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Abstract
The paper is concerned with the theoretical explanation of the recent empirical success of
solving the low-rank matrix sensing problem via nonconvex optimization. It is known that under
an incoherence assumption (namely, RIP) on the sensing operator, the optimization problem
contains no spurious local minima. This assumption is too strong for real-world applications
where the amount of data cannot be sufficiently high. In this paper, we show that the incoherence
assumption can be significantly relaxed by exploiting the underlying structure of the sensing
operator. In particular, we study sparse operators that have a low-dimensional representation.
We develop general necessary and sufficient conditions for no spurious solutions under incoherence
and structure assumed simultaneously. Using that, we prove that sparsity and structure together
could make the incoherence assumption almost redundant and offer a case study on data analytics
for electric power systems for which the original incoherence assumption is not satisfied.
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Introduction

Even under ideal conditions of no noise and zero approximation error, many highly-efficient machine
learning techniques involve solving potentially hard or intractable computational problems while
learning the data. In practice, they are approached with heuristic optimization algorithms, based
on relaxations or greedy principals. The lack of guarantees on their output limits their use in
applications with significant cost of an error, impacting our ability to implement progressive data
analysis techniques in crucial social and economic systems, such as healthcare, transport, energy
production and distribution. Commonly, non-convexity is the main obstacle for guaranteed learning
of continuous parameters.
It is well known that even relatively simple in formulation non-convex problems can be N P-hard
[1]. As a consequence of complicated geometrical structure, a non-convex function may contain
exponential number of saddle points and spurious local minima, and local search algorithms may
become trapped in them. Other heuristics, like generic convex relaxations, may require work in
an unrealistically large dimensional space to guarantee exactness of their solution. Nevertheless,
empirical observations show positive results regarding application of these approaches to the most
∗
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practically important instances. This provokes a large branch of research trying to explain the
experimental results in order to understand the boundaries of applicability of the existing algorithms
and develop new ones. A recent direction in non-convex optimization consists in studying how simple
algorithms can solve potentially hard problems arising in machine learning applications. The most
commonly applied class of such algorithms are the local search methods, which we are going to study.
For a twice continuously differentiable objective function f : Rn×r → R that reaches its global
minimum f ∗ , if the point x attains f (x) = f ∗ , then we call it a globally minimum; otherwise, we call
it a spurious point. The point x is said to be a local minimum if f (x) ≤ f (x0 ) holds for all x0 within
a local neighborhood of x. If x is a local minimum, then it must satisfy the first- and second-order
necessary condition for local optimality:
∇f (x) = 0,
2

∇ f (x)  0.

(1a)
(1b)

Conversely, a point x satisfying (1a) is called a first-order critical point, while a point satisfying (1)
is called a second-order critical point. We also call it a solution since the local search algorithms
are guaranteed to converge to a first- or a second-order critical point, and not necessarily a local
minimum; for further details on gradient methods see [2]–[5], and [6]–[9] for the details on trust-region
methods.
Analysis of the landscape of the objective functions around a global optimum may lead to an
optimality guarantee for the local search algorithms initialized sufficiently close to it [10]–[15]. This
approach is easy to take, but good initializations are highly problem-specific and difficult to generalize.
Global analysis of the landscape is harder, but potentially more rewarding. It may help to prove
global convergence of a local search method for an arbitrary initialization.
Both local and global convergence guarantees were developed to justify local search methods in the
applications like dictionary learning [16], basic non-convex M-estimators [17], shallow [18] and deep
[19] artificial neural networks with different activation [20] and loss [21] functions, phase retrieval
[22], [23] and more general matrix sensing [24], [25]. Particularly significant progress has been made
towards understanding different variants of low-rank matrix recovery, although explanations of the
simplest version called matrix sensing are still under active development [24], [26]–[30]. Given a
sensing operator A : Sn → Rm and a ground truth matrix z ∈ Rn×r (r < n), an instance of the
rank-r matrix sensing problem consists in minimizing over Rn×r the nonconvex function
fz,A (x) = kA(xxT − zz T )k2

(2)

Recent work has generally found certain incoherence assumption on the sensing operator to be
sufficient for the matrix sensing problem to be “easy”. Precisely, this assumption works with the
notion of RIP
Definition 1 (Restricted Isometry Property). The linear map A : Sn → Rm is said to satisfy δr -RIP
if there are constants δr ∈ [0, 1) and γ > 0 such that
(1 − δ)kXk2F ≤ γkA(X)k2 ≤ (1 + δ)kXk2F
holds for all X ∈ Sn satisfying rank(X) ≤ r.
Most of the results proving absence of spurious local minima by using this notion ([2], [24], [26],
[31]–[35]) are based on a norm-preserving argument: the problem turns out to be a low-dimension
embedding of a canonical problem known to contain no spurious local minima. While the approach
is widely applicable in its scope, it turns out to be restrictive in the problem data and does not
2

provide a way to analyze necessary conditions.
In contrast, [30], [36] introduced an approach of finding a certificate that a particular point cannot
be a spurious local minimum for any instance of the problem


