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ABSTRACT. The problem of recovering a matrix of low rank from an incomplete and possibly noisy set of
linear measurements arises in a number of areas such as quantum state tomography, machine learning and
the PhaseLift approach to phaseless reconstruction problems. In order to derive rigorous recovery results, the
measurement map is usually modeled probabilistically and convex optimization approaches including nuclear
norm minimization are often used as recovery method. In this article, we derive sufficient conditions on the
minimal amount of measurements that ensure recovery via convex optimization. We establish our results
via certain properties of the null space of the measurement map. In the setting where the measurements are
realized as Frobenius inner products with independent standard Gaussian random matrices we show that
m > 10r(n1 + n2) measurements are enough to uniformly and stably recover an ni X ng matrix of rank
at most r. Stability is meant both with respect to passing from exactly rank-r matrices to approximately
rank-r matrices and with respect to adding noise on the measurements. We then significantly generalize this
result by only requiring independent mean-zero, variance one entries with four finite moments at the cost of
replacing 10 by some universal constant. We also study the particular case of recovering Hermitian rank-r
matrices from measurement matrices proportional to rank-one projectors. For r = 1, such a problem reduces
to the PhaseLift approach to phaseless recovery, while the case of higher rank is relevant for quantum state
tomography. For m > Crn rank-one projective measurements onto independent standard Gaussian vectors,
we show that nuclear norm minimization uniformly and stably reconstructs Hermitian rank-r matrices with
high probability. Subsequently, we partially de-randomize this result by establishing an analogous statement
for projectors onto independent elements of a complex projective 4-designs at the cost of a slightly higher
sampling rate m > Crnlogn. Complex projective t-designs are discrete sets of vectors whose uniform
distribution reproduces the first ¢ moments of the uniform distribution on the sphere. Moreover, if the
Hermitian matrix to be recovered is known to be positive semidefinite, then we show that the nuclear norm
minimization approach may be replaced by the simpler optimization program of minimizing the £3-norm
of the residual subject to the positive semidefinite constraint. This has the additional advantage that no
estimate of the noise level is required a priori. We discuss applications of such a result in quantum physics
and the phase retrieval problem. Apart from the case of independent Gaussian measurements, the analysis
exploits Mendelson’s small ball method.
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1. INTRODUCTION

In recent years, the recovery of objects (signals, images, matrices, quantum states etc.) from incomplete
linear measurements has gained significant interest. While standard compressive sensing considers the
reconstruction of (approximately) sparse vectors [20], we study extensions to the recovery of (approximately)
low rank matrices from a small number of random measurements. This problem arises in a number of areas
such as quantum tomography [30, 24, 6], signal processing [2], recommender systems [16, 11] and phaseless
recovery [12, 10, 28, 29]. On the one hand, we consider both random measurement maps generated by
independent random matrices with independent entries and on the other hand, measurements with respect
to independent rank one measurements. We derive bounds for the number of required measurements in
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terms of the matrix dimensions and the rank of the matrix that guarantee successful recovery via nuclear
norm minimization. Our results are uniform and stable with respect to noise on the measurements and with
respect to passing to approximately rank-r matrices. For rank-one measurements the latter stability result
is new.

Let us formally describe our setup. We consider measurements of an (approximately) low-rank matrix
X € Cm*™2 of the form b = A(X), where the linear measurement map A is given as

m
A:CMXm2 5 €™ Z e Y tr(ZAS)e;. (1)

Jj=1
Here, €1, ..., e, denote the standard basis vectors in C™ and Aq,..., A,, € C"*"2 are called measurement
matrices. A prominent approach [22, 56] for recovering the matrix X from b = A(X) consists in computing

the minimizer of the convex optimization problem

in |Z]. ' Z) =b, P

Zeg}}lnxwﬂ [l subject to A(Z) =b (2)
where || Z|l. = [|Z]1 = >}, 0;(Z) denotes the nuclear norm with 0;(Z) being the singular values of
Z € Cm*™2 and n = min{nq,ns}. Efficient optimization methods exist for this problem [55, 8]. In practice

the measurements are often perturbed by noise, i.e.,
b=A(X)+ w, (3)

where w € C™ is a vector of perturbations. In this case, we replace (2) by the noise constrained nuclear
norm minimization problem

min ||Z||« subject to || A(Z) — blle, < n, (4)
ZeCnixng

where 7 corresponds to a known estimate of the noise level, i.e., [[wlle, <7 with [z(le, = (32, |2|P)}/P being
the usual £,-norm. In some cases it is known a priori that the matrix X of interest is both Hermitian and
positive semidefinite (X %= 0). Then one may replace (4) by the optimization problem

an;Ia tr(Z) subject to || A(Z) — blle, < 7. (5)

However, as we will see, the simpler least squares problem

in||A(Z) - b 6
min|lA(Z) - blle, (6)
works equally well or even better in terms of recovery under certain natural conditions. Apart from simplicity
and computational efficiency it has the additional advantage that no estimate 1 of the noise level is required.
We note that other efficient recovery methods exist as well [46, 25, (4], but we will not go into details here.

A question of central interest concerns the minimal number m of required measurements that guarantees
exact (in the noiseless case) or approximate recovery. While it is very hard to study this question for
deterministic measurement maps A, several results are available for certain models of random maps. We
will study several scenarios which all have in common that the matrices Aq,..., A, € R™*"2 in (1) are
independent draws of a random matrix ® = (X;;);;. We first consider the real-valued case, where all entries
Xi; are independent and then move to a complex-valued scenario where ® = aa* € C"*" is a rank one
matrix generated by a random vector a € C™. For the latter scenario we consider a being a complex
Gaussian random vector, or a being randomly drawn from a so-called (approximate) ¢-design. This last
setup has implications for quantum tomography and this part of the article can be seen as a continuation of
the investigations in [43]. Next, we describe the present state of the art of of the various setups and present
our results.
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1.1. Robust recovery from measurement matrices with independent entries. We call A a Gaussian
measurement map if the matrices A;,..., A4, € R™*" in (1) are independent realizations of Gaussian
random matrices, i.e., all entries of the A; are independent standard Gaussian random variables. More
generally, A is called subgaussian, if the entries of all the A; are independent, mean zero, variance one,
subgaussian random variables, where we recall that a random variable ¢ is called subgaussian if P(|¢| > t) <
2e~<t” for some constant ¢ > 0. If

m > Cr(ny 4+ na) (7)

for some universal constant C' > 0, then with probability at least 1 —e™ " any rank r matrix X € C™*"2 ig
reconstructed exactly from subgaussian measurements b = A(X) via nuclear norm minimization (2) [56, 15].
Moreover, if noisy measurements b = A(X) 4+ w with ||w||2 < n of an arbitrary matrix X € C"*"2 are

cm

taken, then the minimizer X* of (4) satisfies, again with probability at least 1 — e~

C/ C”?’]
X - X¥p<—=— inf X — Z||s + —, 8
n Ie < =, nf X =2+ = (8)

where || Al = /tr(A*A) denotes the Frobenius norm, tr being the trace. Note that
n

. f X— Z = . X — —Xc s
Z:rar}E(Z)Sr” H j;_laj( ) H H

where the singular values ;(X) are arranged in decreasing order and for X with singular value decomposition
Z?Zl 0;(X)u;v; the matrix X, = Z?:r—}-l 0;(X)u;v;. The error estimate (8) means that reconstruction is
robust with respect to noise on the measurements and stable with respect to passing to only approximately
low rank matrices. These statements are uniform in the sense that they hold for all matrices X simultaneously
once the matrix A has been drawn. They have been established in [15, 52, 56] via the rank restricted isometry
property (rank-RIP), see e.g. [20] for the standard RIP and its implications.

While the RIP is a standard tool by now, recovery of low rank matrices via nuclear norm minimization
is characterized by the so-called null space property [51, 58, 57, 26, 25], see below for details. By using this
concept, we are able to significantly relax from subgaussian distributions of the entries to distributions with
only four finite moments.

Theorem 1. Let A : R"*"2 — R™ A(X) = Z?Zl tr(X Aj)e;, where the A; are independent copies of a
random matriz ® = (Xy;); j with independent mean zero entries obeying EX7; =1 and

Eij < Cy foralli,j and some constant Cy.
Fiz 1 <r <min{ny,na} and 0 < p <1 and set
m > c1p”2r(ng + ng).
Then with probability at least 1 — e~2™ for any X € R™*"2 the solution X* of (4) with b = A(X) + w,
lwlle, < n, approzimates X with error

2(1 + p)? 3+p n
X - Xt < 20D x4 0D O

L= p)r (—p)es vm

Here ¢y, ca, c3 are positive constants that only depend on Cjy.

