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NONCONVEX ROBUST LOW-RANK MATRIX RECOVERY*

XIAO LI, ZHIHUI ZHUY, ANTHONY MAN-CHO SO$, AND RENE VIDALY

Abstract. In this paper, we study the problem of recovering a low-rank matrix from a number
of random linear measurements that are corrupted by outliers taking arbitrary values. We consider
a nonsmooth nonconvex formulation of the problem, in which we explicitly enforce the low-rank
property of the solution by using a factored representation of the matrix variable and employ an ¢;-
loss function to robustify the solution against outliers. We show that even when a constant fraction
(which can be up to almost half) of the measurements are arbitrarily corrupted, as long as certain
measurement operators arising from the measurement model satisfy the so-called ¢ /¢2-restricted
isometry property, the ground-truth matrix can be exactly recovered from any global minimum
of the resulting optimization problem. Furthermore, we show that the objective function of the
optimization problem is sharp and weakly convex. Consequently, a subgradient method (SubGM)
with geometrically diminishing step sizes will converge linearly to the ground-truth matrix when
suitably initialized. We demonstrate the efficacy of the SubGM for the nonconvex robust low-rank
matrix recovery problem with various numerical experiments.
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1. Introduction. Low-rank matrices are ubiquitous in computer vision [8, 23],
machine learning [40], and signal processing [13] applications. One fundamental com-
putational task is to recover a low-rank matrix X* € R™**"2 from a small number of
linear measurements

(1.1) y = AX™),

where A : R"*"2 — R™ is a known linear operator. Such a task arises in quantum
tomography [1], face recognition [8], linear system identification [18], collaborative fil-
tering [10], etc. We refer the interested reader to [13, 53] for more detailed discussions.

Although in many interesting scenarios the number of linear measurements m is
much smaller than nins, the low-rank property of X* suggests that its degrees of
freedom can also be much smaller than nyno, thus making the task of recovering X*
possible. This has been demonstrated in, e.g., [10], where a nuclear norm minimiza-
tion approach for recovering a low-rank matrix from random linear measurements is
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studied. Despite the strong theoretical guarantees of such an approach (see also [21]),
most existing methods for solving the nuclear norm minimization problem do not
scale well with the problem size (i.e., n1, n2, and m). To overcome this computa-
tional bottleneck, one approach is to enforce the low-rank property explicitly by using
a factored representation of the matrix variable in the optimization formulation. Such
an approach has already been explored in some early works on low-rank semidefinite
programming (see, e.g., [5, 6] and the references therein) but has gained renewed
interest lately in the study of low-rank matrix recovery problems. For the purpose
of illustration, let us first consider the case where the ground-truth matrix X* is
symmetric positive semidefinite with rank r. Instead of optimizing, say, an fs-loss
function involving an n X n symmetric positive semidefinite matrix variable X with
either a constraint or a regularization term controlling the rank of X, we consider the
factorization X = UU™T and optimize the loss function over the n x r matrix variable

U:

e _i _ T\ 12
(1.2) minimize {ﬁ(U) = —lly - AUU )||2}~

There are two obvious advantages with the formulation (1.2). First, the recovered
matrix will automatically satisfy the rank and positive semidefinite constraints. Sec-
ond, when the rank of the ground-truth matrix is small, the size of the variable U
can be much smaller than that of X. Although the quadratic nature of UUT renders
the objective function £ in (1.2) nonconvex, recent advances in the analysis of the
landscapes of structured nonconvex functions allow one to show that when the linear
measurement operator A satisfies certain restricted isometry property (RIP), local
search algorithms (such as gradient descent) are guaranteed to find a global minimum
of (1.2) and exactly recover the underlying low-rank matrix X* [4, 19, 35, 41, 52].
Moreover, it was shown in [42, 50] that (1.2) satisfies an error bound condition, in-
dicating that simple gradient descent with an appropriate initialization will converge
to a global minimum at a linear rate; see [12] for a comprehensive review.