n×r
fz,A (x) → min : A satisfies δ2r -RIP, z ∈ R
,
(ProblemRIP )
x∈Rn×r

where n and r are implied to be fixed, and m can vary, or m = n2 without loss of generality. They
improve the bound established in [36] for the rank-1 case and show that it cannot be improved in
general. The following theorem summarizes these results:
Theorem 1 ([24], [33], [36]).
• If δ2r < 1/5, every instance of (ProblemRIP ) has no spurious second-order stationary point.
• If r = 1 and δ2 < 1/2, then every instance of (ProblemRIP ) has no spurious second-order
stationary point.
• If r = 1 and δ2 ≥ 1/2, then there exists an instance of (ProblemRIP ) with a spurious secondorder stationary point.
Non-existence of a spurious second-order stationary point effectively means that any algorithm
that converges to a second-order critical point is guaranteed to recover zz T exactly. One example of
such an algorithm is the stochastic gradient descent (SGD) which is known to avoid saddle or even
spurious local minimal points [37], and widely used in machine learning [38], [39].
Theorem 1 disclosures the limits on the guarantees that the notion of RIP can provide with. However,
linear maps from applications like Power System analysis typically have the RIP constant higher
than 0.9, and the non-convex matrix sensing still manages to work on some of the instances. This
distance between theory and practice motivates the following question.
What is the alternative property practical problems are satisfying that makes them
easy to be solved via simple local search?
We propose and test a possible answer to this question. In Section 2 we motivate it with real-worlds
and synthetic examples, providing more insights into why this question should be asked. Section
3 provides with the formal definitions and the general framework that we introduce in our intent
to answer the main question. Section 4 applies the introduced framework to particular problems,
showing both positive and negative theoretical results, testing the hypothesis. In Section 5 we present
numerical results of successful application of the framework to the real-world problems appearing in
Power Systems analysis. All the proofs, technical details and lemmas are collected in the Appendix.

Notation
Rn and Rn×r denote the sets of real n-dimensional vectors and n × r matrices, respectively. Sn
denotes the sets of n × n symmetric matrices. tr(A), kAkF and hA, Bi are the trace of a square
matrix A, its Frobenius norm and the Frobenius inner product of matrices A and B of compatible
size. The notation A ◦ B refers to the Hadamard (entrywise) multiplication, and A ⊗ B refers to the
Kronecker product of matrices. The vectorization operator vec : Rn×r → Rnr stacks columns of the
matrix in the form of a vector. The matricization operator mat(·) is the inverse of vec (·).
For a linear operator L : Rn×r → Rm , the adjoint operator is denoted with LT : Rm → Rn×r .
The matrix L ∈ Rm×nr such that L(x) = Lvec (x) is called the matrix representation of the linear
operator. Bold letters are reserved for matrix representations of corresponding linear operators.
Sparsity pattern S of a set of matrices X ⊂ Rm×n is a subset of {1, . . . , max{n, m}}2 such that
3

(i, j) ∈ S if and only if there is X ∈ X such that Xij 6= 0. Given a sparsity pattern S, define its
matrix representation S ∈ Sm×n such that

0 if (i, j) ∈ S,
Sij =
1 if (i, j) ∈
/ S,
The orthogonal basis of a given m × n matrix A (with m ≥ n) is a matrix P = orth(A) ∈ Rm×rank(A)
consisting of rank (A) orthonormal columns that span range(A):
⇐⇒

P = orth(A)

P P T A = A,

P T P = Irank (A) .

Positive part means (·)+ = max{0, ·}, and eigenvalues in an arbitrary order are denoted by λi (·).

2

Motivating Example

In this section we motivate our developments by considering an example from the area of electric
power grid control. The state of a power system can be modeled with a vector of complex voltages
on the nodes (buses) of the network. Monitoring the state of a power system is obviously a necessary
requirement for its efficient and safe operation. Since the voltages cannot be measured directly,
this crucial information has to be inferred from other measurable parameters, such as the power
that is generated and consumed on buses or transmitted through the lines. The power network
can be modeled with a number of parameters grouped into the admittance matrix Y ∈ Cn×n . The
state estimation problem consists in recovering the target voltages vector v ∈ Cn from the available
measurements. In the noiseless scenario, they are given with m real numbers of the form
v ∗ Mi v,

∀ i ∈ {1, . . . , m},

(3)

where Mi = Mi (Y ) ∈ Cn×n are sparse Hermitian matrices representing power-flow measurements.
The sparsity pattern of the measurement matrices is determined by the topology of the network,
while the nonzero values are known functions of the entries of Y . While the total number of nonzero
elements in matrices Mi exceeds the total number parameters contained in Y, we can think of
Y → {Mi }m
i=1 as an embedding from a low-dimensional space. For a detailed discussion on the
problem formulation and approaches to its solution see e.g. [40].
To put the problem into the form of low-rank matrix recovery, introduce a sparse matrix A = A(Y ) ∈
2
Cm×n with i-th row equal to vec(Mi )T . The measurements vector can be written as Avec(vv T ). To
find v from the measurements, we consider solving the non-convex optimization problem:
minimize
kAvec (xxT − vv T )k2
n
x∈C

(4)

