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Abstract: Let S, be the set of all m x m density matrices (Hermitian
positively semi-definite matrices of unit trace). Consider a problem of esti-
mation of an unknown density matrix p € Sy, based on outcomes of n mea-
surements of observables X1, ..., X, € H,, (H,, being the space of m x m
Hermitian matrices) for a quantum system identically prepared n times in
state p. Outcomes Y7, ..., Y, of such measurements could be described by
a trace regression model in which E,(Y;|X;) = tr(pX;),5 = 1,...,n. The
design variables X1,..., X, are often sampled at random from the uniform
distribution in an orthonormal basis {F1,..., E,,2} of Hy, (such as Pauli
basis). The goal is to estimate the unknown density matrix p based on the
data (X1,Y1),...,(Xn,Yn). Let

2 n

A m

7= E Y; X
j=1

and let p be the projection of Z onto the convex set Sy, of density matrices.
It is shown that for estimator p the minimax lower bounds in classes of
low rank density matrices (established earlier) are attained up logarithmic
factors for all Schatten p-norm distances, p € [1,00] and for Bures version
of quantum Hellinger distance. Moreover, for a slightly modified version
of estimator p the same property holds also for quantum relative entropy
(Kullback-Leibler) distance between density matrices.
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1. Introduction

Let M, be the set of all m x m matrices with entries in C. For A € M,,,, let
A* denote its conjugate transpose and let tr(A) denote the trace of A. The
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complex linear space M, of dimension m? will be equipped with the Hilbert-
Schmidt inner product (A, B) = tr(AB*), A, B € M,,. Let

H,, :={AeM,,: A=A"}

be the set of all Hermitian matrices. Clearly, H,, is a linear space of dimension
m? over the field of real numbers (and it is a real Euclidean space with inner
product (-,-)). For A € H,,, the notation A > 0 means that A is positively
semi-definite. A density matrix is a positively semi-definite Hermitian matrix of

unit trace. The set of all m x m density matrices will be denoted by
Spmi={S€eH,,:S=0,tr(S) =1}

Density matrices are used in quantum mechanics to characterize the states of
quantum systems. More generally, the states are represented by self-adjoint
positively semidefinite operators of unit trace acting in an infinite-dimensional
Hilbert space. In this case, density matrices of a large dimension m could be
used to approximate the states of the system.

The goal of quantum state tomography is to estimate the density matrix for a
system prepared in an unknown state based on specially designed measurements.
Let X € H,,, be a Hermitian matrix (an observable) with spectral representa-
tion X = Z;nz/l AjPj, where m’ < m, \; € R,j = 1,...,m’ being the distinct
eigenvalues of X and P;,j = 1,...,m' being the corresponding eigenprojections.
For a system prepared in state p € S,,,, possible outcomes of a measurement of
observable X are the eigenvalues A, 7 = 1,...,m’ and they occur with proba-
bilities p; := tr(pFP;),j =1,...,m'. If Y is a random variable representing such
an outcome, then

E,Y = tr(pX) = (p, X).

In a simple model of quantum state tomography considered in this paper, an
observable X is sampled at random from some probability distribution II in
H,,, E,(Y|X) = (p, X) and Y = (p, X) + £ with noise £ such that E,({|X) = 0.
Given a sample X1,...,X, of n i.i.d. copies of X, n measurements of observ-
ables X1,..., X, are performed for a system identically prepared n times in the
same unknown state p € S,, resulting in outcomes Y7, ..., Y,. This leads to the
following trace regression model

}/j:<anj>+§jaj:1a'“7n (11)

with design variables X;,j = 1,...,n, response variables Y;,j = 1,...,n and
noise &;,j = 1,...,n satisfying the assumption E,(§;|X,;) =0,j =1,...,n and
E,(Y;|X;) = (p, X;). The goal is to estimate the target density matrix p based
on the data (X1,Y7),..., (X, Ys), with the estimation error being measured by
one of the statistically meaningful distances between density matrices such as
the Schatten p-norm distances for p € [1,00] or quantum versions of Hellinger
and Kullback-Leibler distances.

This version of the problem of quantum state tomography has been inten-
sively studied in the recent years. The noiseless case (quantum compressed sens-
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ing) was considered in [13] and [12]. In these papers, sharp bounds on the number
n of measurements needed to recover a density matrix of rank r were obtained
based on a subtle argument (so called “golfing scheme”) utilizing matrix Bern-
stein type inequalities. These developments were related to an earlier work on
low rank matrix completion [8]. In the noisy case, trace regression problems have
been studied by many authors (see, e.g., [18] and references therein). The main
focus was on nuclear norm penalized least squares estimator (matrix LASSO)
and related methods such as matrix Dantzig selector (see [7], [22], [28], [17]).
In [24], sharp bounds for matrix LASSO and matrix Dantzig selector, in par-
ticular, for Pauli measurements in quantum state tomography were obtained.
Most of the results in these papers included upper bounds on the estimation
error in Hilbert—Schmidt (Frobenius) norm as well as low rank oracle inequal-
ities ([22], [18], [21]). In [22], an upper bound on the operator norm error of a
nuclear norm penalized modified least squares estimator was also proved. This
result was further developed in [25]. In [19], upper bounds and low rank or-
acle inequalities for von Neumann entropy penalized least squares estimators
were studied (including the bounds on the error in Bures distance and quan-
tum relative entropy distance). A rank penalized estimator of density matrix
was studied in [1]. The minimax lower bounds on the Frobenius norm error for
matrix completion problems in classes of matrices of rank r were obtained in
[22] (the operator norm version could be found in [25]). In [26], a method of
deriving lower bounds for unitary invariant matrix norms (including Schatten
p-norms) was developed and, among other matrix estimation problems, such
bounds were obtained for matrix completion. Minimax lower bounds on the
nuclear norm error in density matrix estimation were obtained in [10], where
it was also shown that these bounds are attained (up to logarithmic factors)
for the matrix versions of LASSO and Dantzig selector. In [5], estimators of
density matrices based on spectral thresholding along with their versions based
on subsequent projecting onto the set of density matrices (somewhat similar to
what is done in the current paper, but for a somewhat different measurement
model) were studied. The main focus in this paper was on the upper bounds and
minimax lower bounds in the Frobenius norm. Another recent paper [14] deals
with low-rank matrix recovery, in particular, in the case of positive semi-definite
matrices, for several measurement models that do not seem to cover the Pauli
measurements. On the other hand, this paper treats the under-determined case
and provides uniform bounds over the choice of design.

In our recent paper [23], we derived minimax lower bounds in classes of low
rank density matrices for the whole range of Schatten p-norm distances as well
as for Bures (quantum Hellinger) and quantum relative entropy distance. We
also showed that these minimax bounds are attained (up to logarithmic factors)
for von Neumann entropy penalized least squares estimators introduced in [19]
simultaneously for Bures, relative entropy and Schatten p-norm distances for
p€l,2].

The current paper could be viewed as a continuation of [23]. Our main goal is
to study a minimal distance estimator p of p (initially proposed in [20]) defined
as the projection of a simple unbiased estimator
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onto the convex set of density matrices S,,. We show that the minimax error
rates established in [23] for the classes of low rank density matrices are attained
for this estimator up to logarithmic factors in the whole range of Schatten p-
norm distances for p € [1, 00| as well as for Bures and relative entropy distance.
The proof of these results relies on simple properties of projections of Hermitian
matrices onto the convex set S,,, of density matrices (see Theorems 3.4 and 3.5)
that might be of independent interest.