In the special case, when ® has independent standard Gaussian entries, we apply Gordon’s escape through
a mesh theorem [27] in order to obtain an explicit constant in the estimate for the number of measurements,
see Theorem 19. Roughly speaking, with high probability, any n; X no matrix of rank r is stably recovered
from m > 10r(ny + ny) Gaussian measurements. We remark that the explicit bound m > 3r(n; + ny) has
been derived in [18], (see also [19] and [4, Section 4.4] for a phase transition result in this context), but
this bound considers nonuiform recovery, i.e. recovery of a fixed low rank matrix with a random draw of a
Gaussian measurement matrix with high probability. Moreover, no stability under passing to approximately
low rank matrices has been considered there. Our recovery result is therefore stronger than the one in [18],
but requires more measurements.
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1.2. Robust recovery of Hermitian matrices from rank-one projective measurements. Let us
now focus on the particular case of recovering complex Hermitian n x n matrices from noisy measurements
of the form (3), where the measurement matrices are proportional to rank-one projectors, i.e.,

Aj = aja; e H, (10)

where a; € C". Here, },, denotes the space of complex Hermitian n X n matrices, which has real dimension
n?. Measurements of that type occur naturally in convex relaxations of the phase retrieval problem [12, 10,
, 29]. In fact, suppose phaseless measurements of the form b; = |(z,a;)|?> of a vector z € C™ are given.
Then we can rewrite b; = tr(zz*a;ja}) = tr(X A4;) as linear measurements of the rank one matrix X = zz*.
We will expand on this aspect below in Section 2.1. Rank one measurements of low rank matrices feature
prominently in quantum state tomography as well, see also below.
The prior information that the desired matrix is Hermitian limits the search space in the convex opti-
mization problem (4) and it simplifies to
Juin [|Z]|.  subject to |LA(Z) —blle, <. (11)
Arguably, the most generic measurement matrices of the form (10) result from choosing each a; to be an
independent complex standard Gaussian vector. For the particular case of phase retrieval — i.e., where the
matrix of interest X = zx™ is itself proportional to a rank-one projector — uniform recovery guarantees by

means of (11) have been established for m = Cn independent measurements in [13]. Recently, this result
has been generalized to recovery of any Hermitian rank r-matrix by means of m = Crn such measurements
in [43]. Our refined analysis of the null space property enables us to further strengthen this result by

additionally guaranteeing stability under passing to approximately low rank matrices:

Theorem 2. Consider the measurement process described in (1) with m measurement matrices of the form
(10),where each a; is an independent complex standard Gaussian vector. Fixr <n, 0 < p < 1 and suppose
that
m > C’lpfzm".
Then with probability at least 1 — e~“2™ it holds that for any X € H,, any solution X* to the convex
optimization problem (11) with noisy measurements b = A(X) + €, where |||, < n, obeys
2
I\X*XﬁHFSMHXcH*JrM'L- (12)
(NG A-p Vm

Here, C1,Cs and Cs3 denote positive universal constants. (In particular, for n =0 and X of rank at most r
one has exact reconstruction.)

In addition to the Gaussian measurement setting, we also consider measurement matrices that arise
from taking the outer product of elements chosen independently from an approximate complex projective
4-design. Complex projective t-designs are finite sets of unit vectors in C™ that exhibit a very particular
structure. Roughly speaking, sampling independently from a complex projective t-design, reproduces the
first ¢ moments of sampling uniformly from the complex unit sphere. Likewise, approximate complex pro-
jective t-designs obey such a structural requirement approximately — for a precise introduction, we refer
to Definition 27 below. As a consequence, they serve as a general purpose tool for partially de-randomizing
results that initially required Gaussian random vectors [42, 28]. This is also the case here and employing
complex projective 4-designs allows for partially de-randomizing Theorem 2 at the cost of a slightly larger
sampling rate. Here, we content ourselves with presenting and shortened version of this result and refer the
reader to Theorem 28 where precise requirements on the approximate design are stated.

Theorem 3. Let r,p be as in Theorem 2 and suppose that each measurement matriz A; is of the form
(10), where aj, j = 1,...,m, are chosen independently from a (sufficiently accurate approxzimate) complex
projective 4-design. If

m > Cyp *nrlogn,
then the assertions of Theorem 2 remains valid, possibly with different universal constants.

Note that Theorems 1, 2, 3 resp. Theorem 19 below and their proofs are presented in condensed versions
in the conference papers [34] resp. [35].
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1.3. Recovery of positive semidefinite matrices reduces to a feasibility problem. Imposing ad-
ditional structure on the matrices to be recovered can further strengthen low rank recovery guarantees.
Positive semidefiniteness is one such structural prerequisite that, for instance, occurs naturally in the phase
retrieval problem, quantum mechanics and kernel-based learning methods [61]. Motivated by the former,
Demanet and Hand [21] pointed out that minimizing the nuclear norm — in the sense of algorithm (4) —
can be superfluous for recovering positive semidefinite matrices of rank one. Instead, they propose to reduce
the recovery algorithm to a mere feasibility problem and proved that such a reduction works w.h.p. for
rank one projective measurements onto Gaussian vectors (the measurement scenario considered in Theorem
2). Subsequently, this recovery guarantee was strengthened by Candeés and Li [13]. Here, we go one step
further and generalize these results to cover uniform and stable recovery of positive semidefinite matrices
of arbitrary rank. Relying on ideas presented in [36], we establish the following statement. (We refer to
Section 1.4 for the definition of the Schatten p-norm || - ||, used in (13).)

Theorem 4. Fizr < n and consider the measurement processes introduced in Theorem 2 (Gaussian vectors),
or Theorem 3 (complex projective 4-designs), respectively. Assume that m > Cinr (in the Gaussian case)
resp. m > Casnrlogn (in the design case), where s > 1 is arbitrary. Then, for 1 < p < 2 and any two
positive semidefinite matrices X, Z € H,,

Cy CyrV/r=1/2
o Kl =
r1-1/p vm

holds universally with probability exceeding 1 —e~%5™ for the Gaussian case and 1 —e
Here, C4,...,C5 denote suitable positive universal constants.

12 = x|, < [A(Z) = AX),, (13)

—%" 4n the design case.

This statement renders nuclear norm minimization in the sense of (4) redundant and allows for a
regularization-free estimation. Moreover, knowledge of a noise bound ||wl|l, < 5 for the measurement
process (3) is no longer required, since we can estimate any X 3= 0 by solving a least squares problem of the
form (6), i.e.,

in [|[A(Z)—-0b bject to Z = 0. 14
Join [lA(Z) - b]l,, subject to Z > (14)

Theorem 4 then in particular assures that the minimizer Z* of this optimization program obeys
2Cy

d O, < lelez,
f : f vm

where w € R™ represents additive noise in the measurement process. It is worthwhile to mention that if
a matrix X of interest has rank at most r and no noise is present in the sampling process (3), Theorem 4
assures

128 = Xllp < 21 Xelly + ;L Iz - | Xell+ 5=

{Z: 270, A(Z) = A(X)} = {X} (15)
with high probability. Hence, recovering X from noiseless measurements indeed reduces to a feasibility
problem.

We emphasize that Theorem 4 is only established for rank one projective measurements. For the other
measurement ensembles considered here — matrices with independent entries — one cannot expect such
a statement to hold. This pessimistic prediction is due to negative results recently established in [63,
Proposition 2]. Focusing on real matrices, the authors show that if the measurement matrices A; are chosen
independently from a Gaussian orthogonal ensemble, then estimating any symmetric, positive semidefinite
matrix X via (14) becomes ill-posed, unless the number of measurements obeys

1 2
m > Zn(n—kl) = 0(n?).

Finally, we want to point out that the fruitfulness of plain least squares regression for recovering positive
semidefinite matrices was already pointed out and explored by Slawski, Li and Hein [63]. However, there is
a crucial difference in the mindset of [(3] and the results presented here. The main result [63, Theorem 2]
of Slawski et al. assumes a fixed signal X % 0 of interest and provides bounds for the reconstruction error
in terms of geometric properties of both X and the measurement ensemble. Conversely, Theorem 4 assumes
fixed measurements (e.g. m = Crn projectors onto Gaussian random vectors) and w.h.p. assures robust
recovery of all matrices X % 0 having approximately rank-r simultaneously.
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1.4. Notation. The Schatten p-norm of Z € C"*"2 ig given by

n 1/p
1Zl,= > oi(2)"| , p=1,
j=1
where 0,(Z), j = 1,...,n, denote the singular values of Z. It reduces to the nuclear norm || - ||, for p =1
and the Frobenius norm || - ||p for p = 2. It is a common convention that the singular values of Z are

non-increasingly ordered. We write Z = Z, + Z., where Z, is the best rank-r approximation of Z with
respect to any Schatten p-norm of Z.