In practice, it is usually solved with local search methods, which converge to a second-order critical
point at best. Since f (x) = kAvec (xxT − vv T )k2F = hxxT − vv T , AT Avec (xxT − vv T )i, the set of
critical points in the problem is defined by the linear map represented with the matrix H = AT A,
which thus is the key subject of the study. Let’s consider an example of a question that might arise
in this setting
Example 1. After applying a local search algorithm to
with H = AT A of the form

30 1 0
 1 2 0
H=
 0 0 30
0 0 1
4

the problem minx∈Rn kAvec (xxT − yy T )k

0
0 

1 
2

(a)

(b)

Figure 1: Examples of structure patterns of operators A and H in power system applications. The
positions of repeated nonzero entries of a matrix are marked with the same markers.
is it reasonable to expect that for an arbitrary starting point, the end point x? is such that x? xT? = zz T ?
While not immediately obvious, due to the structure of the operator, the answer to this question
is positive, although the RIP constant of the underlying operator is bigger than 0.59, which does not
allow to apply the Theorem 1. Problems arising in power systems analysis are based on operators
that also possess a specific structure. An example of a structure of matrix A is given on Fig. 1a,
and the structure of corresponding H is described on Fig. 1b. The respective power network will be
considered in more details in Section 5. As discussed previously, given H, it is practically important
to know if there exist v, x ∈ Cn such that x is a stationary point of (4) while xxT 6= vv T . Absence
of these points proves that a local search method recovers v exactly, certifying safety of its use.
Formally, the answer can be provided by the following problem having optimal solution equal to
zero:
maximize
kA(xxT − vv T )k2
n
v,x∈C

subjectto ∇x f (x) = 0
∇2x f (x)  0
However, it is an N P-hard in general and doesn’t have a scalable solution. Even if we solved it,
the sensing operator A could change over time without changing its structure, but we had to solve
it over again. One way around it is to develop a sufficient condition for H satisfying a particular
property. RIP is one example of a property, but, as we mentioned, it does not completely explain
the empirical results.

3

Introduce kernel structure
2

Consider a linear operator A : Sn → Rm with the matrix representation A ∈ Rm×n , a sparsity
pattern SA and a low-dimensional structure captured by A = A(w), w ∈ Rd , d  m. We assume
5

that kA(xxT − zz T )k = 0 if and only if xxT = zz T , which translates into A satisfying rank-2r RIP
with some constant. The motivating example in Section 2 could be stated entirely with real-valued
vectors and matrices, so this construction includes it as a partial case.
We define the nonconvex objective
f : Rn×r → R

f (x) = kA(xxT − zz T )k2

such that

parametrized by A and z ∈ Rn×r . Its value is always nonnegative by construction, and the global
minimum 0 is attained. To emphasize dependence on parameters, we will write them in the subscript.
Another way to express the objective is
f (x) = hxxT − zz T , H(xxT − zz T )i.
Here H = AT A is the linear kernel operator that has matrix representation H = AT A and sparsity
pattern SH , which is well understood. Namely, (i, j) ∈ SH if and only if there exists k such that
(k, i) ∈ SA and (k, j) ∈ SA . Sparsity of H is controlled by the out-degree of the graph represented
by SA , and tends to be pretty low in applications like power systems. Besides sparsity, H inherits
the low-dimensional structure from A, which can be expressed by H = H(w). This structure can be
further relaxed to a linear one. Space of matrices that obey a sparsity pattern is also linear, so we
further consider a linear constraint on the kernel operator.
Definition 2 (Kernel Structure Property). The linear map A : Sn → Rm is said to satisfy T -KSP
2
if there is a linear structure operator T : Sn → Rt such that
T (AT A) = 0
where A is the matrix representation of A.
In this paper, we assume T to consist of sparsity operator S(H) = S ◦ H and a low-dimensional
embedding operator W, which substitutes the constraint H = H(w), so that T = (S, W).
Notice that a particular sensing operator A can be kernel structured with respect to an entire
family of structure operators, and we can possibly pick any of them for our benefit in the following
discussion.
After fixing the kernel structure of the sensing operators, we can state the problem we are now
dealing with:


fz,A (x) → min : A satisfies δ2r -RIP, and T -KSP, z ∈ Z ,
(ProblemKSP+RIP )
x∈X

The class of problems in the form (ProblemRIP ) is a subclass of problems (ProblemKSP+RIP ) with T
being the trivial operator. For (ProblemKSP+RIP ) we come up with both necessary and sufficient
conditions of having no spurious second order stationary point, and consequently a spurious local
minima. They are given with the following theorems.
Theorem 2 (Necessary condition). For X , Z ⊂ Rn×r, there are no spurious second-order stationary
points in any instance of the (ProblemKSP+RIP ) only if
δ2r <

min

x∈X ,z∈Z
xxT 6=zz T

LMIT (x, z; T )

6

(5)

Here LMIT is a convex programming problem that can be put in the form
Pd

T

LM I (x, z; T ) =

T
i=1 (−λi (Lx,z (y)
maximize Pd
T
y∈Rn×r ,V 0,λ∈Rt
i=1 (+λi (Lx,z (y)