Throughout the paper, (-,-) denotes either Hilbert—Schmidt inner product
(defined above), or (with a little abuse of notation) the canonical inner product
of C™. The corresponding norm in C™ is denoted by |- |. For A,B > 0, the
notation A < B means that A < CB for a numerical constant C > 0, A 2 B
means that B < A and A < B means that B < A < B. If needed, these
signs might be provided with subscripts indicating that the constant is allowed
to depend on parameters. Say, A <, B would mean that A < CB with C
depending on ~.

2. Preliminaries
2.1. Distances between density matrices

The Schatten p-norm of a matrix A € H,, is defined as
m 1/p
4l = (WP ) e 1 toc],
j=1

where A;(A) > .-+ > An(A) are the eigenvalues of A arranged in a non-
increasing order. For p = 1, the norm ||A||; is called the nuclear or the trace
norm; for p = 2, || A||2 is the Hilbert—-Schmidt (generated by the Hilbert—Schmidt
inner product) or Frobenius norm; for p = 400, |4l = maxi<j<m |A;(A4)] is
called the operator or the spectral norm. Note that, for all A € H,,, [1,00] 3
p +— ||A|lp is a non-increasing function. The following interpolation inequality is
well known and can be easily deduced from a similar result for £,-norms. Let
1<p<g<r<ooandlet u€[0,1] be such that %—i—#:%,then

JAll, < [AJZIAI, A€ H,. (2.1)

In addition to the distances generated by the Schatten p-norms, the following
two distances (extending well known distances between probability distributions
used in the classical statistics) are of importance in quantum statistics: Bures
distance and Kullback-Leibler divergence. The Bures distance is a quantum
version of Hellinger distance and it is defined as follows:

H2(5,,8,) =2 — 2tr\/S1/28,5/2 5,8, € Spn.
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The quantity try/ 511/252511/2 is called the fidelity of states S1,S2 (a quantum
version of Hellinger affinity). Note that 0 < H?(S1,S2) < 2 and that H(S1,Ss)
defines a metric in the space S,,.

Given a density matrix S = Z;:1 Aj(¢; ® ¢;) with nonzero eigenvalues \;
and eigenvectors ¢;, let supp(S) be the linear span of vectors ¢1,..., ¢, € C™.
The non-commutative Kullback-Leibler divergence, or relative entropy distance
is defined as

K(SlHSQ) = tl"(Sl log51 -5 log 52),51,52 SR

provided that supp(S1) C supp(Sz) (in particular, if Sy is of full rank), and
K (51]|S2) := 400 otherwise. Clearly, K(S1]|S2) is not a metric (it is not even
symmetric). It is well known that K(S1||S2) is the supremum of classical
Kullback-Leibler divergences between the distributions of outcomes of all possi-
ble measurements (represented by positive operator valued measures (POVM))
for the system prepared in states S; and Ss. Similar property holds also for the
Bures (Hellinger) distance and for the nuclear norm distance ||S1 — Sz||1 which
is the supremum of classical total variation distances between the distributions
of outcomes of all measurements (see [29], [16]). These observations easily imply
the following inequalities:

1
Z”Sl — 85|17 < H?(S1,52) < K(S:1]S2) A[|S1 — Salx (2.2)

(see also [19]).

2.2. Sampling from an orthonormal basis

Uniform sampling from an orthonormal basis is a model of design distribution in
trace regression (1.1) that has been frequently used in the literature on quantum
compressed sensing (see, [13], [12]). Let € := {F, ..., E,,,2} be an orthonormal
basis of the space H,,, of Hermitian matrices. Let

U= Dax, 1 E;loo-

Clearly, U < 1 and
1= max [Ejls <m!?U,

1<j<m?
implying that U > m~'/2. In what follows, it will be assumed that II is a uniform
distribution on the basis £. As a result, the response variables Y;,7 =1,...,n
of trace regression model (1.1) could be viewed as noisy measurements of n
randomly picked Fourier coefficients of the target density matrix p in basis
£. This model includes, in particular, the so called Pauli measurements, an
important approach to quantum state tomography (see, e.g., [13], [12]).

Example: Pauli bases and Pauli measurements. The space of observ-

ables for a single qubit system is the space Hy of 2 x 2 Hermitian matrices.
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Let

(10 (01 (0 (1 0
gg = 0 1 , 01 = 1 0 , 09 = i 0 s, 03 = 0 -1 .

The matrices 01, 02,03 (often denoted o,,0,,0) are called Pauli matrices. The
matrices W; = %ai, 1 = 0,1,2,3 form an orthonormal basis of the space Hy
(the Pauli basis). For a system consisting of k qubits, the space of observables
is H,,, where m = 2¥. The Pauli basis of this space is defined by tensorizing
the Pauli basis of Hy : ! it consists of m? = 4% tensor products W;, ® ... ®
Wi, (i1, i) € {0,1,2,3}F. Let By = Wy ® ... @ Wy and let By, ..., B,
be the rest of the matrices of the Pauli basis of H,,. It is straightforward to
check that F; = \/%Im, where I,,, denotes m X m identity matrix (thus, \/%

is the only eigenvalue of FEj). Matrices Fs,..., E,2 have eigenvalues j:ﬁ.

Therefore, ||Ej||oo = m~'/2, implying that, for the Pauli basis, U = m~'/2. The
fact that the matrices of this basis have the smallest possible operator norms
has been used in quantum compressed sensing (see [13], [12], [24]). Matrices
E; have the following spectral representations: E; = \/—1—P.+ — \/%Pf with

m-J
eigenprojections Pj+, Prj=1,... ,m? (for By, P =0). A measurement of E;
for a k qubit system prepared in state p results in a random outcome 7; with

two possible values :tﬁ taken with probabilities <p, Pji>. For random variable

75, E,m; = (p, E;). The density matrix p admits the following representation in
the Pauli basis:

2

3

a;
P lﬁ j

J

with aq = 1 and with some o; € R, j = 2,...,m?. This implies that E,7; = %,

1 1+a;
]P’p{rj = i—m} =— J
—a?
and Var,(7;) = 1753. Note that, for j = 1, a1 = 1, ]P’p{ﬁ = \/—%} = 1 and
Var,(r1) = 0. For j =2,...,m?, |a;] <1 (a; = £1 if and only if Var,(7;) = 0).
Let v be picked at random from the set {1,...,m?} (with the uniform distri-
bution) and let X = E,,Y = 7, (which corresponds to random sampling from
the Pauli basis with a subsequent measurement of observable X resulting in the
2

outcome Y). Then E,(Y|X) = (p, X) and Var,(Y|X) = =2, Moreover, we

have

2

1\ o 1 272m a?72||l)”%
P{Var,(VIX) < 5} =Plal 2 3} < 2Bl = 257 = SR,

Jj=1

n what follows, the sign ® denotes the tensor product of vectors or matrices (linear
transformations). For instance, for u,v € C™, u ® v is a linear transformation from C™ into
itself defined as follows: (u ® v)x = u(z,v),x € C™.
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Since, for p € Sy, |Ipll2 < 1, this means that, for m > 2 with probability at

least 1 — %, Var,(Y|X) > ﬁ In other words, the number of j = 1,...,m?
such that Var,(r;) > L is at least m? — 2m implying that, for the most of the

values of j, Var,(7;) x%%

The variance could be further reduced by repeating the measurement of the
observable X K times (for a system identically prepared in state p) and av-
eraging the outcomes of the resulting K measurements. In this case, the re-

sponse variable becomes Y = (p, X) + ¢, where E,(£|X) = 0 and E,(£%|X) =

Var, (Y|X) = 2.