2. APPLICATIONS

2.1. Phase retrieval. The problem of retrieving a complex signal x € C" from measurements that are
ignorant towards phase information has long been abundant in many areas of science. Measurements of that
type correspond to

bi = [{as, o) +w; i=1,....m, (16)
where aq,...,a, € C" are measurement vectors and w; denotes additive noise. Recently, the problem’s
mathematical structure has received considerable attention in its own right. It is clearly ill-posed, since
all phase information is lost in the measurement process and, moreover, the measurements (16) are of a
non-linear nature. This second obstacle can be overcome by a trick [5] well known in conic programming;:
the quadratic expressions (16) are linear in the outer products zz* and a,a;:

b = |(as, )| +w; = tr ((aia;)" (x2*)) + w;. (17)

Note that such a “lift” allows for reinterpreting the phase-less sampling process as A(zz*) = b+ w. Also,
the new object of interest X := xx* is an Hermitian, positive semidefinite matrix of rank one. In turn, the
measurement matrices A; = a;a; are constrained to be proportional to rank-one projectors. Consequently,
such a “lift” turns the phase retrieval problem into a very particular instance of low rank matrix recovery —

a fact that was first observed by Candes, Eldar, Strohmer and Voroninski [12, 10]. Subsequently, uniform
recovery guarantees for m = Cn complex standard Gaussian measurement vectors a; have been established
which are stable towards additive noise. The main result in [13] establishes with high probability that for

any X = xza*, solving the convex optimization problem (Phaselift)
in ||A(Z)—b bject to Z =0 18
Juin [A(Z) — b, subject to 7 (18)
yields an estimator Z* obeying ||Zf — z2*||s < Cljw|j1/m. If a bound ||w|ls, < 1 on the noise in the
sampling process (16) is available, an extension of [13, Theorem 2| (see section 2.3.2 in loc. cit) establishes

a comparable recovery guarantee via solving
Zmi}ICI tr(Z) subject to |A(Z) —blle, <m, Z =0 (19)
e,

instead of PhaseLift. Our findings allow for establishing novel recovery guarantees for retrieving phases.
Indeed, since (17) assures that any signal of interest is positive semidefinite and has precisely rank one,
Theorem 4 is applicable and yields the following corollary.

Corollary 5. Consider m > Cn phaseless measurements of the form (16), where each a; is a complex
standard Gaussian vector. Then with probability at least 1 — ="M these measurements allow for estimating
any signal x € C™ via solving

Join. A(Z) — blle, subject to Z = 0. (20)

The resulting minimizer Z* of (20) obeys
CHw”fQ
/m )
where C denotes a positive constant and w € R™ represents additive noise in the sampling process (16).

An analogous statement is true — with a weaker probability of success 1 —e™* for s > 1 — for m >
C’'snlog(n) rank one projective measurements onto independent elements of an approxzimate 4-design.

1Z% — za* e, <
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This recovery procedure is in spirit very similar to (18), but it utilizes an ¢5-regression instead of an
¢1-norm minimization. Numerical studies indicate that algorithm (20) outperforms (19) as well as (18).
These studies were motivated and accompany actual quantum mechanical experiments and will be published
elsewhere [11].

Finally, we want to relate Corollary 5 to a non-convex phaseless recovery procedure devised by Candes,
Li and Soltanolkotabi [14]. There, the authors refrain from applying the aforementioned “lifting” trick
to render the phase retrieval problem linear. Instead, they use a careful initialization step, followed by
a gradient descent scheme (based on Wirtinger derivatives) to minimize the problem’s least squares loss
function directly over complex vectors z € C". Mathematically, such an optimization is equivalent to
solving

ZHelil}? |A(Z) —blle, subject to Z =0, rank(Z) =1 (21)
and the rank-constraint manifests the problem’s non-convex nature. Hence, the convex optimization problem
(20) can be viewed as a convex relaxation of (21), obtained by omitting the non-convex rank constraint.

2.2. Quantum information. In this section we describe implications and possible applications of our
findings to problems in quantum information science. For the sake of being self-contained, we have included
a brief introduction to crucial notions of quantum mechanics in the appendix. Quantum mechanics postulates
that a finite n-dimensional quantum system is described by an Hermitian, positive semidefinite matrix X with
unit trace, called a density operator. This “quantum shape constraint” assures that all density operators
meet the requirements of Theorem 4. Furthermore, the rank-one projective measurements assumed in
that theorem can be recast as valid quantum mechanical measurements — see [43, Section 3| for possible
implementations and further discussion on this topic. Note, however, that such a reinterpretation is in general
not possible for the measurement matrices with independent entries considered in Theorem 1, because these
matrices fail to be Hermitian. With Theorem 4 at hand, we underline its implications for two prominent
issues in (finite dimensional) quantum mechanics.

2.2.1. Quantum state tomography. Inferring a quantum mechanical description of a physical system is equiv-
alent to assigning it a density operator (or quantum state) — a process referred to as quantum state tomog-
raphy [0, 23]. Tomography is now a routine task for designing, testing and tuning qubits in the quest of
building quantum information processing devices. Since the size of controllable quantum mechanical sys-
tems is ever increasing' it is very desirable to exploit additional structure — if present — when performing
such a task. One such structural property — often encountered in actual experiments — is approzimate
purity, i.e., the density operator X is well approximated by a low rank matrix. Performing quantum state
tomography under such a prior assumption therefore constitutes a particular instance of low rank matrix
recovery [30, 24].

The results presented in this paper provide recovery guarantees for tomography protocols that stably
tolerate noisy measurements and moreover are robust towards the prior assumption of approximate purity.
In the context of tomography, results of this type so far have already been established for m = Cnrlog®n
random (generalized) Pauli measurements [17, Proposition 2.3] via proving a rank-RIP for such measurement
matrices and then resorting to [15, Lemma 3.2]. However, this auxiliary result manifestly requires additive
Gaussian noise and using a type of Dantzig, or Lasso selector to recover the best rank-r approximation of a
given density operator. This is not the case for the result established here, where performing a plain least
squares regression of the form (14) is sufficient.

Corollary 6. Fizr <n and suppose that the measurement operator A : H, — R™ is of the form

] 1
A(X) = Z W(ai,Xaﬁei +weR™ with m > Cirnlogn,
i=1

1N0wadays, experimentalists are able to create and control multi-partite systems of overall dimension n = 2% in their
laboratories [60]. This results in a density operator of size 256 x 256 (a priori 65 536 parameters).
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where each a; € C™ is chosen independently from an approximate 4-design and w € R™ denotes additive
noise. Then, the best rank-r approximation of any density operator X can be obtained from such measure-
ments via solving

ngé_lg [A(Z) = A(X)l,, subjectto Z:=0, tr(Z)=1. (22)

With probability at least 1 — e~ 2™ the minimizer Z% of this optimization obeys
1X = ZF[l < Cal| Xelly + Cav/rl|wlles (23)
where Cy,Co, C3 and Cy denote positive constants.

This statement is a direct consequence of Theorem 4. For the sake of clarity, we have re-scaled each

(n+1)n

projective measurement with . This simplifies the resulting expression (23) and moreover facilitates”

direct comparison with the main result in [417], as it closely mimics the scaling employed there.

Corollary 6 is valid for any type of additive noise and no a priori knowledge of its magnitude is required.
This includes the particularly relevant case of a Bernoulli error model — see e.g. [17, Section 2.2.2] and
also [24] — which is particularly relevant for tomography experiments. Also, note that the recovery error is
bounded in nuclear norm, instead of Frobenius norm. Such a bound is very meaningful for tomography, since
quantum mechanics is a probabilistic theory and the nuclear norm encapsulates total variational distance.
Moreover, Helstrom’s theorem [32] provides an operational interpretation of the nuclear norm distance
bounded in (23): it is proportional to the maximal bias achievable in the task of distinguishing the two
quantum states X and Z*%, provided that any physical measurement can be implemented.

Finally, note that the bound on the probability of failure in Corollary 6 is much stronger than the one
provided in Theorem 4. Such a strengthening is possible, because the trace of any density operator equals
one. We comment on this in Remark 34 below.

2.2.2. Distinguishing quantum states. One crucial prerequisite in the task of inferring density operators from
measurement data, is the ability to faithfully distinguish any two density operators via quantum mechanical
measurements. The most general notion of a quantum measurement is a positive operator valued mea-
sure (POVM) M = {E,, : E,,, = 0,>., E, =id} [53, Chapter 2.2]. A POVM M is called informationally
complete (IC) [62] if for any two density operators X # Z € H,, there exists F,, € M C H,, such that

tr (B X) # tr (EmZ) . (24)

This assures the possibility of discriminating any two quantum states via such a measurement in the absence
of noise. Without additional restrictions, such an IC POVM must contain at least n? elements. However,
such a lower bound can be too pessimistic, if the density operators of interest have additional structure.
Approximate purity introduced in the previous subsection can serve as such an additional structural restric-
tion:

Definition 7 (Rank-r IC, Definition 1 in [31]). For r < n, we calla POVM M = {E,,},, ., rank-r restricted
informationally complete (rank-r IC), if (24) holds for any two density operators of rank at most r.