− MTx,z (V ) + T T (λ)))+
− MTx,z (V ) + T T (λ)))+

(6)

with Lx,z (H) = ∇fz,H (x); Mx,z (H) = ∇2 fz,H (x). Since fz,H (x) is linear in H, the operators Lx,z
and Mx,z are both linear with the exact form stated in the appendix.
Theorem 3 (Sufficient condition). For X , Z ⊂ Rn×r, there are no spurious second-order stationary
points in any instance of the (ProblemKSP+RIP ) if
δ2r <

min

x∈X ,z∈Z
xxT 6=zz T

LMIP (x, z; T )

(7)

LMIP (x, z) ≡ minimum δ
δ∈R,H

subject to

Lx,z (H) = 0;

Mx,z (H)  0;

T

T (H) = 0

(1 − δ)P P  P HP  (1 + δ)P T P
2

T

2

where P is the linear operator from Rrank([x z]) to Rm which is represented by the matrix P =
orth([x z]) ⊗ orth([x z]). As follows from the results of [36], the necessary and sufficient conditions
stated in the theorems 2 and 3 coincide for the partial case X = Z = Rn×r and the trivial structure
operator. Further in the paper, we also discuss another structure for which the necessary condition
also plays the role of sufficient.

4

Theoretical applications

In this section we discuss applications and limitations of the notions and theory presented above.
We work with examples of (ProblemKSP+RIP ) to investigate the spurious solutions of their instances.

4.1

Sparse structure and normalization

In this subsection we are concerned with the question on how much sparsity alone (T ≡ S) can
impact the best bound on RIP that certifies global convergence. By Theorem 1, in rank-1 case, this
bound is equal to 12 . After shrinking the problem by enforcing sparsity, it is natural to expect that
the bound goes up, becoming less restrictive. However, this is not the case with sparsity.
Let n = 2, r = 1, and consider the smallest sparsity pattern possible for H = AT A  0. It consists
exclusively of elements (i, i), and thus enforces H to be diagonal. Consider the point x with respect
to the instance of the problem given by z and A as in the example below:
Example 2.
x = (1, 1);

√
√
z = ( 2, − 2);

√
√
A = diag( 3, 1, 1, 3)

The x is spurious for fz,A , since fz,A (x) = 24, however, it satisfies the second-order necessary
conditions:


1 1
∇fz,A (x) = 0, ∇2 fz,A (x) = 16
0
1 1

7

which makes it a spurious second-order stationary point. Notice that H = AT A is indeed
 √ diagonal.

3 √1
2
2
2
Moreover, for all X ∈ S , the operator A satisfies a tight bound kXkF ≤ kA(X)k = k
◦
1
3
Xk ≤ 3kXk2F . Therefore, the biggest δ2 for this instance is equal to 1/2, which coincides with the
upper bound for unstructured problems. Somewhat counterintuitively, the tight bound established
in [30], [36] holds even when a very restrictive sparsity pattern of the kernel operator is enforced. In
general, tighter sparsity constraint entails a less restrictive bound on incoherence.
Proposition 1. If sparsity pattern S has a sub pattern S 0 meaning that S 0 ⊂ S, then LMIP (x, z; W, S 0 ) ≤
LMIP (x, z; W, S) for any x, y ∈ Rn×r . Thus, the necessary bound on incoherence for H with S 0 is
not more restrictive than the bound for H with S.
In other words, bound on sparsity of the kernel operator can only push the necessary bound
on RIP higher up. Consequently, Example 2 proves that there is no sparsity pattern of cardinality
> 3 that can itself compensate the lack of isometry. Note that the example is given for the case
n = 2, r = 1, but there is a straightforward extension to an arbitrary n by adding 0 components to x
and z.
It is common in practice to normalize the rows of the sensing matrix before proceeding to recovery. In
T
ix
the context of power systems, it is expressed as xT Mi x → xkMM
. For Example 2, after normalization,
i kF
A would take the form A = diag(1, 1, 1, 1). The corresponding instance of the problem is known to
have no spurious stationary points. Thus, normalization helps to improve the isometry property of
the sensing operator and removed all spurious second-order stationary points out of the corresponding
instance of the problem.

4.2

Sparsity + implicit structure

Unlike sparsity alone, sparsity pattern coupled with a certain type of low-dimensional structure
assumed simultaneously can push the bound on RIP arbitrary close to 1. Assume r = 1. We illustrate
this with the following proposition.
Proposition 2. For the kernel structure operator such that
2

• sparsity structure: H = diag(H11 , . . . , Hnn ) ∈ Sn

• low-dimensional inherent structure: Hii = Hjj , i, j ∈ {1, . . . , n},
for any z ∈ Rn , δ2 ∈ [0, 1), it holds that every instance of the (ProblemKSP+RIP ) has no spurious
second-order stationary points over Rn .
Under no structure assumption, the sharp upper bound on the RIP of the sensing operator is
equal to 12 , while this result states that an assumption on KSP can make any upper bound on RIP
redundant. It also gives an example of the problem where the necessary and sufficient conditions,
given by Theorems 2 and 3, coincide.