2.3. Minimax lower bounds

In [23], the problem of density matrix estimation was studied in the case of trace
regression model (1.1) with i.i.d. random design variables X7, ..., X, sampled
from the uniform distribution in an orthonormal basis £ = {F,..., E,,2} in
two different settings: trace regression with Gaussian noise and trace regression
with a bounded response. In both cases, minimax lower bounds on the estimation
error of the unknown target density matrix p of rank at most r were obtained
for the Schatten p-norm distances (p € [1,4o00]) as well as for the Bures version
of quantum Hellinger distance and for the quantum Kullback-Leibler (relative
entropy) distance. These results of [23] are stated below.

Denote by S, the set of all density matrices of rank at most r (1 <r < m).

Assumption 1 (Trace regression with Gaussian noise). Let (X,Y") be a random
couple with X being a random matrix sampled from the uniform distribution I in
an orthonormal basis € = {F,..., E,2} C H,,. Suppose that, for some density
matric p € Sy, Y = (p, X) + &, where  is a mean zero normal random variable
with variance ag independent of X. Let (X1,Y1),...,(Xn,Yy) be n i.i.d. copies
of (X,Y).

In this model, the level of the noise £ is characterized by its variance which
should be involved in the error bound (this could be viewed as a normal approx-
imation of the noise in the case when repeated measurements are performed for
each observable X; with averaging of the outcomes).

Theorem 2.1. Suppose Assumption 1 holds. For all p € [1,400], there exist
constants ¢, ¢’ > 0 such that, the following bounds hold:?

3 3/2 17%
. . oem? oem
inf sup ]P’p{Hp—p|p>c<r1/p i/ﬁ /\( é\/ﬁ ) /\1)} >, (2.3)

P pESy m

3
. R ogm?2 ’
inf sup P {H2 , zc(r 1)}2c, 2.4

b pGST,m P (p p) \/ﬁ /\ ( )

2Here P, denotes a probability measure such that Assumption 1 is satisfied with density
matrix p.
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and

3
. ~ ogm?2 /
inf sup]P’{Kpp Zc(r 1>}zc, 2.5
ot s Py Ko1)o 177 (25)
where inf, denotes the infimum over all estimators p in S, based on the data
(X1, Y1),..., (X, Ys) satisfying the Gaussian trace regression model with noise
variance og.

The trace regression model with a bounded response is characterized by the
size U of the range of response variable Y, which usually coincides with the bound
on the operator norms of the basis matrices £;. It includes, in particular, Pauli
measurements discussed above (for which U = m~1/2).

Assumption 2 (Trace regression with a bounded response). Let (X,Y) be
a random couple with X being a random matriz sampled from the uniform
distribution II in an orthonormal basis € = {En,...,Ep2} C H,, with U :=
maxi<j<m? || Ejllc and Y being a random variable with values in the interval
[—U, U]. Suppose that, for some density matriz p € Sp,, E(Y|X) = (p, X) a.s.
Let (X1,Y1),...,(Xn,Yn) be n i.id. copies of (X,Y).

Let P, (U) denote the class of all distributions P of (X,Y") such that As-
sumption 2 holds for some U > 0 and E(Y|X) = (pp, X) for some pp € Sy .
For a given P € P, ,,(U), Pp denotes the corresponding probability measure
such that (X1,Y1),...,(X,,Y,) are i.i.d. copies of (X,Y).

Theorem 2.2. Suppose Assumption 2 is satisfied and, for some constant v €
(0,1),
‘tr(Ek)‘ <(1—Um, k=1,...,m% (2.6)

Then, for allp € [1,+0oc], there exist constants c.,c, > 0 such that the following
bounds hold:

. R Um3 Um3/? 1-3
inf  sup IP’P{”PK7P|z>zc’v<7‘1/p\/ﬁ /\( \/ﬁ) Al)}ZC;,

P PeP, (V) @
2.7

3
inf  sup ]PP{HQ(ﬁ, pp) > Cy (rUm /\1)} >d, (2.8)

b PEP, . (U) vn

and

Um?
inf sup ]P’{Kp ﬁ>c(r 1>}>c’7 2.9
it s PofKiel) 2 e, (AL 2 @)

where inf, denotes the infimum over all estimators p in Sp, based on the i.i.d.
data (X1,Y1),...,(Xn,Y,) sampled from P.

As it was pointed out in [23] (see Remark 12), if 7 in condition (2.6) is small
enough (say, v < 1 — %), then, in a given orthonormal basis £, there exists at
most one matrix E; such that tr(E;) > (1 —v)Um. In the case of Pauli basis,
such a matrix indeed exists and it is By = Wy ® - -+ ® Wy. Thus, Theorem 2.2
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does not apply directly to the Pauli measurement model. However, the following
result does hold (see [23], Theorem 10).

Theorem 2.3. Let {F1,..., E,2} be the Pauli basis in the space H,, of m x m

Hermitian matrices and let X1, ..., X, be i.i.d. random variables sampled from
the uniform distribution in {E1,..., Ey,2}. Let Y1,...,Y, be outcomes of mea-
surements of observables X1, ..., X, for the system being identically prepared n

times in state p. The corresponding probability measure will be denoted by P,.
Then, for all p € [1,400], there exist constants c,¢’ > 0 such that the following
bounds hold:

1—1
inf sup P o — >c rl/pﬂ <ﬁ) ' 1)} >, 2.10
it s 2 {15l = (TN (ZE) AL b2 o

m
inf sup P {H2 D, Zc(r
P oeSim (2:) Vn

A1)
" inf sup IPP{K(pHﬁ) > c(r% /\1)} >

} > c'7 (2.11)
>

(2.12)
P pESym

where inf, denotes the infimum over all estimators p in Sy, based on the data
(X175/1)a L) (X’VHY’H)

It was also shown in [23] that, in the case of Schatten p-norm distances for
p € [1,2], Bures distance and Kullback-Leibler distance, the minimax lower
bounds of Theorems 2.1, 2.2 and 2.3 are attained up to logarithmic factors
in m and n for a penalized least squares estimator with von Neumann entropy
penalty introduced in [19]. In the current paper, our main goal is to show that the
minimax optimal rates are attained up to logarithmic factors for a very simple
minimal distance estimator (that does not require any penalization) in the whole
range of Schatten p-norms, p € [1, o0], as well as for Bures and Kullback-Leibler
distances.