Bounds for the number m of POVM elements required to assure rank-r-IC have been established in
[31, 37, 38]. These approaches exploit topological obstructions of embeddings for establishing lower bounds
and explicit POVM constructions for upper bounds. For instance, in [31] a particular rank-r-IC POVM
containing m = 4r(n — r) — 1 elements is constructed.

Focusing less on establishing tight bounds and more on identifying entire families of rank-r IC measure-

ments, Kalev et al. [36] observed that each measurement ensemble fulfilling the rank-RIP for some r < n
is also rank-r IC. This in particular applies with high probability to m = C log6 n nr random (generalized)
Pauli measurements [47]. Theorem 4, and likewise Corollary 6, allow us to draw similar conclusions without

having to rely on any rank-RIP. Indeed, in the absence of noise, these results guarantee for any rank-r
density operator X
(Z: 20, A(Z) = A(X)} = {X)} (25)

2In fact by resorting to the Frobenius norm bound in Theorem 4 (instead of the nuclear norm bound employed to arrive at
Corollary 6), one obtains a performance guarantee that strongly resembles [17, Equation (8)] — the main recovery guarantee
in that paper.
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with high probability. If this is the case, the measurement operator A allows for uniquely identifying any
rank-r density operator X. This in turn implies that A is rank-r IC and the following corollary is immediate:

Corollary 8. Fiz r <n arbitrary and let C,C" be absolute constants of sufficient size. Then

(1) Any POVM containing m = Cnr projectors onto Haar® random vectors is rank-r I1C with probability
at least 1 — e©2™,
(2) Any POVM containing m = C'nrlogn projectors onto random elements of a (sufficiently accurate

approzimate) 4-design is rank-r IC with probability at least 1 —e~2™.

This statement is reminiscent of a conclusion drawn in [3, 48]: In the task of distinguishing quantum
states, a POVM containing a 4-design essentially performs as good as as the uniform POVM (the union of
all rank-one projectors).

Remark 9. In the process of finishing this article we became aware of recent work by Kech and Wolf [39],
who showed that the elements of a generic Parseval frame generate a rank-r IC map A if m > 4r(n —r). In
fact, Xu showed in [68] that m > 4r(n — r) is both a sufficient and necessary condition for identifiability of
complex rank r matrices in C™"*". We emphasize, however, that these results are only concerned with pure
identifiability and do not come with a practical and stable recovery algorithm.

3. THE NULL SPACE PROPERTY FOR LOW-RANK MATRIX RECOVERY

Let X € C™*"2_ If X is only approximately of low-rank, then we would like to find a condition on the
measurement map A : C"*"2 — C™ that provides the control of the recovery error by the error of its best
approximation by low rank matrices. Moreover, it should also take into account that the measurements
might be noisy.

Definition 10. We say that A : C"*"2 — C™ satisfies the Frobenius robust rank null space property of
order r with constants 0 < p < 1 and 7 > 0 if for all M € C"**"2_ the singular values of M satisfy

|Mell> < LMy + TIA) e,

\[

The stability and robustness of (4) are established by the following theorem.

Theorem 11. Let A : C"*"2 — C™ satisfy the Frobenius robust rank null space property of order r with
constants 0 < p < 1 and 7 > 0. Let n = min{ny,na}. Then for any X € C™*"2 any solution X* of (4)
with b = A(X) + w, ||w|e, <1, approzimates X with error

2(1+ p)? Ix
1=p)r

Theorem 11 can be deduced from the following stronger result.

(3+p)77

X — X*|lp < .

el +

Theorem 12. Let 1 < p <2 and n = min{ny,ns}. Suppose that A : C"*"2 — C™ satisfies the Frobenius
robust rank null space property of order r with constants 0 < p < 1 and T > 0. Then for any X, Z € C"1*"2,

2
1Z - x|, < LT

T3+p) 1/p-
S =T UZlh = 1 X1+ 2[1 Xell) + fpr”p V2 IA(Z = X) e (26)

The proof requires some auxiliary lemmas. We start with a matrix version of Stechkin’s bound.

Lemma 13. Let M € C™"*"2 gnd r < min{ny,na}. Then, for p > 0,

[[M]]2
rl=1/p°

Ml <

3 Haar random vectors are vectors drawn uniformly from the complex unit sphere in C™. They can be obtained from
complex standard Gaussian vectors by rescaling them to unit length. Property (25) is invariant under such a re-scaling and
Theorem 2 therefore assures rank-r IC for both Gaussian and Haar random vectors.
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Proof. This follows immediately from [26, Proposition 2.3], but for convenience we give the proof. Since the
singular values of M are non-increasingly ordered, it holds
p—1
n 3 n 1 K n
1M = 3 (M) < @D Y (0 < |23 aan| 3 o)
j=r+1 j=r+1 j=1 j=r+1
p—1 [[M]§
< vty =

The next result shows that under the Frobenius robust rank null space property the distance between
two matrices is controlled by the difference between their norms and the f5-norm of the difference between
their measurements.

Lemma 14. Suppose that A : C"t*"2 — C™ satisfies the Frobenius robust rank null space property of order
r with constants 0 < p <1 and 7 > 0. Let X, Z € C"*" gnd n = min{ny,n2}. Then

1+ 211
1X =2l < (HZ||1 = 1 X1l + 2 Xelly) + _pHA(X = Z)les-

Proof. Theorem 7.4.9.1 in [33] states that for matrices A, B of the same size over C
A = B[l = [[2(4) = %(B)],

where || - || is any unitarily invariant norm and ¥(-) denotes the diagonal matrix of singular values of its
argument. Hence,

121 =X = (X = 2)[h = ZIJ;‘(X) -0 (X = 2)]|

_Z|JJ (X =2)[+ Z loj(X) = 0;(X = Z)|
j=r+1

>Z 0i(X) = 0;(X = 2))+ > (0;(X = Z) — 0;(X)).

j=r+1

Hence,
n

I(X = 2)elh= > oj(X = 2) <[ Z]h =D oi(X)+ > 0i(X = Z) + | Xclh

j=r+1 j=1 j=1
<NZl = 1IX1h +Vrll(X = Z)ll2 + 2[ Xellr-
Applying the Frobenius robust null space property of A we obtain
X = Z)cllr < 11211 = XNl + pI(X = Z)clly + TVP AKX = Z)|le, + 2[[ X1

By rearranging the terms in the above inequality we obtain
1
IX = 2)ells = — p 21l = 1X N1 + 7P AKX = Z)lle, + 2] Xell1) -

In order to bound || X — Z||; we use Holder’s inequality, the Frobenius robust rank null space property of A
and the inequality above,
X = Zlh = (X = 2)rllh + [(X = Z)elh < VPI(X = Z)rll2 + (X = Z)clln

< L+ o)X = Z)elly + 7VTIA(Z = X) e,

1+p
= (IIZHl = IX[ + 7V AKX = Z)lle, + 201 Xell1) + TVIIAX = Z) e,

| /\

1+ 27'\[
E(HZ\M—\|X||1+2||Xc||1) ||A(X Z)|le,-
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This concludes the proof. O
Now we return to the proof of the theorem.

Proof of Theorem 12. By Holder’s inequality, Lemma 13 and the Frobenius robust rank null space property
of A

1Z = XNl < X = Z2)illp + (X = Z)ellp < r/P712)(X — 2), ||2 FIX = 2Z)ellp

< 1/pH(X D)elly + P2 AX = 2)le, + e 1/,,||X Z|l
1 +p
< o IX =2l + 7t PR AX = Z) e, (27)
Substituting the result of Lemma 14 into (27) yields the desired inequality. O

As a corollary of Theorem 12 we obtain that if X € C™*™2 is a matrix of rank at most r and the
measurements are noiseless (n = 0), then the Frobenius robust rank null space property implies that X is
the unique solution of

min || Z||y subject to A(Z) = b. (28)
Ze([:’nl X’IL2
It was first stated in [57] that a slightly weaker property is actually equivalent to the successful recovery of

X via (28).

Theorem 15 (Null space property). Given A : C"*"2 — C™ every X € C™*"2 of rank at most r is the
unique solution of (28) with b = A(X) if and only if, for all M € ker A\ {0}, it holds

M [ < [[ M| (29)
For the proof we refer to [57] and [26, Chapter 4.6]. According to Lemma 14, another implication of the
Frobenius robust rank null space property consists in the following error estimate in || - ||; for the case of
noiseless measurements,
2(1+p)
Ix - xth < 252

The above estimate remains true, if we require that for all M € ker A, the singular values of M satisfy
[Mrlly < pl|Mellr, 0<p<1.