1.1. Our goal and main results. In this paper, we consider the robust low-
rank matriz recovery problem, in which the measurements are corrupted by outliers.
Specifically, we assume that

(1.3) y=AX") + 5%,

where s* € R™ is an outlier vector such that a small fraction of its entries (the
outliers) have an arbitrary magnitude and the remaining entries are zero. Moreover,
the set of nonzero entries is assumed to be unknown. Outliers are prevalent in the
context of sensor calibration [31] (because of sensor failure), face recognition [16] (due
to self-shadowing, specularity, or saturations in brightness), video surveillance [26]
(where the foreground objects are modeled as outliers), etc.

It is well known that the fs-loss function is sensitive to outliers, thus render-
ing (1.2) ineffective for recovering the underlying low-rank matrix. As illustrated in
the top row of Figure 1, the global minima of £ in (1.2) are perturbed away from the
underlying low-rank matrix because of the outliers, and a larger fraction of outliers
leads to a larger perturbation. By contrast, the £1-loss function is more robust against
outliers and has been widely utilized for outlier detection [8, 24, 31]. This motivates us
to adopt the ¢;-loss function together with the factored representation of the matrix
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(b) 5% outliers. (c) 10% outliers.

(d) No outliers. (e) 5% outliers. (f) 10% outliers.

Fic. 1. Landscapes of the objective functions U — £U) = Ly — AUUT)|Z (top row)
and U — f(U) = %Hy — AUUT)||1 (bottom row) for low-rank matriz recovery with different
percentages of outliers in the measurement vector y (1.3). Here, the ground-truth matrizx X* is
given by X* = U*U*T with U* = [0.5 0.5]T and 40 measurements are taken to form y. For

display purposes, we plot —log(§(U)) and —log(f(U)) instead of £(U) and f(U).

variable to tackle the robust low-rank matrix recovery problem:

L 1 T
(1.4) winimize { (U) = -}y — AQU) }.
The robustness of the ¢;-loss function against outliers can be seen from the bottom row
of Figure 1, where the global minima of (1.4) correspond precisely to the underlying
low-rank matrix X* even in the presence of outliers. However, compared with (1.2),
the exact recovery property of (1.4) (i.e., when the global minima of (1.4) yield the
ground-truth matrix X*) and the convergence behavior of local search algorithms for
solving (1.4) are much less understood. This stems in part from the fact that (1.4) is a
nonsmooth nonconvex optimization problem, but most of the algorithmic and analysis
techniques developed in the recent literature on structured nonconvex optimization
problems apply only to the smooth setting.

In view of the above discussion, we aim to (i) provide conditions in terms of the
number of linear measurements m and the fraction of outliers that can guarantee the
exact recovery property of (1.4) and (ii) design a first-order method to solve (1.4) and
establish guarantees on its convergence performance. To achieve (i), we utilize the
notion of ¢ /la-restricted isometry property (¢1/¢2-RIP), which has been introduced
previously in the context of low-rank matrix recovery [46, 48] and covariance estima-
tion [11]. We show that if the fraction of outliers is slightly less than %, then as long
as the measurement operator A4 and its restriction Aqe onto the complement of the
support set € of the outlier vector s* possess the ¢1 /¢2-RIP, any global minimum U*
of (1.4) must satisfy U*U*T = X*. To tackle (ii), we propose using a subgradient
method (SubGM) to solve (1.4). As a key step in the convergence analysis of the
SubGM, we show that under the aforementioned setting for the fraction of outliers
and the ¢1/€>-RIP of the operators A and Agq., the objective function f in (1.4) is
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sharp (see Definition 1) and weakly convezr (see Definition 2). Consequently, we can
apply (a slight variant of) the analysis framework in [14] to show that when initialized
close to the set of global minima of (1.4), the SubGM with geometrically diminishing
step sizes will converge R-linearly to a global minimum. To the best of our knowledge,
this is the first time an exact recovery condition (i.e., the £; /¢5-RIP of A and Agq.) for
the optimization formulation (1.4) is shown to also imply its regularity (i.e., sharpness
and weak convexity). We summarize the above results in the following theorem.