3. Main results

For the model of uniform sampling from an orthonormal basis £ ={F1, ..., E,2},
the following simple estimator of unknown state p € S, is unbiased:

2 n

- m
Z = — Y. X,.
o Z X
j=1
Indeed,
E,Z = m’E,(YX) = m*E(E,(Y|X)X) = m*Etr(pX) X
m2
2 2 1
=mE{p, X)X =m oo (p,E;)Ej =p
j=1

Clearly, Z is not necessarily a density matrix.
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We will now define the minimal distance estimator jj as the projection of Z
onto the convex set Sy, of all density matrices. More precisely, for an arbitrary
Z € H,,, define
Z - 9|3 (3.1)
Clearly, 7s,,(Z) is the closest density matrix to Z with respect to the Hilbert—
Schmidt norm distance (that is, the projection of Z onto S,,; such a closest
density matrix exists in view of compactness of S,, and it is unique in view of
strict convexity of S+ ||Z — S||3). Let

s, (Z) = argmingg

A

pi=rs,,(Z).
Remark 1. This definition is equivalent to the following

5= orgminges,, [— SLYHS, X)) + m2||s%} _

argmingcg, {% YL YE =250 V(S X)) + m25||§] (3.2)

that was considered in [20] (in [22], similar estimators involving nuclear norm
penalty were studied). Note that replacing the term m~2||S||3 in the right hand
side of (3.2) by its unbiased estimator n~1 Z?:1<S, X;)? yields the usual least
squares estimator

p = angminges, [ Y005 - (5.7 (33)
j=1
Note that we also have
L . RS 2
p = ongminses, [ 303 - (8.1 + <l (3.9
j=1

since, for S € Sy, ||S||1 = tr(S) = 1. Thus, p coincides with the nuclear
norm penalized least squares estimator (also called the matriz LASSO estimator)
for any value of the regularization parameter €. The fact that nuclear norm
penalization is implicitly present in quantum state tomography due to positive
semi-definiteness and trace constraint for density matrices was emphasized in
[20] and [15].

We will show that the upper bounds on the error rates in Schatten p-norm
distances for p € [1,00] and in Bures distance that match the minimax lower
bounds of Theorems 2.1, 2.2 and 2.3 up to logarithmic factors hold for the
estimator p. We will then introduce a simple modification of this estimator for
which a matching upper bound holds also for Kullback-Leibler distance.

3.1. Upper bounds on the risk of estimator p

First, we consider the case of Gaussian trace regression model (Assumption 1).
We need an additional assumption that o > # (the variance of the noise is
not too small).
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Theorem 3.1. Suppose Assumption 1 holds and o¢ > 1/2 Forallp € [1, 4],
there exists a constant C' > 0 such that, for all A > 1 the following bounds hold:

sup Pp{uz)—pnp
PESr,m

ZC(Tl/pagm%f%og@m) A (g§m3/2 \/%log@m))lﬁ /\1)} < (2m)~A

(3.5)

and

sup P,
PESr,m

{H2<i§7p)> ( ng%,/Alog 2m) /\ )} m)A. (3.6)

If o < - 1/2, the bounds still hold with o¢ replaced by —%-

Remark 2. In a number of previous results on low mnk matrix recovery, the
focus has been on the under-determined case when the number of measurements
n could be of the order mr (up to logarithmic factors) which is smaller than m?
(when the rank r is small). Moreover, some of these results cover the noiseless
case when o¢ =0 (see, e.g., [7] and [24]). This is usually done for such estima-
tors as unconstrained matriz LASSO or Dantzig selector by checking a matriz
version of Restricted Isometry Principle (RIP) for the corresponding measure-
ment model. Despite the fact that the assumption on the standard deviation
o¢ > mllj/Q is needed in Theorem 3.1 and the resulting bounds do not apply to
the noiseless case, they still cover some instances of under-determined problems.
Consider, for instance, the case of repeated Pauli measurements in which m ob-
servations are performed for each observable X; and Y, represents the average
of their outcomes. Then, U = m~'/? and the noise &; is approrimately normal
(for large m) with standard deviation o¢ < m~1. Thus, for p =2, the first term

1/ afm% VAlog(2m) _ [mrAlog(2m)
vn - n

of bound (3.5) becomes nontrivial (smaller than 1) as soon as n 2 mrAlog(2m)
(which is a standard assumption in low rank recovery problems) while the second

term . L
oem3/2\/Alog(2m)\ ' "7 _ Amlog(2m)\ ' ¥
(=) = ()
is nontrivial even when n 2 mAlog(2m) (which does not depend on the rank
r). However, it looks like such estimators as p (or the unbiased estimator Z it
is based upon) do not provide an exact recovery in the noiseless case and the
assumption that o¢ is bounded away from zero is needed for bounds of Theo-
rem 3.1 to hold (at least with our approach to its proof). This is due to the fact
that the error of estimator Z involves a part related to the randomness of design
distribution (see representation (3.12) and bound (3.13) in the proof), which is
not equal to zero even in the noiseless case.
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In the case of trace regression with a bounded response, the following result
holds.

Theorem 3.2. Suppose Assumption 2 is satisfied. Then, for all p € [1,+00],
there exists a constant C > 0 such that, for all A > 1, the following bounds
hold:

sup PP{Iﬁ—pPIp

PEP, . (U)
> C(rl/p Um? jﬁlog@m) /\<Um3/2 \/f%log(Qm))l_% A 1)} < (a4
(3.7)
and
PegBE(U)PP{H2(ﬁ’ pP) = C(T [ \/jw /\ 1)} <(2m)~*  (3.8)

For completeness, we state also the upper bounds in the case of Pauli mea-
surements (that immediately follow from Theorem 3.2).

Theorem 3.3. Suppose the assumptions of Theorem 2.3 hold. Then, for all
p € [1,400], there exists a constant C such that, for all A > 1, the following
bounds hold:

{IIﬁ —pllp > (/WW /\(mm) /\1)}

el Vi
< (2m)~4
(3.9)
" pesggmpp{m(ﬁ,p) > c(r% A 1)} < (2m)~A. (3.10)

3.2. Proof of the upper bounds

The proof of the upper bounds relies on the following fact that might be of in-
dependent interest and that essentially shows that ws, (Z) is the closest density
matrix to Z not only in the Hilbert—Schmidt norm distance, but also in the
operator norm distance.

Theorem 3.4. For all Z € H,,,

7 — Z = inf ||Z - .
17 = 75, (Z)lle = nf 117~ Sl

The proof of this theorem will be given in Section 4. Here we use it to establish
the next result that is the main ingredient of the proofs of Theorems 3.1, 3.2
and 3.3.
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Theorem 3.5. Let p € [1,+00]. For all Z € H,, and all S € S, 1,
Ims,.(2) — S, < min (22715172 - .22 - S P).

The proof relies on Theorem 3.4 and on a simple lemma stated below.

Lemma 3.1. Let S,S5" € S, and rank(S) = r. Then, for all p € [1, 0],
18" = S, < min((81)/7]S" = Sloc, 271" = S|I57).

