2|lL(1,)s

where 02 := sup 37 (A, Xi>2. According to Dudley’s entropy bound,
AEA(A)

N
E. sup |Gal < / Hl/z(A(A),d, u)du,
ACA(A) 0

where the entropy number H(A(A),d,u) = log N(A(A),d,u), the logarithmic
of u-covering number of A(A) with respect to the pseudo-metric d.
Since d(Al,AQ) S 20‘n||A1 — A2||L00(Hn)a

u

HY2(A(A), du) < HY2(A(A), Lo (IT,), 5 ).

" 20,
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As a consequence,

D

20,

don/vm
E, sup Gu< / HY2(A(A), Lo (IT,),
A€ A(A) 0

2/ym
< 20, / HY2(A(A), Loo (I1,,), w) du.
0

The Lo (I1,,)-complexity of unit balls in H,, equipped with nuclear norm
distance has been thoroughly studied. When X1, ..., X,, are fixed, the vector
(<A, X1>, R <A, Xn>)/ belongs to the cube [—1/+/m, 1/1/m]™. The l-covering
number is upper bounded by

This bound will be used when « is small. When u is large, we apply the following
bound, see [15, (21)], [8],[2, Lemma A5],

3
N(A(A), Lo (T1,), u) < eXp{Cw}

u?m
for some constant C' > 0. Then, by setting K = \/i_m,
2 2/m log3/2 mlogl/2 n
E. sup GA <Un/ \/_log )du+an/ ——du
AcA(A uy/m K uy/m
o 1
<o, vk log(1l + —— n 3/2 1 loet/2 n
<onv/n og(+K\/m)+\/ﬁ mlog nogK\/m
< 1og/ mlog3/2n
\/_

Therefore, we conclude that

1
EBn(A) = —=ExE. sup G4 < Exan log 3/2 mlog3/2n

Vn “AcA(n) Vn

Note that

n n

1 9 1 2
Exo, =E - A, XN < |E - A X;
xom =Exy | oup S (AX) < [Bx sup T (4 X)

<VEBL(A) + A2,
Therefore, we get

log?’/2 m log3/2 n
EBn(A) S VEBL(A)+ A2—————|
5n(8) S VEBL(B) + N

which can be simplified into

logg/2 m logg/2 n n log® mlog®n

Efn(A) S A vnm nm
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Therefore, for A € [d;,8;4+1], with probability at least 1 —e™",

log®/? m 1log®/? log® mlog® t t
Ba(A) < CA2E MO8 T, ;708 TRIOB TV | 9N — 2.

vnm nm nm
for some C' > 0. By making it uniform over all j = 0,1,..., |log, g—J_rJ and
adjusting ¢ to t + log(log, g—f + 2), we get the uniform upper bound of 5,(A)
for A e [57,07]. O
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