THEOREM 1 (informal; see Theorem 3 for the formal statement). Consider the
measurement model (1.3), where the ground-truth matriz X* is symmetric positive
semidefinite with rank r. Suppose that the fraction of outliers is less than half and
both operators A and Aqe possess the {1 /l2-RIP (see subsections 3.1 and 3.2). Then,
every global minimum of (1.4) corresponds to the ground-truth matriz X* and the
objective function f is sharp (see Definition 1) and weakly convex (see Definition 2).
Consequently, when applied to (1.4), the SubGM with an appropriate initialization
will converge to the ground-truth matriz X* at a linear rate.

Before we proceed, several remarks are in order. First, for various random mea-
surement operators A, such as sub-Gaussian measurement operators and the quadratic
measurement operators in [11], as long as the number of measurements is sufficiently
large, the operators A and Aq. will possess the {1 /fo-RIP with high probability. This
is the case, for instance, when A is a Gaussian measurement operator with m > nr
measurements.! In particular, when combined with Theorem 1, we see that the low-
rank matrix X* in (1.3) can be recovered using an information-theoretically optimal
number of measurements. Second, although at first glance (1.4) seems to be more
difficult to solve than (1.2) because of nonsmoothness, Theorem 1 implies that (1.4)
can be solved as efficiently as its smooth counterpart (1.2), in the sense that both
can be solved by first-order methods that have a linear convergence guarantee.

Although Theorem 1 is concerned with the setting where X* is symmetric positive
semidefinite, it can be extended to the general setting where X * is a rank-r n; X ny ma-
trix. Specifically, by using the factorization X = UVT with U € R X", V € R"2x"
and utilizing the nonsmooth regularizer |[UTU — VTV || (or |[UTU — VTV ;) to
account for the ambiguities in the factorization caused by invertible transformations,
we formulate the general robust low-rank matrix recovery problem as follows:

(1.5) minimize {g(U, V)= i||y — AUV +A|UTD - VTV||F} .

UCR™M X7,V ER"2 X" m
Here, A > 0 is a regularization parameter. We remark that the regularizer used in the
above formulation is motivated by but different from that used in [35, 42, 52]. The
latter, which is given by |[UTU — VTV||%, is smooth but is not as well suited for
robustifying the solution against outliers. In section 4, we show that all the results
established for (1.4) in Theorem 1 carry over to (1.5) for any A > 0 (but the choice
of A affects the sharpness and weak convexity parameters; see the discussion after
Proposition 6).

1.2. Related work. By analyzing the optimization geometry, recent works [4,
19, 28, 35, 42] have shown that many local search algorithms with either an appro-
priate initialization or a random initialization can provably solve the low-rank matrix
recovery problem (1.2) when the measurement operator A satisfies the RIP. In par-
ticular, gradient descent with an appropriate initialization is shown to converge to a

1See subsection 1.3 for the meaning of the notation 2.
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global optimum at a linear rate [42, 51], while quadratic convergence is established
for the cubic regularization method [47]. Key to these results is certain error bound
conditions, which elucidate the regularity properties of the underlying optimization
problem. Recently, the above results have been extended to cover general smooth low-
rank matrix optimization problems whose objective functions satisfy the restricted
strong convexity and smoothness properties [27, 51, 52].