Proof. Let L := supp(S) and denote by Pp, P;1 the orthogonal projection op-
erators onto subspace L and its orthogonal complement L, respectively. We
will need the following projection operators Pr, Pi : H,, ~ H,, :

Pi(A) =P, AP, PrL(A)=A— P, AP, AcH,,.
The following bounds are obvious:
[S|h =1=[8"lh = 18" =S+ S| = |Pr(S" = S) + P (8" = S) + S|
> ||PL (8" = S) + S|l = [PL(S" = 81

Since S = PSPy, we can use the pinching inequality for unitary invariant norm
|-l (see [4], p. 97) to get:®

1Pz (8"~ S) + S|l = | PLSPL + Pro(S' — S)Ppe |
= |PLSPL]1 + [PLa(S" = S)Ppals = IS]l1 + P (8" = S)|1-

Therefore,

151 = 181l + Pz (8" = )l = [PL(S" = S)lh,

implying that s )
IPL(S" =)l < PL(S" = )]

It follows from the last bound that
18" = S|y = IPL(S" = 8) + Pi (S = 8) < 2[PL(S" = )1

Since dim(L) = r, the matrix Pr(S" — S) is of rank at most 2r. This implies
that
IPL(S" = Sl < 2r[PL(S" = )l

< 2r([(8" = S)Prlloc + [|1PL(S" = S)Ppofloc) < 4r(|S" = 5loc-

Therefore, ||S” — S||1 < 8r||S" — S|, and since also ||S" — S|1 <2,5,5" € S,
we conclude that
[|S" — S|l1 < min(87[|S" — 5|0, 2).

Together with interpolation inequality this yields that for all p € [1, oc]
1 _
IS~ Sl < 18— SIS~ S
< min((8)/7}8" ~ S, 247" = S| 5 7). 0

31t is combined with the triangle inequality for || - |1 resulting in an equality.
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Proof. We now prove Theorem 3.5. It immediately follows from Theorem 3.4
that, for all S € S,,,

178, (2) = Slloe < 75, (2) = Zloo + 17 = Slloo < 2[|1Z = S|co-

If S € S, is a density matrix of rank r, the last bound could be combined with
the bound of Lemma 3.1 to get that for all p € [1, +oc]

I75,,(2) = Slly < min (/7517 Z — 8o, 212 - S| VP). O

Proof. We now turn to the proof of Theorems 3.1, 3.2 and 3.3. To this end, we
use the bound of Theorem 3.5 with Z = Z and S = p € S, ,,, that yields:

15~ pllp < min (275517 Z = pllae, 21 Z = pl A7) (301)

The control of

~ m?2 n
12 = ol = | 3o 1 |
j=1 o0

is based on a standard application of matrix Bernstein type inequalities. We give
a detailed argument for completeness. Note that || — pl|, in the left-hand side
of bound (3.11) is upper bounded by 2, so, if Bernstein bound on ||Z — plloo s
larger than 1 (or even 2 1), it could be replaced by the trivial bound equal to 1.
In the case of Theorem 3.2, we use the following version of Bernstein inequality
for i.i.d. bounded random matrices (see, e.g., [31]).

Lemma 3.2. Let V,Vi,...,V,, be i.i.d. random matrices in H,, with EV = 0.
Suppose that, for some constant U > 0, |V < U a.s. Let 0% := ||EV?| .
Then, for all t > 0 with probability at least 1 — e,

. Q[UW\/UtJrlog(Qm)}

For V=YX —E(YX), we get, under Assumption 2, that

Vit +Va
n

0% = |[EV?[loo < [E(Y?X?)|loo < U*|EX?]|oc.

It is also well known that, under the same assumption, |[EX?||,, = m~!. Indeed,
if {ej,7 =1,...,m} is an orthonormal basis of C™, then

IEX?o

= sup E(X?%v,v)= sup E|Xv?= sup EZ (Xv,e;)|?
j=1

veCm™,|v|<1 veCm,|v|<1 veCm |v|<1

m m2

= sup ]EZ|<X,U®6]'>|2: sup Zm*22\<Ek,v®ej>|2

veCm™,|v|<1 j=1 veCm™,|v|<1 j=1 1
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m m
= sup m722||v®e]’||§ = sup m72Z|v|2|ej\2 =m L
veC™ |v|<1 j=1 veC™ |v|<1 =1

We use the bound of Lemma 3.2 with ¢ = Alog(2m), A > 1 to get that with
probability at least 1 — (2m)~4,

2 n 2,02 A loa (2
HmZYijPH §C’{Um3/2 [ Alog(2m) \/U m?*Alog( m)]
n o - n n

with some absolute constant C' > 1. If

U?m?Alog(2m) > Um3/2 Alog(Qm)7

n n

then Um'/2/ Al%@m) > 1 implying that Um3/2/ Al%wm) > 1. Thus, when

the bound on ||Z — pl|so is substituted in bound (3.11), it is enough to keep

3/2, [ Alog(2m)
n

only the first term Um , the second term could be dropped. This

implies that with some constant C’ > 0 (that does not depend on p € S, ,,,) the
inequality

15— pll, < C’ (/ Um%“jw A(W”WW A 1)

holds with probability at least 1 — (2m)~4, implying the first bound of Theo-
rem 3.2. The second bound immediately follows from the inequality H?(p, p) <
Il5 — pll1 (see (2.2)). Theorem 3.3 is an immediate consequence of Theorem 3.2.

The proof of Theorem 3.1 is very similar. In this case, Assumption 1 holds
and it is natural to split 7 - p into two parts

Z*P:7 <Pan>Xj*P+TZ§ij~ (3.12)
=1

Jj=1

and to bound ||Z — p||s by triangle inequality. For the first part, an application
of matrix Bernstein inequality of Lemma 3.2 yields the bound

m? Alog(2m) \ ; U?m?Alog(2m)
S VX — ol < \/ 1

that holds for some absolute constant C' > 1 with probability at least 1—(2m)~4.
Indeed, in this case V = (p, X)X — E(p, X)X and

_ Ul _ 0

2 22 2 2
o <||E(p, X)*X?||oc < U°E(p, X) <

Ko, X)X lloo < ol IX I3 < X115 < UZ,
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and Lemma 3.2 implies (3.13). As before, if w > Um\/AIL(Qm),

n

Alog(2m) U?m? Alog(2m)
n n

then Um > 1. Thus, the second term

when the bound on ||Z — pl|so (for which the right hand side of (3.13) is a part)
is substituted in (3.11).

As to the second part of representation (3.12) that involves normal random
variables ¢;, it is bounded using another version of matrix Bernstein inequality
for not necessarily bounded random matrices (see [19], [18], [21]).

could be dropped

Lemma 3.3. Let V,Vi,...,V, be ii.d. random matrices in H,, with EV
0. Suppose that, for some o > 1, U@ := 2||||VHOO||w < +oo. 4 Let 02 =

|EV?2|| . Then, for all t > 0 with probability at least 1 — e™",

00 n g n

We apply the bound of Lemma 3.3 in the case when V := £X, o = 2 and
t = Alog(2m) for A > 1. By an easy computation,