5

Numerical results

Our main motivation and aim is the explanation of numerical success of non-convex matrix recovery
in problems with structured sensing operator. Now we show how the general theory developed in
Section 3 can be applied to a real-world example of such a problem, namely the power system state
estimation discussed in Section 2.
8

In this section, we work with networks provided in the package MATPOWER 7.0b1 [41]. Keeping
the structure of a network, we set the parameters of the lines equal to each other for simplicity
(rs = 0, xs = 1, bc = 0, τ = 1, θshift = 0).
We focus our attention on the networks from case9 and case14 of MATPOWER package. For
case9, the number of buses is n = 9, and there are m = 63 possible power measurements that can
be collected. We generate the sensing operator A90 to represent them all as discussed in Section 2.
Although the matrix A90 has complex entries, the corresponding kernel operator H09 is represented
with a real matrix due to the properties of the measurements. Both matrices A90 and H90 are
visualized on Figure 1. Repetition of the non-zero entries of H90 can be considered as a form of
low-dimensional structure, along with sparsity. Based on that, we form the linear operator T09 . All
the matrices in its kernel subspace are rank deficient. In this case, Theorem 2 can only provide
us with the trivial upper bound on the RIP: δ < 1. However, this operator will allow us to use
Theorem 3 to bound the RIP constant from below, which turns out to be productive. Although the
power system state estimation aims to find a complex vector, it is straightforward to verify that
ha + ib, H(a + ib)i = ha, Hai + hb, −Hbi for any real vectors a and b. Therefore, it is enough to
consider the problem in (7) over X = Z = Rn to make the claim regarding X = Z = Cn .
In general, optimization problems (5) and (7) are hard to solve, moreover, we found that the
landscape of the objective is mostly flat. Thus, we use Monte-Carlo simulations in order to obtain a
numerical estimation of their solution.
A numerical test on 160, 000 trials on independent x, z uniformly distributed over [−1, 1]9 , showed
no values of LMIP smaller than 1. By Theorem 3, this gives us an idea that with no regard for
the RIP constant, there must be no spurious local min for any operator of the given
structure. In particular, for A90 since, as we discuss further, it likely satisfies RIP with
a constant strictly smaller than one. This is analogous to the statement of Proposition 2, but
for a real-world system.
In practice, some of the power measurements might be unavailable, which makes the problem harder.
We further look for the limits of applicability of our method, applying it to these harder problems. In
the next computational experiment, we randomly choose a nested sequence of subsets {S` ⊂ 1..m}11
`=1
of power flow measurements to be ignored. Each subset is of cardinality |S` | = `, which means
that the corresponding sensing operator A9` is represented by a matrix of the size (63 − `) × 81.
To get robust and statistically justified results, we approximate the minimum of LMIP over the
Monte-Carlo sample with an α-quantile, where α = 0.0003 is chosen for convenience. For each value
of ` ∈ 0..11, we generate 30, 000 samples of x, z from the standard Gaussian distribution and evaluate
9
9
LMIP (x, z; T`9 ), where T`9 is formed for H`9 = A9T
` A` by the same principle as T0 is formed from
9
H0 . The resulting estimation of the α-quantile is shown on figure 2a with the red solid line. The
shaded region around corresponds to 95% confidence interval. The blue dashed line corresponds to
the Monte-Carlo estimation of the best rank-2 restricted isometry constant, feasible for A9` . It is
estimated based on 10, 000, 000 couples of Gaussian-generated vectors that formed rank-2 matrices.
Maximal and minimal singular values were estimated as 0.9995 and 0.0005-quantiles, and the shaded
region around corresponds to the 95%-confidence interval for the estimation. Since Monte-Carlo
approach provides us with estimations on extreme quantiles for the given distribution of the samples,
it is reliable enough approximation for our purposes, given the large sample size we use.
While it might appear to be constant, the blue curve slowly grows and reaches δ2 = 1 for larger `.
The red curve naturally goes down, reflecting increasing hardness of the problem. Besides ` = 0, the
red curve stays above the blue one for ` = 1, going under afterwards. Thus, our approach justifies
the application of the local search method to problems with sensing operators possessing structure
similar to one of A90 or A91 , and fails if we continue removing measurements. Since the condition we
are applying is just sufficient, it does not mean that other operators necessarily generate problem
9

(a)

(b)

Figure 2: RIP bound, sufficient for global convergence (solid) and the RIP constant of the sensing
operator (dashed) on the number of ignored measurements in case9 (a) and case14 (b)
with spurious solutions, but it can be possible to prove or disprove this fact by using other structure
operators T .
In its turn, case14 has n = 14 buses, and m = 98 possible measurements. Similarly, we choose a
nested sequence of subsets of measurements {S` ⊂ 1..m}11
`=1 to be excluded and form corresponding
14
14
A` and H` for ` = 0..11. Just like in case9, we define T`14 such that each matrix in its kernel is
forced to have repeated entries if corresponding entries were repeated in H14
` . Figure 2b presents a
similar picture to the one for case9. It is obtained by the same method with all constants preserved.
Important difference of case9 is that already for ` = 0 the estimation has nondegenerate confidence
interval, although it is very small (∼ 0.01). The picture allows us to make positive conclusion
regarding structure of A14
0 , but does not provides us with guarantees for larger `.
Note that the proposed method, based on Theorem 3, allows to develop a guarantee of absence of
spurious solution that is strictly better than the previous bound δ2 = 12 by [36] for every `, although
it is just a sufficient condition. All the presented simulations were done with MATLAB modeling
toolbox CVX [42], [43] with SDPT3 [44], [45] as the underlying solver. All optimization algorithms
parameters are left at their default values.
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Appendix
Proof of Theorems 2 and 3
Following [36], we will construct the proof by nonexistence of a counterexample. Specifically, given
x,z
T , for a point x and a parameter value z, we hope to find a value δ2r
that makes true the claim
There exists A that satisfies T -KSP and δ2r -RIP such that x
x,z
is a second-order stationary point of fz,A if an only if δ2r > δ2r
.