For the robust low-rank matrix recovery problem, existing solution methods can
be classified into two categories. The first is based on the convex approach [8, 25, 31].
Although such an approach enjoys strong statistical guarantees, it is computationally
expensive and thus not scalable to practical problems. The second category is based
on the nonconvex approach. This includes the alternating minimization methods
[22, 33, 45, 49], which typically use projected gradient descent for low-rank matrix
recovery and thresholding-based truncation for identification of outliers. However,
these methods typically require performing an SVD in each iteration for projection
onto the set of low-rank matrices. Recently, a median-truncated gradient descent
method was proposed in [30] to tackle (1.2), where the gradient is modified to alleviate
the effect of outliers. The median-truncated gradient descent is shown to have a local
linear convergence rate [30], but such a guarantee requires m 2> nrlogn measurements.
Moreover, the maximum number of outliers that can be tolerated is not explicitly
given. By contrast, our result only requires m 2 nr measurements (which matches
the optimal information-theoretic bound) and explicitly bounds the fraction of outliers
that can be present. We also note that a SubGM has been proposed in [31] for
solving (1.4) in the setting where A is a certain quadratic measurement operator.
As reported in [31], the SubGM exhibits excellent empirical performance in terms
of both computational efficiency and accuracy. In this paper, we provide a rigorous
justification for the empirical success of the SubGM, thus answering a question that
is left open in [31].

Finally, we remark that our work is closely related to the recent works [2, 14, 15,
54] on SubGMs for nonsmooth nonconvex optimization. A projected SubGM is proven
to converge linearly for the robust subspace recovery problem [54] and sublinearly for
orthonormal dictionary learning [2]. It is shown in [14, 15] that if the optimization
problem at hand is sharp (see Definition 1) and weakly convex (see Definition 2),
various SubGMs for solving it will converge at a linear rate. Currently, only a few
applications are known to give rise to sharp and weakly convex optimization problems,
such as robust phase retrieval [15, 17] and robust covariance estimation with quadratic
sampling [14]. Thus, our result expands the repertoire of optimization problems that
are sharp and weakly convex and contributes to the growing literature on the geometry
of structured nonsmooth nonconvex optimization problems.

1.3. Notation. Let us introduce the notations used in this paper. Finite-
dimensional vectors and matrices are indicated by bold characters. The symbols
I and O represent the identity matrix and zero matrix/vector, respectively. The set
of r x r orthogonal matrices is denoted by O, := {R € R™*" : RTR = I}. The
subdifferential of the absolute value function | - | is denoted by Sign; i.e.,

; _ [ a/lal, a#0,
Sign(a) := {[_1,1]’ DY
We use Sign(A) to denote the matrix obtained by applying the Sign function to each

element of the matrix A. Furthermore, we use ||A| r to denote the Frobenius norm
of the matrix A and ||a|| to denote the ¢3-norm of the vector a. Finally, we use z <y
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(resp., x 2 y) to indicate that x < cy (resp., © > cy) for some universal constant
c>0.

2. Problem setup and preliminaries. Consider the general optimization prob-
lem

(2.1) aclen]lg" h(x),

where h : R™ — R is a lower semicontinuous, possibly nonsmooth and nonconvex,
function. Let h* denote the optimal value of (2.1) and
X ={zeR":h(z) < h(x) Ve € R"}
denote the set of global minima of h. We assume that X’ # (). Given any x € R", the
distance between & and X is defined as
dist(e, X) := inf ||z — z||.
zeX

Since h can be nonsmooth, we utilize tools from generalized differentiation to for-
mulate the optimality condition of (2.1). The (Fréchet) subdifferential of h at x is
defined as

(2.2) oh(z) == {d €R" : liminf hy) - hﬁ?;ﬁf’ y-z) > 0} ,

where each d € Oh(x) is called a subgradient of h at . We say that « is a critical
point of h if 0 € dh(x).

2.1. Sharpness and weak convexity. Since our goal is to consider a set of
problems that can be solved by the SubGM with a linear rate of convergence, let us
introduce two regularity notions for h that are central to our study.

DEFINITION 1 (sharpness; cf. [7]). We say that h : R™ — R is sharp with param-
eter a > 0 if
h(xz) — h* > adist(z, X)

for all x € R™.

DEFINITION 2 (weak convexity; see, e.g., [44]). We say that h : R™ — R is weakly
convex with parameter 7 > 0 if & — h(x) + L||x|? is convea.