HV1+~~+Vn

2 2 2 Ug
o :agHIEX loo = =
m

and
U® =2[[¢]1X o], < 2U €]l < 4o

This yields the following bound

2 " m2 1/2
Hm_ ijX <C’[o . /Alog (2m) \/ Alog(2m)log™/“(4U+/m)
n n

(3.14)
that holds with probability at least 1—(2m)~4 and with some absolute constant
C > 1. If the second term in the maximum in the right hand side of (3.14) is

dominant, then Um?/2,/ Al%@m) log!/?(4U\/m) > 1. Under the condition that

o > Um~1/2, this implies that also 05m3/2\/ Al%(gm) 2 1. Thus, when the
bound in the right hand side of (3.14) (used to control || Z — p||so) is substituted
n (3.11), it is enough to keep only the first term in the maximum. Finally, under
the assumption o¢ > Um™1/2, the first term of bound (3.14) dominates the first
term of (3.13), so, only this term is needed to control || Z — p||so in bound (3.11).
These considerations imply the bound

3 1-1
. oem?z 4/ Alog(2m oem?/2\/Alog(2m v
Hp—,0||p§0l rl/p ¢ ( )/\ § ( ) /\1
Vn vn

4Here || - ||y, denotes the 1o Orlicz norm in the space of random variables defined as

follows:
17y, : mf{c >0: Eexp{ i } < 2}.
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that holds with some constant C’ > 0 (that does not depend on p € S,.,,) and
with probability at least 1—(2m)~4. The first bound of Theorem 3.1 now follows
for all p € [1, 00] (which also implies the second bound in view of (2.2)). O

3.3. A modified estimator and bounds on relative entropy distance

It turns out that for a slightly modified version of estimator p, minimax lower
bounds are also attained (up to logarithmic factors) in the case of Kullback-
Leibler distance. For S € S,, and 6 € [0, 1], define S5 = (1 —§)S + 6= Clearly,
S5 € Sp- Let Sy 5 := {Ss5 : S € Siu}. Define 7s,, ;(Z) the projection of Z € H,,
onto the convex set Sy, 5 :

7s,.5(Z) = argminges, |12 = S|3.

Let

A~

Ps = TSm,s (Z)

with pg = p. This modification is needed to provide a way to control the relative
entropy distance K(p||fgs) in terms of nuclear norm distance ||gs — pl|1 which
could be done for positively definite density matrices (see Lemma 3.5 below). We
will prove the following versions of Theorems 3.1, 3.2 and 3.3 for the estimator

Ps-
Theorem 3.6. Suppose Assumption 1 holds, o¢ > ﬁ and

5 < oem? /loa(2m) V\/lgg@m) AL

Then bounds (3.5) and (3.6) hold for estimator ps. Moreover, for A > 1, define

5/2 [ Alog(2m) /\ m

]

roem

Then, for some constant ¢ > 0,

pesgfmpp{K(pnﬁa) > c(r"ﬁm% V\’/élﬁlog@m) A 1) log(1 + c)\)} < (2m)~4.

(3.15)
If o < #, the bounds still hold with o¢ replaced by #

Theorem 3.7. Suppose Assumption 2 is satisfied and

5SL \/\/1_7?5(27”)/\1_

Then (3.7) and (3.8) hold for estimator ps. Moreover, for A > 1, define

5/2, | Alog(2m) /\m

d

rUm
A=
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Then, for some constant ¢ > 0,

sup PP{K(plﬁé) > C<r méy Alog 2m) /\ >log 1 —l—c)\)} < (2m)~4.

PESrm

(3.16)
Theorem 3.8. Suppose the assumptions of Theorem 2.3 hold and

6§m—vljgﬁ(2m)/\1.

Then (3.9) and (3.10) hold for estimator ps. Moreover, for A > 1, define

Alog(2
rm2 og(2m) /\m
n

A= 5

Then, for some constant ¢ > 0,

sup PP{K(m) > c(rvalog 2m) A )1og 1+cA>} < (2m)™4. (3.17)

PESr,m

Remark 3. If, under the assumptions of Theorem 3.7, we choose

5 %\/bg 2m) /\1

then the logarithmic factor in bound (3.16) satisfies the inequality

log(1 + ¢)) < log(1 + crmvA),

so it is of the order logm. Under the assumptions of Theorem 3.6, this would
require the choice of §
5— Ugm%\/log 2m) /\

so & would depend on an unknown pammeter o¢. Replacing o¢ in the definition

of 8 by the lower bound Um~'/? would result in a logarithmic factor < log<1 +

/ o
crm ATEI/Z) .

Proof. We start with the following modification of Theorem 3.5.

Lemma 3.4. Let p € [1,00]. For all Z € H,,, and all S € S, 1, the following
bound holds:

17,5 (Z) = Sllp

1-1/
< min<23/p+1r1/p(|Z—S||oo + 25),2(1 —5)1/1’(\\2—5\\00 +25) p) +25.
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Proof. The following formula is straightforward: for § € [0,1),

VA

6 In I,
’/Tgm,é(Z) = (1 — (;)ﬂ'Sm (1—5 - 1—(5m> +5E

Indeed, 7s,, ;(Z) coincides with (1 — 6)S" + 6L where

m

2
! .
S' = argmingcg

I
Z—(1-8)8 -6
‘ (1-8)S 3"

Z 6 I,
1-6 1—-6m

= argming.g |

implying the claim.
Let S € ;.. Then, for p € [1, 00],

1785 (Z) = Sllp < 175,0,5(2) = Ssllp + 1155 = Sl (3.18)
o (s~ sz ) - 8

To control the first term in the right hand side, we use the bound of Theorem 3.5,

< (1-96) + 26.

P

which requires bounding H =5 — %Iﬁ -5 H . We have
oo

%_LI&—SH = 1512 — S5l (3.19)
< 1512 = Sllso + 15118 = Sslloe < 15112 = Sloe + 25

Using bounds (3.18), (3.19) along with the bound of Theorem 3.5, we get the
bound of the lemma. |

We will use the bound of Lemma 3.4 to control ||gs — p||, for p € S, .. To this
end, we need to bound ||Z — plloo using matrix Bernstein inequalities exactly
as it was done in the proof of Theorems 3.1, 3.2 and 3.3 (under assumptions of
these theorems). Denote by A such an upper bound on [|Z — p||s that holds

with probability a least 1 — (2m)~“4. Recall that A =< ggm3/24/ Al%@m) under

the conditions of Theorem 3.1 and A =< Um3/ 2\/ Al%@m) under the conditions

of Theorem 3.2 (it is the same under the conditions of Theorem 3.3 with U =
m~1/2). Setting A = A A 1, we get from the bound of Lemma 3.4 that

1-1

/
s — pll, < min (23/1’“7«1/10 (A + 25),2(1 — )P (A + 25) p) +26

that holds with the same probability at least 1 — (2m) 4. Recall that we replace
A by A since the left hand side ||ps — p|l, < 2; for the same reason, we can



2736 D. Xia and V. Koltchinskii

and do drop the “exponential parts” of matrix Bernstein bounds leaving in the
definition of A only the “Gaussian parts”. For § < A, we get

155 — pllp S min(rt/PA, A71/P),

Exactly as in the proof of Theorems 3.1, 3.2 and 3.3, this implies that bounds
(3.5), (3.6), (3.7), (3.8), (3.9) and (3.10) hold for estimator gj.

The bound on the Kullback-Leibler divergence K (p||ps) is an immediate con-
sequence of the bound on ||gs — p|l1 and the next lemma that follows from
Corollary 1 in [3].