With that in mind, we construct the function δ(x, z) by the following optimization procedure:
δ(x, z)

≡

minimum δ2r
δ2r ∈R,A

subject to

Lx,z (AT A) = 0
Mx,z (AT A)  0
T (AT A) = 0
A satisfies δ2r -RIP.

Here the first two constraints represent the requirement that x is a second-order stationary point
of fz,A , the third constraint takes care of the KS property, and the last one of the RI property. It
x,z
is straightforward to verify that this function takes the value of the desired δ2r
. Minimization of
x,z
? such that the (ProblemKSP+RIP ) with δ
δ2r
over {x ∈ X , z ∈ Z : xxT 6= zz T } gives δ2r
2r has an
? .
instance with a spurious second-order stationary point if and only if δ2r > δ2r
x,z
x,z
x,z
x,z
x,z
Suppose we were able to find δ2r
and δ2r
such that δ2r
≤ δ2r
≤ δ2r
for all x ∈ X , z ∈ Z, then
δ? =

min

x∈X ,z∈Z
xxT 6=zz T

x,z
δ2r
≤

min

x∈X ,z∈Z
xxT 6=zz T

x,z
δ2r
≤

min

x∈X ,z∈Z
xxT 6=zz T

x,z
δ2r
= δ?.

? is a sufficient, and δ ≤ δ ? is a necessary conditions for absence
This inequality shows that δ2r ≥ δ2r
2r
2r
of spurious second order stationary point in the instances of the problem (ProblemKSP+RIP ).
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x,z
x,z
Now we will show that we can take LMIP (x, z; T ) = δ2r
and LMIT (x, z; T ) = δ2r
. To do that, we
formulate two problems that define a function LMI and re-define LMIP :

LMI(x, z) ≡ minimum δ
δ∈R,H

subject to

Lx,z (H) = 0

(8a)

Mx,z (H)  0

(8b)

T (H) = 0

(8c)

(1 − δ)I  H  (1 + δ)I

(8d)

LMIP (x, z) ≡ minimum δ
δ∈R,H

subject to

Lx,z (H) = 0

(9a)

Mx,z (H)  0

(9b)

T (H) = 0

(9c)

(1 − δ)P T P  P T HP  (1 + δ)P T P

(9d)

2

2

where P is the linear operator from Rrank([x z]) to Rm which is represented by the matrix P =
orth([x z]) ⊗ orth([x z]). It does not depend on H, and, given that both Lx,z and Mx,z are linear,
both problems are convex, semidefinite conic programs (SDP).
Claim 1.
LMIP (x, z) ≤ δ(x, z) ≤ LM I(x, z)
Proof. Notice that for P = orth([x, z]), the sequence of inclusions holds
{P Y P T : Y ∈ Srank([x

z])

} ⊆ {X ∈ Sn : rank (X) ≤ 2r} ⊆ Sn .

(10)

Denote (H∗ , δ ∗ ) the minimizer of the problem corresponding to LM I(x, z). By (8d), for every X ∈ Sn
it holds that
(1 − δ ∗ )kXk2F ≤ hX, H∗ (X)i = kA∗ (X)k2 ≤ (1 + δ ∗ )kXk2F
where operator A∗ is such that H∗ = A∗T A∗ exists because H∗  0. If the inequality holds for all
X ∈ Sn , it must hold for rank(X) ≤ 2r, as noticed by (10). Thus, we conclude that the pair (A∗ , δ ∗ )
is feasible for the problem defining δ(x, z). This proves the upper bound.
Similarly, if (A∗ , δ∗ ) is the minimizer of the problem defining δ(x, z), then by (10), the pair (AT∗ A∗ , δ∗ )
is feasible for the problem defining LMIP (x, z). It can be verified after rewriting (9d) in the form
(1 − δ)kP Y P T k2F ≤ hP Y P T , AT∗ A∗ (P Y P T )i = kA(P Y P T )k2 ≤ (1 + δ)kP Y P T k2F
for all Y ∈ Srank(x,z) . It’s important to notice that this same argument will work with an arbitrary
choice of P ∈ Rn×d with d ≤ 2r.
The claim finishes the proof of Theorem 3. To finish the proof of Theorem 2, formulate the dual
of the problem defining LMI ::
T

LMI (x, z) =

maximize

y,λ,U1 0,U2 0,V 0

subject to

tr[U1 − U2 ]

(11a)

tr[U1 + U2 ] = 1,
LTx,z (y)
14

−

MTx,z (V

(11b)
T

) + T (λ) = U1 − U2

(11c)