Suppose that h is sharp and weakly convex with parameters a > 0 and 7 > 0,
respectively. It is known that for any = ¢ X with dist(z, X') < 22, we have 0 ¢ Oh(x);
i.e.,, @ is not a critical point of h [14, Lemma 3.1]. This suggests the possibility of
finding a global minimum of % by initializing local search algorithms with a point
that is close to X. To explore such a possibility, let us consider using the SubGM in
Algorithm 2.1 to solve the nonsmooth nonconvex optimization problem (2.1).

Algorithm 2.1 Subgradient Method (SubGM) for Solving (2.1).
Initialization: set @y and ug;

1: for k=0,1,... do

2:  compute a subgradient dj, € Oh(xy);

3:  update the step size uj according to a certain rule;

4: update Trt1 = Tk — ,ukdk;

5: end for




666 X. LI, Z. ZHU, A. M.-C. SO, AND R. VIDAL

2.2. Convergence of SubGM for sharp weakly convex functions. Unlike
gradient descent, the SubGM with a constant step size may not converge to a critical
point of a nonsmooth function in general even when the function is convex [3, 32, 38].
To ensure the convergence of the SubGM, a set of diminishing step sizes is generally
needed [20, 38]. As it turns out, for a sharp weakly convex function h, the SubGM
with step sizes that are diminishing at a geometric rate can still be shown to converge
linearly to a global minimum when initialized close to X. Specifically, let

(2.3) K 1= sup {||d|| :d € Oh(x),dist(x, X) < 2:“},

which can be shown to satisfy k > «a; cf. [14, Lemma 3.2]. Then, we have the following
result.

THEOREM 2 (local linear convergence of SubGM). Suppose that the function
h : R" — R is sharp and weakly convex with parameters o > 0 and 7™ > 0, re-
spectively. Suppose further that the SubGM in Algorithm 2.1 is initialized with a
point o satisfying dist(xg, X) < 27‘1 and uses the geometrically diminishing step sizes
Wi = pFuo, where the initial step size py satisfies

2

(2.4) o < 23}{2 (1 — (max {%dist(wo,ﬁf) - 1,0})2)

and the decay rate p satisfies

2a K2
(2.5) 1>p>p:=\/1—< —T>uo+.zu3

distg dist,

with Y
S 2
(2.6) distg = max {dist(wo, X), uomax{/i,a}} .
o
Then, the iterates {xy}r>0 generated by the SubGM will converge linearly to a point
m X: L
dist(zg, X) < pFdisty  VE > 0.
We note that a similar result has been established in [14, Corollary 6.1]. Neverthe-

less, compared with [14, Corollary 6.1], which requires 2 < ,/ﬁ and dist(xg, X) <

12 for some vy € (0,1), Theorem 2 is less restrictive and allows the larger initialization
region dist(xg, X') < 2% In particular, as  tends to 1, so does v, and the decay rate
p in [14, Corollary 6.1] approaches 1. Thus, one can no longer use [14, Corollary 6.1]
to conclude that the SubGM converges linearly when % = 1. By contrast, the linear
convergence result in Theorem 2 is still valid in this case. Theorem 2 can be proven
by refining the arguments in the proof of [14, Theorem 6.1]. We refer the reader to
the companion technical report [29] of this paper for details.

Before we proceed, it is worth elaborating on the implication of Theorem 2 when
h is convex. In this case, we can take 7 = 0, which, in view of (2.4), shows that
o can be arbitrarily chosen. If we choose pg > %, then by (2.6) we have

max{x?,2a%}

(03

p\/l 202 K202 {\/ —%;, K2 > 2a2,

distg = po , which implies that the decay rate p satisfies

max{x?,2a2} * (max{k?,2a?})? - = K2 < 9202
a’ .