Lemma 3.5. Let S1,52 € S, be density matrices and let B := Amin(S2) be the
smallest eigenvalue of Sa. Suppose that 5 > 0. Then

151 — Sa|ly
204 '
We apply Lemma 3.5 to S = p,S2 = ps, observing that g5 € S, s and

Amin(fs) > d/m. We then use the bound on ||p5 — p||1 to complete the proof of
the bound on K (p||gs)- d

M&waQM&hm@+

3.4. Least squares estimator

We conclude this section with a simple result concerning the least squares esti-
mator p defined by (3.3). It shows that the estimators p and p are close in the
Hilbert-Schmidt norm. As a result, the bounds of the previous theorems could
be applied to estimator p as well (at least, under some additional assumptions).

Theorem 3.9. Under the assumption that i.i.d. design variables X1,..., X,
are sampled from the uniform distribution 11 in an orthonormal basis € =
{E1,...,Epn2}, the following bound holds with some constant C > 0 for all
A > 1 with probability at least 1 — (2m?)~4 :

15— dllo < Cmy | 1B

Proof. Note that the gradient (and subgradient) of convex function S +— ||.S —
Z|3 is equal to 2(S — Z). By a necessary condition of minimum in convex
minimization problem (3.1), for p = 7g,, (Z ), Z — jp should belong to the normal
cone Ng,_ (p) of the convex set Sy, at point p (see [2], Proposition 5, Chapter 4,
Section 1). Since both g, p € S, this implies that

(p—2,p—p)<0. (3.20)

Similar analysis of convex optimization problem (3.3) shows that

m2 - N o N
<7 Z(<pa XJ> - }/})Xj?p - P>> 0,
j=1
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which could be rewritten as follows:

m2 " R A N
<n Y 0 X)X =2, p— p>2 0. (3.21)
j=1

Subtracting (3.21) from (3.20) yields
o omP s o
=1

implying that

o U m? <~ I
|Pﬂ§@MPMS<7l§}AXﬂ%pmp> (3.22)
j=1
We will now write ®
m2 - N N m2 - N N
_Z<anj>Xj —P= ((vaJ>XJ _]E<P»X>X)
n n 4
j=1 j=1
I R
= m? {E Y (X 0X, ~E(X® X)>} p.
j=1

It follows from (3.22) that

lp = ol < m? [12l2llp = All2-

1 n
EZXj(@Xj—E(X@X)
j=1

op

Since ||p]|2 < 1, we get

o 1«
16— plla <m? ;ZXjé@Xj—E(X@X) (3.23)

Jj=1

op

It remains to control the operator norm in the right hand side for which we
can again use matrix Bernstein inequality of Lemma 3.2 applying it to V =
X®X —E(X ®X). In this case,

02 = |EV?|lop < |E(X @ X)?[lop = sup E((X ® X)*U,U)
[1U][2<1

= up E((X ® X)U, (X @ X)U)
Ull2<1

U||3 1
~ s EUX)PIXIZ< sup E(UX)= sup B _ L
1Ull2<1 IUll2<1 [Ull<1 M m

5Here we view the tensor product A ® B of operators A, B € M,,, as an operator acting
from the space M, of m x m matrices equipped with Hilbert-Schmidt inner product (-, -) into
itself as follows: (A® B)C = A(C, B). Let || - ||op denote the operator norm of linear operators
from M, into itself, which corresponds to the || - || in the case of m X m matrices.
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and
Vlop < 1X @ Xllop +E[X @ Xllop = [| X5 + E[| X5 < 2.

Bound (3.23) along with the bound of Lemma 3.2 with ¢t = Alog(2m?),A > 1
yield the following inequality

15— plla <m | Alog(2m) \/mQAlog(2m)
n n

that holds with probability at least 1 — (2m?)~4. Since ||p — pll2 < 2, the
2 Alog(2m)

second term m in the right hand side could be dropped (if this term
is dominant, the bound is = 1). This completes the proof of the theorem. O

Since ||p— plloo < ||1p— P2, the bound of Theorem 3.9 also holds for ||5— p||ec-
Combining this with the bound of Theorem 3.2 for p = oo, it is easy to conclude
that under conditions of this theorem

Alog(2m)

”ﬁ_pHoo N Um®/? n

and that the last bound holds (with a proper choice of constant in relationship
<) with probability at least 1—(2m)~. In view of Lemma 3.1, this immediately
implies that all the bounds of Theorem 3.2 also hold for the least squares esti-
mator p. In a special case of Pauli measurements, this means that Theorem 3.3
holds for the estimator p. Concerning Theorem 3.6, the same conclusion is true
under the additional assumption that o¢ > m~1/2. Moreover, if ps is the follow-
ing modification of estimator p

ps = argminges [nl Z(Yj — (S, Xj>)2} , (3.24)

j=1

then the statements of Theorems 3.6, 3.7 and 3.8 hold for the estimator ps (in
the case of Theorem 3.6, under the additional assumption that o¢ > m~Y 2).

4. Proof of Theorem 3.4
Recall that
s, (Z) = argming.s || Z — S||§,Z c H,,

defines the projection of Z onto S,,. The mapping H,,, 5 Z — 75, (Z) € Spn
possesses a couple of simple properties stated in the next proposition. Denote
by 8% the set of all diagonal density matrices.

Proposition 1. 1. For all m x m unitary matrices U,
s, (U1 ZU) =U " rs, (Z2)U, Z € H,,.

2. If D € H,, is a diagonal matriz, then ts, (D) € S%.

m
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Proof. To prove the first claim, note that, by the unitary invariance of the
Hilbert—Schmidt norm,

\U—tzU - S|z = ||[U N (Z -USUYHYU|3=|1Z - USU 3.

In addition, the mapping S — USU ! is a bijection from the set S,, onto itself.
This immediately implies that

s, (U1 ZU) = argmingeg, [|Z —USU |3 =U "'ns,, (Z)U.

For an m x m matrix A = (a;;)%—; € Hy, let A% be the diagonal matrix
with diagonal entries a;;,7 = 1,...,m. It is easy to see that if A is a density
matrix, then A% is also a density matrix. Moreover, it is also obvious that, for
a diagonal matrix D,

HD - Ad”% < ”D - A||§7A € Smﬂ

with a strict inequality if A is not diagonal. These observations immediately
imply the second claim. O

We will now state and prove a vector version of Theorem 3.4 in which the
role of the set of density matrices S, is played by the simplex

Ap = {u: (U’lv"'vum) eRm:uj ZO’Zuj - 1}
Jj=1

in R™ (this is equivalent to considering the set of diagonal density matrices).
We will then show that the matrix version of the problem reduces to the vector
case.

Define

A, (2) i=argmin,cn ||z —u

m

2 m
m,z € R™.
£y €

Since the function uw — ||z — ul|Z. is strictly convex and A, is a compact
2

convex set, such a minimizer exists and is unique. In other words, ma,, (%) is the
projection of the point z € R™ onto simplex A,, (the closest point to z in the
set A, with respect to the Euclidean ¢5'-distance). The next lemma shows that
the same point also minimizes the ¢J!-distance from z to the simplex A,,.