This property is known as the stable rank null space property of order r with constant p. It is clear that if
A CmrXm2 — C™ satisfies the Frobenius robust rank null space property, then it satisfies the stable rank
null space property. The approach used in [54] to verify that the stable null space property accounts for
stable recovery of matrices which are not exactly of low rank, exploits the similarity between the sparse
vector recovery and the low-rank matrix recovery. It shows that if some condition is sufficient for stable and
robust recovery of any sparse vector with at most r non-zero entries, then the extension of this condition to
the matrix case is sufficient for the stable and robust recovery of any matrix up to rank r.

In order to check whether the measurement map A : C"t*"2 — C™ satisfies the Frobenius robust rank
null space property, we introduce the set

T, o= {M €€l = L IL e > Sl ).
Lemma 16. If
inf{[|A(M)||¢, : M €T, ,} > %,
then A satisfies the Frobenius robust rank null space property of order r with constants p and 7.

Proof. Suppose that
. 1
inf{||A(M)|l¢, : M €T, ,} > = (30)
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It follows that for any M € C™*™2 such that ||[A(M)|l¢, < @ it holds

p
M||2 < —||M¢||1- 31
[ My ]|z < \/;H Ft (31)
For the remaining M € C™*"2 with ||[A(M)|l,, > w we have
[Myl2 < |M]l2 < 7| AM)]le, -
Together with (31) this leads to
p
M,||2 < —|| M, A(M)]|e,-
1My ]2 < \/;H 1+ TIADL) e
for any M € C™ >z, O
It is natural to expect that the recovery error gets smaller as the number of measurements increases. This
can be taken into account by establishing the null space property for 7 = \/% Then the error bound reads
as follows )
2(1+ p) 2k(3+p)
X = XFlla < "= Xc[h +

i SR
(L=p)Vr vm(l—p)
An important property of the set 7}, , is that it is imbedded in a set with a simple structure. The next
lemma relies on the ideas presented in [59] for the compressed sensing setting.

Lemma 17. Let D be the set defined by
D :=conv{M € C"*" : ||M|y = 1,rank M < r}, (32)
where conv stands for the convex hull.

(a) Then D is the unit ball with respect to the norm
. 1/2
2
IM|[p=>"|>" (o:(M)) ,
j=1 |iel;
where L = [ 2],

[ {rG—-1)+1,...,rj}, 7=1,...,L—1,
Tl {r(L-1)+1,...,n}, j=0L.

(b) It holds
Tpr C/14+ (14 p71)2D. (33)
Let us argue briefly why || - ||p is a norm. Define g : C* — [0, 00) by

1/2
L /

g@) =3 > @)*]

j=1 \iel;

where L and I; are defined in the same way as in item (a) of Lemma 17. Then ¢ is a symmetric gauge
function and ||M||p = g(c(M)) for any M € C™ *™2. The norm property follows from [33, Theorem 7.4.7.2].

Proof of Lemma 17. (a) Any M € D can be written as
M = Z OéiXi

with
rank X; <7 || X;ll2 =1, oy >0, Zai =1.

(3

1Mo <Y il Xillp =Y ail| Xilla =D s = 1.

Thus
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Conversely, suppose that |M||p < 1, and let M have a singular value decomposition M = UXV* =
ZL: Z oi(M)u;v}, where u; € C" and v; € C™ are column vectors of U and V respectively. Set M, :=
JS Z;IEM)u,v;‘ and «; := || Mjl||2, j = 1,...,L. Then each M; is a sum of r rank-one matrices, so that
;ng M; <r, and we can write M as

- 5 o)

j:aj;éo
with ) )
> o= IMjlb=[M]p <1 and || —Mjl2 = —|Mjf>=1.
. . a e
j:o; 70 J J J
Hence M € D.
(b) To prove the embedding of T}, into a scaled version of D, we estimate the norm of an arbitrary
element M of T}, . According to the definition of the || - || p-norm
1 1 1
L 2 2r 2 L 2
2 2 2
M=) [Z (i (M) ] = 1Mol + | D0 (i(M)*] + D> (M) ] : (34)
=1 Liel, i=r+1 >3 Licl,

To bound the last term in the inequality above, we first note that for each i € I, £ > 3,

and hence o
[Z(o—xM)P] <= Y o).
iely j

Summing up over £ > 3 yields

L 2% . e
;L;IZWM))] SW%%UJ(M)—\/Fj;laj(M)—ﬁnMcnl.

and taking into account the inequality for the singular values of M € 1),

> [Z (m-(M))ﬂ < p 1My o

>3 Liel,

Nl

Applying the last estimate to (34) we derive that

1Mo < (1+ p~H)[M ||+

> (ai(M))Q] < (Ut p )Ml + (1 DL 3)2.
i=r+1

Set a = || M,||2. The maximum of the function
fl@):=0+pHa++V1—-a2, 0<a<l,

is attained at the point
1+p7!

V1+(1+p71)2
and is equal to \/1+ (1 + p~1)2. Thus for any M € T}, , it holds
IM|lp <1+ (1+p71)2

which proves (33). O
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Remark 18. The previous results hold true in the real-valued case and in the case of Hermitian matrices,
when the nuclear norm minimization problem is solved over the set of matrices of that special type. As a
set D we then take the convex hull of corresponding matrices of rank r and unit Frobenius norm. The only
difference in the proof of Lemma 17 occurs at the point, where we have to show that any M with ||M|p <1
L
belongs to D. Say, M € C"=™ is Hermitian and ||M||p < 1. Then M = UAU* = > > o;(M)u;uf, where
j=14€l,
u; € C", and M; := > o;(M)u;u} is Hermitian. The rest of the proof remains unchained.
i€l

Employing the matrix representation of the measurement map A, the problem of estimating the prob-
ability of the event (30) is reduced to the problem of giving a lower bound for the quantities of the form
ing ||[Az|]2. This is not an easy task for deterministic matrices, but the situation significantly changes for
zE

matrices chosen at random.

4. (GAUSSIAN MEASUREMENTS
Our main result for Gaussian measurements reads as follows.

Theorem 19. Let A : R™"*"2 — R™ be the linear map (1) generated by a sequence Ay, ..., A, of indepen-
dent standard Gaussian matrices, let 0 < p< 1,k >1and0<e < 1. If

2

21n(e—1)

EETol

m? - r(1+ (14 p~1)?)k2
m+1= (k —1)2

\/771+\/172+\/r( (35)

then with probability at least 1—¢, for every X € R™>"2 g solution X* of (/) with b = A(X)+w, |w|e, < n,
approximates X with error

2
1X — XH||p < MHXCHI + w

n
(L=p)Vr vm(l—p)

In order to prove Theorem 19 we employ Gordon’s escape through a mesh theorem that provides an
estimate of the probability of the event (30). First we recall some definitions. Let g € R™ be a standard
Gaussian random vector, that is, a vector of independent mean zero, variance one normal distributed random
variables. Then for

V3 I'((m+1)/2)

B 1= Ellgls = V2~
we have
—— < En <vm,
Vm+1
see [27, 26]. For a set T C R™ we define its Gaussian width by

{(T) := Esup(z, g),
zeT

where g € R™ is a standard Gaussian random vector.

Theorem 20 (Gordon’s escape through a mesh [27]). Let A € R™*™ be a Gaussian random matriz and T
be a subset of the unit sphere S*~1. Then, fort > 0,
2
P (infT||Ax||2 > B, — U(T) — t) >1—e 7. (36)
TE
In order to apply this result to our measurement process (1) we unravel the columns of A;, j =1,...,m,

into a single row and collect all of these in a m X njng-matrix A, so that n = nins when applying (36).
In order to give a bound on the number of Gaussian measurements, Theorem 20 requires to estimate the
Gaussian width of the set T}, . from above. As it was pointed out in the previous section, T}, , is a subset of
a scaled version of D, which has a relatively simple structure. So instead of evaluating ¢(T), ), we consider
(D).
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Lemma 21. For the set D defined by (32) it holds
(D) < Vr(yvm + /na). (37)
Proof. Let I' € R™*™ have independent standard normal distributed entries. Then ¢(D) = E sup (I', M).
MeD

Since a convex continuous real-valued function attains its maximum value at one of the extreme points, it

holds /(D) =E sup (I',M). By Holder’s inequality,

[1M][2=1

rank M <r

U(D)<E sup |DfeolM[1 <Vr sup [[M[2Eo01(T) < Vr(v/nn+ vn2),
M]2=1 M|l2=1
rlz‘inklllagr r!nkl‘lf/fgr

where the last inequality follows from an estimate for the expectation of the largest singular value of a
Gaussian matrix, see [26, Chapter 9.3]. O

Proof of Theorem 19. Set t := /21In(e~1). If m satisfies (35), then

E, (1 _ i) > i F 0 o DB (it + /i) + 1.