Notice that the problem (6) is the exact reformulation of (11) (see e.g. [36, Lemma 14]), and
T
LMI (x, z) = LMIT (x, z). Both primal and dual problems are bounded and the dual is strictly
feasible. To show the second, introduce
e = vec (xxT − zz T ),

Xvec (u) = vec (xuT + uxT )

∀u ∈ Rn×r ,

and write the operators explicitly:
2

Lx,z : Sn → Rn×r

Lx,z (H) = 2 · XT He,

2

LTx,z (y) = ey T XT + XyeT

LTx,z : Rn×r → Sn
2

Mx,z : Sn → Snr

Mx,z (H) = 2 · [Ir ⊗ mat(He)] + XT HX,

2

MTx,z : Snr → Sn

MTx,z (V ) = vec (V )eT + evec (V )T + XV XT .

Strictly feasible point of (11) has the components y = 0, λ = 0, V = εI, U1 = ηI − εW and
U2 = ηI + εW where 2η = n−2 , 2W = r[vec (I)eT + evec (I)T ] − XXT , and ε is sufficiently small to
ensure that both U1 and U2 are PSD. Consequently, Slater’s condition and strong duality holds and
we have LMIT (x.z) = LMI(x, z).

Ellipsoid norm
Throughout this subsection we treat the structured case of a block diagonal matrix H = diag(H11 , . . . , Hnn ) ∈
2
Sn such that Hii = Hjj for any i, j ∈ {1, . . . , n}, as it appears in Theorem 2. Let’s denote
H11 = . . . = Hnn = M = QQ. Then A(X) = QX and h(x) = kQ(xxT − zz T )k2F = fz,H (x) for this
particular choice of H.
First of all, we claim that the kernel operator with this structure has to be defined with a full-rank
matrix Q in order to satisfy RIP for any r.
Claim 2. For any δr ∈ [0, 1), the matrix Q ∈ Sn satisfies
(1 − δr )kXk2F ≤ kQXk2F ≤ (1 + δr )kXk2F for any X : rank (X) ≤ r
only if rank (Q) = n
Proof. Suppose u ∈ Ker(Q), u =
6 0. Take X = uuT and observe that QX = 0, which contradicts
2
2
that (1 − δr )kXkF ≤ kQXkF .
This allows us further consider M  0 exclusively. By expanding h(x + u) :
Tr uT


T (xxT − zz T )M + M (xxT − zz T ) u) +
h(x + u) = h(x) + Tr(2x


(xxT − zz T )M + M (xxT − zz T ) u + (xuT + uxT )M (xuT + uxT )) + o(|u|2 )

we arrive with a more specified expression for the second-order necessary conditions for local
optimality:
h∇h(x), ui = 2hQ(xxT − zz T ), Q(xuT + uxT )i = 0
2

T

T

T

T

T

h∇ h(x)u, ui = 2hQ(xx − zz ), uu i + kQ(xu − ux

)k2F

≥0

∀u ∈ Rn×r

(12a)

n×r

(12b)

∀u ∈ R

The following lemma provides with a certificate that a point cannot be spurious stationary.
Lemma 1. Given z ∈ Rn×r , a point x ∈ Rn×r is not a first-order stationary point of the function h
for any M  0 if and only if there is λ ∈ Rn×r such that


0 6= Sym (xλT + λxT )(xxT − zz T )  0
15

Proof. Rephrase the first order condition (12a):


(xxT − zz T )M + M (xx> − zz > ) z = 0

(13)

If for any M  0 the equation (13) does not hold, then x cannot be a stationary point for given z
and any M  0. Consequently, the problem
minimize

M ∈Sn ,α∈R

subject to

−α


(yy > − xx> )M + M (yy > − xx> ) y = 0

(14a)

M − α I  0,

(14b)

is bounded by 0 if and only if the equation (13) does not hold for arbitrary M  0. If x can be
stationary for some M  0, then it is unbounded.
The problem (14) is an SDP problem with zero duality gap, since M = 0, α = −1 is a strictly feasible
primal point. Introduce the dual variables λ ∈ Rn×r for the equality constraint (14a), G ∈ Sn for
the PSD constraint (14b). The dual problem:
Tr[ (yλT + λy T )(yy T − xxT )+

+(yy T − xxT )(yλ> + λy > ) − G M ] + α(Tr(G) − 1)
max

min

λ∈Rn×r ,G0 M ∈Sn ,α∈R

The inner optimization problem has a finite solution if and only if

G
= (yλ> + λy > )(yy > − xx> ) + (yy > − xx> )(yλ> + λy > )
Tr(G) = 1
Rephrase the dual problem:
maximize

λ∈Rn×r ,G∈Sn

subject to

0
G = Sym[(yλ> + λy > )(yy > − xx> )],
Tr(G) = 1,
G  0

It is feasible if and only if the primal problem (14) is bounded. Consequently, it is feasible if and
only if the point x ∈ Rn×r is not a stationary point of the function h for any M  0.
To get rid of the condition on trace, just notice that a PSD matrix has nonnegative trace, which is
equal to zero if and only if the matrix is the zero matrix. All the constraints are homogeneous in G,
so the trace can always be normalized to 1. Thus, the dual feasibility is equivalent to the condition
0 6= G  0. This concludes the proof.
Lemma 2. Given z ∈ Rn×r , a point x ∈ Rn×r is not a first-order stationary point of
 the function
 h
0
T1
r×r
r
for any M  0 if there are T1 ∈ R
and T2 ∈ S such that for the matrix T =
it
−T1T T2
holds that