Lemma 4.1. For all z € R™,

llz — TAm (Z)Hzgé = vreni7 Iz — UHzg(L).

mn

Proof. Without loss of generality, assume that z = (z1,..., z,) € R™ is a point
with z; > --- > z,,. Denote
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Clearly, z; = 21 and z; > 25,5 =1,...,m. Let
. _ 1
Ei=maxqj<m:z; <z + = .
J

Note that if k£ > 1, then, for all j <k, z; < z; + % Indeed,

Kz =0 2 ka4 l—(k—j 2+ 1 1 1
Zj = Z.fﬁl < s ‘( 9)z = Jzk.+ =z +- <2z +-.
j j j j j

On the other hand, if k < m, then 2z > zpy1 + % Indeed, if z; < zp41+ %, then

_ kzp + 2p11 _ kzepr + 1+ 2 1
= < = _
kel kel - k+1 At

which would contradict the definition of k.

Let A = (A1,..., A), where \; = zjkaJr% forj=1,....,kand \; =0
for j = k+1,...,m. Since z; < zk—l—% < 7 —1—% for all j < k, we have
A;j2>20,7=1,...,m and

m k k
1
S = (5] =Y kari-L
j=1 j=1 j=1
Thus, A € A,,. It turns out that 7a, (2) = X. ¢ To prove this it is enough to
show that z — A € Na,, (), where
Na,, (A) :={ueR™: (u,v—A) <0,ve€A,}

is the normal cone of the convex set A,, at point A (see, e.g., [2], Proposition 5,
Chapter 4, Section 1). Let ¢ := z}, — % Clearly, we have 241 <t <z if k <m
and t < z,,, if k=m. Fork=m, z— A= (¢,...,t) and

(2 Aw— ) :Zt(vi_wzt(zvi_z&) 0
j i=1 i=1
since v, A € A,,. For k < m, note that
z2=A=(t, .. t, 21, Zm)
and, for v € A,,,

(z=XNv—N) =Zt(vi—)\i)—|— Z 2;V;.

i=1 i=k+1

6The computation of the projection onto a simplex occurs in many applications and has
been studied before: see, e.g., [27] and [30]. See also [9], where an explicit expression for the
projection was derived. For completeness, we provide our version of the proof below.
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Using the facts that X7, v; = 1 and Y5, \; = 1, we get

k k m
(z—=Av—A) —t(Zvi—Z&) + Z 24
i=1 i=1

i=k—+1
m m m
D ST DR S E e
i=k+1 i=k+1 i=k+1
where we also used that, foralli =k+1,...,m, z;—t < zxy1 —t < 0 and v; > 0.

Thus, z — A € Na_, () and, by the uniqueness of the minimum, A = wa, (2).
Note that
|2 = Mlem = max([t], |zx41], - - -, |2ml)-

For any v € A,

1 1 1 1L 1 1<
t= Zk—E = EZZZ—EZ% < Ezzz_E Z'Ui = EZ(ZZ_UZ) < HZ_IUHZQ})‘

Since

~
Il
N
E
I
| =
v
N
a
s
v
V
N
3

we conclude that, for all v € A,

2= Alleg. < llz = vlleg. O
We now turn to the proof of Theorem 3.4.

Proof. Any matrix Z € H,, admits spectral representation Z = U~ DU, where
D is the diagonal matrix with real entries dy, ..., d,, on the diagonal and U is a
unitary mxm matrix. Let d = (dy,...,d;,) € R™. Givenv = (v1,...,0m) € Ay,
the diagonal matrix V' with entries vy, ..., v, is a density matrix. This defines
a bijection A,, > v+ V = J(v) between the simplex A, and the set S, of all
diagonal m x m density matrices. Moreover, .J is an isometry of A,, and S¢, :
17(v) = J@)[13 = llu = vliZp, u,v € Ap.
We will now prove the following lemma.

Lemma 4.2. Let Z = U~'DU with a unitary m x m matriz U and diagonal
matriz D with d = (dy,...,dy) € R™ being the vector of its diagonal entries.
Then

s, (Z) = U J(na,, (d)U.

Proof. This is an immediate consequence of Proposition 1 and the following
simple fact:

argmin 4. |[D — AJ3 = J(argmmveAm 17(d) - J<v>|§)

 (avgmin, e, d = ol ) = I, (@) 0
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To complete the proof of Theorem 3.4, observe that, In view of Lemmas 4.1,
4.2

)

1Z = 7s,,(Z)]|e = IUTH(J(d) = I (ma,, (d)))Ull
= [|7(d) = J(7a,,(d)lloc = [|d = 7a,,(d)

m = inf ||d— m .
e =1, = vlle
Without loss of generality, assume that dy > --- > d,,. Let S € S, be a
density matrix with eigenvalues vy > -+ > v,,. Clearly, v = (v1,...,0m) € Ay,
Therefore,

1Z =75, (Z)]os < lld = vlloo <12 = 5],

m

where to get the last bound we used Weyl’s perturbation inequality (see [4],
Corollary I11.2.6). O

5. Comments on computational aspects of the problem

An advantage of minimal distance estimator j = s, (Z) is the simplicity
of its computational implementation. The computation of the matrix Z =
mTQ >, VX, requires O(nm?) operations. It is followed by an eigen-decompo-
sition of Z that requires O(m?) operations(see [11]); there exist efficient software
packages designed for this kind of tasks, for instance, LINPACK and PROPACK,
etc.). As it is shown in the previous section, the problem of computing 7737"(2 )
then reduces to projecting of the vector of eigenvalues of Z arranged in a non-
increasing order onto the simplex A,,. The last problem has been studied in the
literature (see [27], [30], [9]) and it has an explicit solution of computational com-
plexity proportional to m (see the proof of Lemma 4.1). Thus, the computational
implementation of the minimal distance estimator p requires O((n +m)m?) op-
erations.

The matrix version of LASSO estimator for density matrices is equivalent to
solving the following optimization problem

n

1 2
pi= aggeging lzzl (Yi — <S, Xl>) (5.1)

that results in the least squares estimator. Clearly, there is no explicit solution
for this optimization problem and it is usually solved by iterative algorithms. For
example, a well know iterative singular value thresholding (SVT) algorithm was
proposed in [6], and also implemented in quantum compressed sensing in [10].
The main idea is that (5.1) is equivalent to the following optimization problem:
for any 7 > 0,

. . m?
p = arg min —
S€Sm,ZEH,,,5=2 N

> (vi-(z Xi>>2 + 75 = ZIl3-
i=1

The proposed algorithm updates Z and S alternatively, with the only constraint
for S being that S € S,,,. Therefore, the main ingredient of SVT is the following
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iterative updating rule (with initial Zy = 0): for £k = 1,2, ...,

Sk) =TS, (Zk)—l) (5 2)
Zx = St +0k(Z — - Y1, (Sk Xi) Xo) '
with certain pre-determined step sizes §; > 0. The algorithm terminates at
some step k = N and outputs Sy € S,, when [|[Sy — Sy_1]l2 < € for some
numerical threshold € > 0. It is clear that the minimal distance estimator p
can be produced by the above algorithm with one iteration and the initializa-
tion Zy = Z, 91 = 0. When the number of qubits & is not small (for instance,
about 20) and the dimension m is very large, the iterative Algorithm (5.2) is
much more computationally expensive than the algorithm for the minimal dis-
tance estimator (since every iteration requires the eigen-decomposition of a high

dimensional matrix).
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