Together with (33) and (37) this yields

B —U(T,,) —t > 2m
K

>

R

m
2
According to Theorem 20

IP’( inf [lA(M)|]2 > */ﬁ) >1-¢,

MET,. K2
which means that with probability at least 1 — & map A satisfies the Frobenius robust rank null space
property with constants p and ”“—\/‘/g The error estimate follows from Theorem 11. O

5. MEASUREMENT MATRICES WITH INDEPENDENT ENTRIES AND FOUR FINITE MOMENTS

In this section we prove Theorem 1, which is the generalization of Theorem 19 to the case when the
map A : R"*" — R™ is obtained from m independent samples of a random matrix ® = (X,;); ; with the
following properties:

e The X;; are independent random variables of mean zero,
. IEXZ-QJ- =1 and IEX;‘]- < (4 for all i,j and some constant Cj.
Note that (by Holder’s inequality) Cy > 1.

As before the idea of the proof is to show that the event (30) holds with high probability. In order to do

so we apply Mendelson’s small ball method [40, 50, 66] in the manner of [66].

Theorem 22 ([10, 50, 66]). Fiz E C R and let ¢q,...,¢m be independent copies of a random vector ¢ in
R?. For € >0 let

Qc(E:¢) = inf P{l(,u)| > &}

and

W (E; ¢) = Esup (h, u),
ueE

where h = ﬁ 23"21 g;j¢; with (¢;) being a Rademacher sequence 4. Then for any € > 0 and any t > 0 with
probability at least 1 — 2"

uelE

m 1/2
inf (Z [ u>|2> > EV/MQae(E: 6) = 2Win (B3 9) — &L.
i=1

We start with two lemmas.

4i,e., the ¢; are independent and assume the values 1 and —1 with probability 1/2, respectively.
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Lemma 23.

B((@,Y)] > 55) > o,

Sl

inf
WllYllz=1}
where C5 = max{3,Cy}.

Proof. Assume that Y has Frobenius norm one. The Payley-Zygmund inequality (see e.g. [26, Lemma 7.16],
and also [60]), implies

CEl@, ) 59

P{|(@.Y)* > BT T

(E[(@,Y)[")} >

N =
| =

We compute numerator and denominator.

E[(®,Y)]> = > E(XijXn) YyYu = ZIEX V=) V=
2]

i,5,k,1
Likewise,
4
E(@Y)'= > E(Xuj - Xig) Y Yig,
015--0504,015-,04
4 y4 2 2 2 2
= ZEXU ’ Yij +3 Z E(X11]1X12J2) Y11J1 le]z
i, 11,192,172
(i1,51)#(i2,52)
_ 4 v4 4 2 2
- ZEXM Y%J +3 Z 11]1 Yzzjz = Z Ca- Yij +3 Z Yh]l Y12]2
i,] 11,%2,41,92 11,%2,41,42
(i1,31)#(i2,42) (i1,31)#(i2,42)
2 2 212
< 05 Z }/il]i}/izjz = C5(ZY ) =
i1,42,51,72 .3
Combining this with (E[(®,Y)|?)? = 1 and the estimate (38), the claim follows. O
Lemma 24. Let ®q,...,P,, be independent copies of a random matrix ® as above. Let e1,...,&, be

independent Rademacher variables independent of everything else and let H = ﬁ Yo ex®r. Then

E|[H|lwo < C1v/m.
Here C1 is a constant that only depends on Cy.

Proof. Let S = 37" | ®;. We first desymmetrize the sum H (see [15, Lemma 6.3]) and obtain

2
El|H|co < —=E|5]|0o-
|Hle < Z=ES)

Therefore, it is enough to show that E| S| < c3v/mn for a suitable constant cs. The matrix S has
independent mean zero entries, hence by a result Latala (see [44]) the following estimate holds for some
universal constant Co,

E||S]eo < Co max ZESQ +max\/ZESfj+</ZESfj
J ,J

Denoting the entries of ®;, by Xy.;;, we have S;; = >, Xi.;;. Hence, using the independence of the Xj;;, we
obtain ES?; = E(3), Xp.i)* = >, EX{,; = m. Thus, />0, ESY < /nm for any i and />, ES} < y/nm
for any j. Finally to estimate {/3°, ;ES}; we calculate ES}; = E(3, X;i;)*. Using again that the Xy,

are independent and have mean zero we obtaln

4 4 2 2
ESj =2 BXiy+3 Y EXE EX{;
k k1#k2
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Using that EX,%M =1 for all 4, j, k, we obtain ES% < Csm?, where C5 = max{3,C4} and hence
4 ZES% < /Csm2n2 = /Cy/mn.
i,J

Hence, indeed E||S||s < c3y/mn for a suitable constant cs that depends only on Cl. O

Proof Theorem 1. Let now T, , and D be the sets defined in Section 3, but restricted to the real-valued
matrices. By Holder’s inequality, for any n; X no matrix Y of Frobenius norm 1 and rank at most r and
any ni X ng matrix H,
(HY) < |Y[1Hoo < V7| H|lo-
Hence
s (H,Y) < Vr|Hl - (39)

Let H = \/%221:1 g;®; and let { = 5

—2t?

f and £ =T, ,. Then it follows from Theorem 22 that for any ¢ > 0

with probability at least 1 — e

YET,, 22 VE 2V2
Using Lemma 23 and the fact that all elements of T}, ,. have Frobenius norm 1, we obtain

1
- 405

Combining now the fact that T, C /14 (14 p=1)2D (see Lemma 17) with estimate (39) and Lemma 24

leads to
Win(Tpr, ®) < /14 (1 +pt \[E||HHOO<CI\/1+ (1+p! \[\F (42)

Using (40), (41) and (42) we see that choosing m > c;p~2nr and t = c¢ym for sultable constants ¢y, ¢y, we
obtain with probability at least 1 — e~ 2™

m 1/2
. 2
Vo (Z @l ) = e

for suitable constants cq, c3. Now the claim follows from Lemma 16 and Theorem 11 (both of which also
hold in the real valued version by the same proofs respectively). O

m 1/2
inf <Z|<q>i7y>|2> > V(T ®) — W (T ®) — —t. (40)
i=1

Qi (Tpr;®) 2 (41)

6. RANK ONE (GAUSSIAN MEASUREMENTS
In this section we prove Theorem 2. The proof technique is an application of Mendelson’s small ball
method analogous to the proof of Theorem 1. Let

p
TH =M eH,: ||M|s=1, |[M||s > <=|| M| ¢ .
o= {0 €90 M2 = 1. 104 L > ool

Let T}, . be defined as Tp}fT but with H,, replaced by the set of all complex n x n-matrices (i.e. it is defined
as before with ny = ng = n). Then Tgfr C T,,. It is enough to show that with high probabiliy

1/2

inf Z {ajaj,Y)[? > v/m/Cs (43)

YeT,
We apply Theorem 22 with F = Tpg{r. The next lemma estimates the small ball probability Q% (E; ¢) used
’ 2
in Mendelson’s method.

Lemma 25 (see [13]). Q%(E;gb) = infyep P{|{aa*, u)| >

I \%

HEES
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Let now (as in [66, 43])
1 m
H=— E gja;ja’, (44)
\/ﬁjzl I

where the ¢; form a Rademacher sequence. For any M € J,, and any n x n matrix Y of Frobenius norm 1
and rank at most r

(M,Y) <Y1 M]loo < V7[[M||co-
Since F = Tp}ﬁﬁ CT,r C+/1+(1+p~1)2D, this implies
Win(E,¢) =Esup (H,Y) <1+ (1+p~)2V/rE|Hl oo

YeE
As in [43] we use now that by the arguments in [67, Section 5.4.1] we have E||H||oo < c2y/n if m > c3n for
suitable constants cg, c3, see also [66, Section 8]. Now the claim of Theorem 2 follows from Theorem 22,
comp. the proof of Theorem 1. O
Remark 26. Inspecting the above proof, resp. the proofs of the cited statements in [13], we see that the real

valued analogue of Theorem 2 is also true. We even may assume for this that the a; are i.i.d. subgaussian
with k-th moments, where £ < 8, equal to the corresponding k-th moments of the Gaussian standard
distribution. The constants then depend only on the distribution of the a;. We also note that a similar
statement in the real case for the recovery of positive semidefinite matrices using subgaussian measurements
has been shown by Chen, Chi and Goldsmith in [19] using the rank restricted isometry property.

7. RANK ONE MEASUREMENTS GENERATED BY 4-DESIGNS

Recall the definition of an approximate, weighted t-design.

Definition 27 (Approzimate t-design, Definition 2 in [3]). We call a weighted set {p;, wl}f\il of normalized
vectors an approximate t-design of p-norm accuracy 0,, if

al n4t—1\""
>t - [ )| < ) o (45)
i=1 [lwlley=1 P t

A set of unit vectors obeying 6, = 0 for 1 < p < oo is called an ezact t-design, see [62] and also [43, 28].