 −z T
T
0 6= [−z x] T P + P T
0
(15)
xT
 T 
z
where P =
[z x] .
xT
16

Proof. Suppose that there exists T from the statement of the lemma. Notice that
1
1
xT1T z T + xT2 xT + zT1 xT + xT2 xT =

 T  2

2 

0 −T1
z
0
T1
−z T
[−z x]
= [z x]
T1T T2
xT
−T1T T2
xT


 T 
−z T
z
xxT − zz T = [z x]
=
[−z
x]
xT
xT
Use it to expand the condition (15) in order to obtain
1
1
0 6= Sym[(x(zT1 + xT2 )T + (zT1 + xT2 )xT )(xxT − zz T )]  0,
2
2
Conclusion immediately follows by applying Lemma 1 with λ = zT1 + 12 xT2 .

Proof of Proposition 2
We start by proving that any point except for 0 and ±z cannot be a first-order stationary point of
the function h.
Assume x 6∈ {0, ±z}. By
 Lemma 2, it is sufficient to prove that there are α and β in R such that the
0 α
matrix T =
satisfies
−α β


 −z T
0 6= G = [−z x] T T P + P T
0
xT
 T 
z
[z x] . Consider three situations of x and z :
where P =
xT
Case 1 x = γz :

T

G = [−z x] T P + P T





−z T
xT



= 2γ(γ 2 − 1)(2α + βγ)zz T zz T

2
For α = γ(γ 2 − 1) and β = 0, it holds that G = 2γ(γ 2 − 1)zz T  0. The matrix is nonzero for
x 6∈ {0, ±z}.
Case 2 z T x = 0


kzk2
0
The matrix P takes the form P =
, so for α = 0 and β = 1,
0
kxk2
G = 2kxk2 xxT  0
The matrix is nonzero for x 6= 0.
Case 3 0 < (z T x)2 < kzk22 kxk22


kzk22
1
By scaling, we can assume without loss of generality that
= 1, thus P =
. It
1
kxk22
is sufficient to show that T T P + P T  0 to guarantee G to be nonzero PSD. To show this, use
Sylvester’s criterion. The upper left corner of this matrix is equal to −2α.
zT x



det(T T P + P T ) =(−(kxk22 − kyk22 )2 − 4)α2 − 2(kxk22 + kyk22 )αβ − β 2
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For α = −1, discriminant of this quadratic polynomial with respect to β is equal to D = 16(kzk22 kxk22 −
1). By the strict Cauchy-–Schwarz inequality in the assumption of the case, D > 0. Thus, there
exists β such that the matrix is positive definite. Conclude that none of x ∈
/ {0, ±z} satisfies the
first order condition (1a).
Assume x = 0. The quadratic form on the Hessian at this point
h∇2 h(0)u, ui = −2hQzz T , uuT i
takes a negative value on u = z. Thus, it does not satisfy the second-order condition (1b).
The points x = ±z are not spurious points, which concludes the proof.

5.1

Proof of Proposition 1

Let S and S0 be the matrix representation of S and S 0 accordingly. S 0 ⊂ S means that S = S 0 ∪ S ∆
2
2
and S0 = S + S∆ . It’s straightforward to verify that for any R ∈ Sn there exists T ∈ Sn such that
2
2
S ◦ T + S∆ ◦ R = S0 ◦ T. The opposite is also true: for any T ∈ Sn there exists R ∈ Sn such that
S ◦ T + S∆ ◦ R = S0 ◦ T.
LMIP (x, z; W, S 0 ) =
minimize
y∈Rn×r ,V 0,u∈Rl ,T∈Sn

Pd

− MTx,z (V ) + W T (u) + S0 ◦ T))+

Pd
2

− MTx,z (V ) + W T (u) + S0 ◦ T))+

T
i=1 (−λi (Lx,z (y)
T
i=1 (+λi (Lx,z (y)

=

Pd

T
T
T
∆
i=1 (−λi (Lx,z (y) − Mx,z (V ) + W (u) + S ◦ T + S ◦ R))+
T
T
T
∆
y∈Rn×r ,V 0,u∈Rl ,T∈Sn2 ,R∈Sn
i=1 (+λi (Lx,z (y) − Mx,z (V ) + W (u) + S ◦ T + S ◦ R))+
Pd
T
∆
T
T
i=1 (−λi (Lx,z (y) − Mx,z (V ) + W (u) + S ◦ T + S ◦ 0))+
minimize
Pd
T
T
T
∆
y∈Rn×r ,V 0,u∈Rl ,T∈Sn2
i=1 (+λi (Lx,z (y) − Mx,z (V ) + W (u) + S ◦ T + S ◦ 0))+

minimize

Pd
2

≤
=

LMIP (x, z; W, S)
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