Theorem 28. Let {pi,wi}ﬁil be a an approzimate 4-design with either 0, < 1/(16r%), or 61 < 1/4 that

furthermore obeys HZZ\; DiwW;w; — %idHOo < % Suppose that the measurement operator A is generated by

m > Cyp*nrlogn
measurement matrices A; = \/n(n + 1)aja;f, where each a; is drawn independently from {p;, wi}il. Then,
with probability at least 1 — e~ , A obeys the Frobenius robust rank null space property of order r with
constants 0 < p <1 and 7 = Cg/+/m. Here, Cy,C5 and Cgs denote positive constants depending only on the
design.

Csm

Theorem 3 readily follows from combining this statement with Theorem 12.

Proof of Theorem 28. We start by presenting a proof for measurements drawn from an exact 4-design.
Paralleling the proof of Theorem 2, the statement can be deduced from Theorem 22 by utilizing results from
[43]. Provided that a is randomly chosen from a re-scaled, weighted 4-design (such that each element has
Euclidean length ||w;|le, = v/ (n + 1)n), [43, Proposition 12] implies that
inf P(tr(aa*Z)|>¢) > inf P(tr(aa*Z)| > &) > ﬂ (46)
ZET, T T Z)e=1 - 24
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is valid for all £ € [0,1]. Now let H = >, €;a,a} be as in Theorem 22. Lemma 17 together with the fact
that D is the convex hull of all matrices of rank at most r and Frobenius norm 1 allows us to conclude for
m > 2nlogn, that,

Wi (Tpryaa”) =E sup tr(HM) <+/1+ (14 p~1)2E sup tr (HM)

MET,,, MED
< V14 (1+p71)? sup [[MILWE[Hoo < V14 (1+p71)2Vr E|H|lo
MeD

< 3.1049/1 + (1 + p~1)2rnlog(2n),

where the last bound is due to [43, Proposition 13]. Fixing 0 < £ < 1/2 arbitrarily and inserting these two
bounds into Theorem 22 completes the proof.

An analogous statement for approximate 4-designs — with slightly worse absolute constants — can be
obtained by resorting to the generalized versions of [43, Propositions 12 and 13] presented in Section 4.5.1
in loc. cit. which are valid for approximate 4-designs that satisfy the conditions stated in Theorem 28. [J

8. THE POSITIVE SEMIDEFINITE CASE

Finally, we focus on the case, where the matrices of interest are Hermitian and positive semidefinite and
establish Theorem 4. In order to arrive at such a statement, we closely follow the ideas presented in [30]
which in turn were inspired by [9] containing an analogous statement for a non-negative compressed sensing
scenario.

We require two further concepts from matrix analysis. For every positive semidefinite matrix W = 0 with
eigenvalue decomposition W = > | Nw;w} we define its square root to be W1/2 := 3"/ Nw;w!. In
other words, W'/2 is the unique positive semidefinite matrix which acts on the eigenspace corresponding
to the eigenvalue )\; of W by multiplication by /);. Note that this matrix obeys W1/2 . W/2 = W. Also,
recall that the condition number x(W) of a matrix W is the ratio between its largest and smallest nonzero
singular value. For an invertible Hermitian matrix with inverse W =1 this number equals

KW) = Wl [W |-

Suppose that the measurement process (3) is such that there exists ¢ € R™ which assures that W :=
Z;”:l t;A; is positive definite. We define the artificial measurement map

Az : Hp = R™, Z— AW YV2ZzW~1/2) (47)
and the endomorphism
Z v 7 = WY2zw1/? (48)
of H,,. Note that these definitions assure
A(Z) = Ayn2(Z)  forall Z € K, (49)
and the singular values of Z and Z satisfy
0;(2) < |WY2|2%04(Z) = [Wlo(2),  0;(Z) < W 2|3005(Z) = W |05 (2), (50)

see [7, p. 75]. Consequently, the mapping (48) preserves the rank of any matrix. The following result assures
that the artificial measurement operator A1,z obeys the Frobenius robust rank null space property, if the
original A does.

Lemma 29. Suppose that A satifies the Frobenius robust rank null space property of order r with constants
p and T and suppose that W = Z;ﬂ:l t;A; is positive definite. Then Ayy1/2 also obeys the Frobenius robust
rank null space property of order r, but with constants p = k(W)p and T = ||W||eT-

Proof. Let Z € K,,. Relations (49), (50) together with the Frobenius robust rank null space property of A
imply that

. P
1 Zella < IW21201Zell2 < W lloo | =11 Zelly + TIA(Z) e,
\/77
W oo W~ Hloop 2 -
< 1Zells + (W llooT [ Aw1/2(Z) e, -

\/77
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O

Lemma 30. Suppose there is t € R™ such that W := Z;”:l t;A; is positive definite. Let X, Z be positive
semidefinite. Then, } . o
1Z1x = 1 X1l < [[Elle, | Awa/2(Z = X)le,.

Proof. The claim follows from positive semidefiniteness of both Z and X and our choice of the endomorphism
(48). Indeed,

121l = tx(Z = ) + | X[l = x(WHA(Z = XOWH2) + | Xl = (W (2 = X)) + | X
=t tr(45(Z = X)) + | Xl = (6 A(Z = X)) + | X1

= (t, Apr2(Z = X)) + [1X 1 < [tllex M2 (Z = X) e, + 11X 1
Here X resp. Z denote the preimage of X resp Z under the map (48). O
This simple technical statement allows us to establish the main result of this section.

Theorem 31. Suppose there exists t € R™ such that W := Z]m:l t;A; is positive definite and A satisfies
the Frobenius robust rank null space property with constants 0 < p < ﬁ and T >0. Let 1 < p < 2. Then,
for any X, Z = 0,

2C k(W) _ _ Clltll
1Z — X|l, < ,4—71/;;||Xc||1 + P2 A(Z) = AX) e, IV oo ( \[2 + D|W oo (51)
with constants C = % and D = 3+”E%;p.

Proof. Let X, Z = 0 be arbitrary. Then
12 = Xllp = [W2 (2= X)W 2| < Wl Z - K1y
p

holds and the resulting matrices Z, X are again positive-semidefinite. Also, since A satisfies the Frobenius
robust rank null space property with constants 0 < p < ﬁ and 7 > 0, Lemma 29 assures that Ay1/2 does
the same with constants 0 < p < 1 and 7 = ||W||eo7 > 0. Combining this with Theorem 12 and Lemma 30
implies
C
C
17
2C

<
- rl= 1/10

1Z - Xll, < (121 = 1K 1 + 2%l ) + DIW o777~ 2 Ay 2 (Z = Xl

(1elea A /2(Z = Kl + 20 Zelly) + DIW loor /2= 2 Ay 2(Z = X) ey

Clltlle,
VT

The desired statement follows from this estimate by taking into account (49) and (50). O

1Zolls + PPV Aga (2 — Bl ( D Wt ) .

Note that in contrast to other recovery guarantees established here, Theorem 31 does not require any
convex optimization procedure. However, it does require the measurement process to obey an additional
criterion: the intersection of the span of measurement matrices with the cone of positive definite matrices
must be non-empty. We show that this is the case for the rank-one projective measurements introduced
in the previous section with high probability. Since it has already been established that sufficiently many
measurements of this kind obey the Frobenius robust rank null space property with high probability (see
Theorems 2 and 28 and their respective proofs), Theorem 4 can then be established by taking the union
bound over the individual probabilities of failure.

Proposition 32. Suppose m > 4n and let Ay, ..., Ap be matrices of the form ajaj, where each a; € C" is
a random complex standard Gaussian vector. Then with probability at least 1 — 2e=C10™ T} = % Z;nzl A;
1s positive definite and obeys

max { | Wl|oo [IW ™ [loo, 5(W)} < Cr. (52)
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Here, Cy,C19,C11 > 0 denote universal positive constants.

Note that such a construction corresponds to setting ¢t = L (1,...,1)T € R™ which obeys ||t||,, = 1/y/m.
Proof. For the sake of simplicity, we are going to establish the statement for real standard Gaussian vec-
tors. Establishing the complex case can be done analogously and leads to slightly different constants. Let
e1,...,en denote the standard basis in R™. We define the auxiliary m X n matrix A := Y. e;a} which
obeys

m m

T A — ¥ qF = aF = R
mA A_miglaleijglejaj_miglalai —mZElAl—W.

Also, by construction, A is a random matrix with standard Gaussian entries. Essentially, this relation
implies that mW is Wishart-distributed. From (8) and the defining properties of eigen- and singular values
we infer that

Nomin (W) i (AT A) = 1 (\/ATA> =L (A) (53)

_ A = A

- \/m - \/ﬁ min \/m

and an analogous statement is true for the largest eigenvalue A< (W). Since A is a Gaussian m x n matrix,
concentration of measure implies that for any 7 > 0

\/%_\/ﬁ_%gamin(A>Samax(A)S\/a—'_\/ﬁJ’_% <54)

with probability at least 1 — 2™ /2 — see e.g. [67, Corollary 5.35] or [26, Theorem 9.26]. Combining this
with (53), recalling the assumption m > 4n and defining 7 = 7/4/m allows for establishing

1 n _ ,
——7<1- < - < < " _3
2 T_l \/; T > \/Amln(W) = \//\max(W) < 1+\/;+7._ 5 47

with probability at least 1— 2e~™7"/2 This inequality chain remains valid, if we square the individual terms.
Setting 7 = 1/4 thus allows us to conclude

max {Amax(W),Ar;}n(W), m} < (i’g . :)2 — 49—y, (55)

with probability at least 1 — 2e~"/32, O

Alternatively, we could have relied on bounds on the condition number of Gaussian random matrices
presented in [20]. While these bounds would be slightly tighter, we feel that our derivation is more illustrative
and it suffices for our purpose.

i
a; € C" is chosen independently from a weighted set {pi,wi}i]il of vectors obeying ||wi||%2 =/n(n+1) for
alll <i< N and

Proposition 33. Suppose m > Cynrlogn and let Ay, ..., A, be matrices of the form ajal, where each

N
n+1 1
S — i <.
szwzwz —id|| < (56)
=1 0o
Then with probability at least 1 — 6’76‘”, the matriz W := % Z;nzl A; is positive definite and obeys
max {|[W e, W™ oo, w(W)} < 8. (57)

Here, Cy > 1 and 0 < v <1 denote absolute constants of adequate size.

Note that condition (56) is slightly stronger than the corresponding condition in Theorem 28. Also, the
construction of W again uses t = = (1..., " eR™.



22 MARYIA KABANAVA!, RICHARD KUENG?34 HOLGER RAUHUT!, ULRICH TERSTIEGE!

Proof. In order to show this statement, we are going to employ the matrix Bernstein inequality® [65, Theorem
6.1], see also [1], in order to establish
n+1 3
W — id|| <- 58
-yt < e
o0

with high probability. Let A\ (W),..., A\, (W) denote the eigenvalues of W. Then such a bound together
with the definition of the operator norm assures

/ 1 / 1 1
1- )\min(W) S nt - mm ‘ nt mm max nt - )\Z(W)‘
1<z<77, n
—|M"+1ﬁ w| <34,
n+1 n+1 n+1
Amax(W) - n S Amax(vv) - n S 1?%){71 n - )‘Z(W)|
1
_ |W—1/n+ idl| < 3/4.
n

This in turn implies Ayin(W) > 1/4 as well as Apax(W) < 3/4+ /2L < 2 for n > 2 and the desired bound

(57) readily follows.
It remains to assure the validity of (58) with high probability. To this end, for 1 < k < m, we define the
random matrices M}, := % (araj — E [agaj]), where each aj is chosen independently at random from the

weighted set {p;, wi}il. This definition assures

ntl - n+1, - 1
HWM = > (Mi + Elaxaj]) — —id|| < > My +5 (59)
k=1 %) k=1 [e%e]
via the triangle inequality and assumption (56) and along similar lines
" 1 n+1
IE axatlll < 5+ "0t <2 (60)

readily follows for any 1 < k < m. The random matrices M}, have mean-zero by construction and each of
them obeys

1 1 1 (n+1)n
M = — x— E z < — x 003 E X cof — — 2 = 3
1Ml = —llanar — Elaraf]ll < - max {lasai o, [ laxaf] o} = —flaxl2, =
as well as
B (2], = — [ [(@ai)] - Elwail?| = — |V + Dk lacai] - Elaxai]?|
2 N . 2y/(n+1)n
= 2 [Vt O B fogal [ a2, } < 20D
Hence
S 2 1
> B[] < 2R
k=1 o m

5Resorting to the matrix Chernoff inequality would allow for establishing a similar result. However, in the case of an exact
tight frame, the numerical constants obtained by doing so are slightly worse.
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These bounds allow us to set R := Y—— (n+1)n = 27v(7n+l)n
([65, Theorem 6.1], [1]) in order to estabhsh

N < 72/2 > e 372m
T nexp | ————— nexp| - ——————
N B P\To21Rr) = P 164/(n+ 1)n

for 0 < 7 < 0%/R = 2. Setting 7 = 1/4 and inserting m > C4nr log(n) (where Cy is large enough) assures
that (58) holds with probability of failure smaller than e~7%4" via (59) for a suitable v > 0. O

and apply the matrix Bernstein inequality

Finally, we are ready to prove Theorem 4.

Proof of Theorem 4. We content ourselves with establishing the design case and point out that the Gaussian
case can be proved analogously (albeit with different constants). Fix 0 < p < 1/8 and suppose that

m > Cj (1 —+ (1 + p_1)2) nrlogn

measurement vectors have been chosen independently from an approximate 4-design. Theorem 28 then
assures that the resulting measurement operator A obeys the robust Frobenius rank null space property
with constants p < 1/8 and 7 < Cg/+/m with probability at least 1 — e~5. Likewise, Proposition 33
assures that with probability at least 1 — e_"’é“, setting t = ﬁ(l, ..., )T € R™ leads to a positive definite
W =377 tjA; obeying k(W) < 8. Note that such a t obeys ||t[|l,, = 1/y/m and also 0 < p < 1/8 < 1/x(W)
holds by construction. The union bound over these two assertions failing implies that the requirements of
Theorem 31 are met with probability at least

1— e—ésm _ e—’yéy” > 1— e—’yé4r

where 4 denotes a sufficiently small absolute constant and Cy = m/nrlogn. The constants Cy and s

presented in Theorem 4 then amount to s = ¥Cy and Cy > Cy. Inserting ||t]s, = 1/1/m and the bounds on
W | sos |W | oo, £(W) from Proposition 33 into (51) yields

2Ck(W _ _ Cllt
12 = X1y < 25+ 2 2A) = A I o (S + DI )
16C . C  9DCq
S s 17 1 Xellr + 87 [A(Z) — A(X)lle, ﬁ+ i
Cs Cyrt/p=1/2
< eIl + S A2) — AL,

with constants C5 = 16C and Cy = 8C +8DC g (where C, D were introduced in Theorem 31 and Ce is ). O

Remark 34. In Corollary 6 we focus on recovering density operators, i.e., positive semidefinite matrices X
with trace one. This trace constraint can be re-interpreted as an additional perfectly noiseless measurement

bp=tr(idX) =tr(X) =1
corresponding to the measurement matrix Ag = id. Setting t = (1,0,...,0)7 € R™*! in Theorem 31
then leads to W = id which obeys [|[W|loo = [[W™|ooc = x(W) = 1 and furthermore assures that the

endomorphism (48) is trivial, i.e. Z = Z for all Z € H,,. Moreover, these properties render the estimate
provided in Lemma 30 redundant, because any two density operators X, Z obey
1Z]x = 1 X1 = [1Z]h = [ 2] = tr (Z) — tr (X) = 0.

Such a refinement then allows for dropping the term containing ||t||¢, in (51) and by inserting W = id we
arrive at the following conclusion: Any measurement operator A that obeys the Frobenius robust rank null
space property with constants 0 < p < 1 and 7 > 0 assures for 1 < p < 2 and any two density operators
X, Z:

2(1+p)° rl/P=12(3 4 p)
S X+ A(2) - A

Corollary 6 then follows from combining this assertion with Theorem 28 and setting p = 1.

12 = Xllp <
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APPENDIX

A brief review of finite-dimensional quantum mechanics. For the sake of being self-contained we
briefly recapitulate crucial concepts of (finite dimensional) quantum mechanics without going too much into
detail. For further reading on the topics introduced here, we defer the interested reader to [53, Chapter 2.2].

An isolated quantum mechanical system is fully described by its density operator. For a finite n-
dimensional quantum system, such a density operator corresponds to an Hermitian, positive semidefinite
matrix p with unit trace.

The most general notion of a measurement is that of a positive operator-valued measure (POVM). For an
n-dimensional quantum system, a POVM corresponds to a collection M = {E,,}, ., of positive semidefinite
n X n matrices that sum up to identity, i.e.,

> En=id.

mel

me

The indices m € I indicate the possible measurement outcomes of performing such a POVM measurement.
Upon performing M on a system described by p, quantum mechanics then postulates that the probability
of obtaining the outcome (labeled by) m corresponds to

p(mvp) =tr (Em ) .

Repeating the same measurement (i.e., preparing p and measuring M) many times allows one to estimate
the n probabilities p(\;, p) ever more accurately.

Note that the definitions of p and M assure that p(m, p),,.; is in fact a valid probability distribution.
Indeed, p(m, p) > 0 follows from positive-semidefiniteness of both p and E,,. Unit trace of p assures proper
normalization via

> plm,p) = tr(Epp) = tr(idp) = tr(p) = 1.

mel mel
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