In particular, this is in line with the results in [20, Theorem 4.4].
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3. Nonconvex robust low-rank matrix recovery: Symmetric positive
semidefinite (PSD) case. In the last section, we saw that the SubGM with suitable
initialization and step sizes converges linearly to a global minimum of a sharp weakly
convex function. Naturally, it is of interest to identify concrete problems that possess
these two regularity properties. In this section, we focus on the robust low-rank matrix
recovery problem (1.4) and establish, for the first time, a connection between the
exact recovery condition of the ¢ /¢5-RIP and the regularity properties of sharpness
and weak convexity of the objective function f in (1.4). Specifically, we first show that
if the fraction of outliers is slightly less than % and certain measurement operators
arising from the measurement model (1.3) possess the £; /¢5-RIP, then the sharpness
condition in Definition 1 holds for (1.4). Consequently, all global minima of (1.4)
lead to the exact recovery of the ground-truth matrix X*. We then show that (1.4)
also satisfies the weak convexity condition in Definition 2. Hence, by the convergence
result (Theorem 2) in the last section, we conclude that the SubGM can be utilized
to find a global minimum of (1.4) efficiently.

To begin, let us collect some preparatory results. Let X* = U*U*T be a
factorization of X*, where U* € R"*". Note that for any R € O,, we have
X* =U*R(U*R)T. Thus, all elements in the set

U:={U'R:RcO,}

are valid factors of X*. Furthermore, it is clear that the function f in (1.4) is constant
on the set U. The following result connects dist(U, ) and the distance between UU *
and U*U*? for any given U € R"*".

LEMMA 1 (see [42, Lemma 5.4]). Given any U* € R™" define X* = U*U*T.
Then, for any U € R™*", we have

2 (\/5 - 1) o2(X*) dist>(U,U) < |[UUT — U*U*" |2,

where o, denotes the rth largest singular value.

3.1. ¢y /£2-restricted isometry property. Since the ¢;/¢5-RIP [11, 46, 48]
of the linear measurement operator A : R™*™ — R™ in (1.4) plays an important
role in our subsequent analysis, let us first provide a condition under which A will
possess such a property. Recall that A can be specified by a collection of m n x
n matrices Aq,...,A,,. In other words, given any X € R"*" we have A(X) =
(A1, X),..., (A, X)). We now show that if Ay,..., A, have independent and
identically distributed (i.i.d.) standard Gaussian entries, then 4 will possess the
01 /€5-RIP with high probability.

PROPOSITION 1 (¢1/02-RIP of Gaussian measurement operators). Let r > 1
be given. Suppose that m 2 nr and the matrices Ai,..., A, € R ™ defining the
linear measurement operator A have i.i.d. standard Gaussian entries. Then, for any

0 <d < \/%, there exists a universal constant ¢ > 0 such that with probability
exceeding 1 — exp(—cé?m), A will possess the {1 /lo-RIP; i.c., the inequalities

(31) (ﬂ - 6) X1 < A < <\/f + 6) X

hold for any rank-2r matriz X € R™*".
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The proof of Proposition 1 is given in Appendix A. It is worth noting that similar
¢1/€5-RIPs hold for other types of measurement operators, such as the quadratic
measurement operators in [11] and those defined by sub-Gaussian matrices. Thus,
although our results are stated for Gaussian measurement operators, they can be
readily extended to cover other measurement operators that possess similar RIPs.

3.2. Sharpness and exact recovery. Assuming that the linear measurement
operator 4 possesses the ¢ /¢5-RIP (3.1), our first goal is to identify further conditions
on the measurement model (1.3) so that any global minimum U* of (1.4) can be used
to recover the ground-truth matrix X* via U*U*T = X*. Towards that end, let
Q C{1,...,m} denote the support of the outlier vector s* and Q¢ = {1,...,m} \ Q.
Furthermore, let p = % be the fraction of outliers in y. Throughout, we do not make
any assumption on the location of the nonzero entries of s*. Instead, we assume that
Agqe, the linear operator defined by the matrices in {A; : ¢ € ¢}, also possesses the

01 /€5-RIP; i.e., we have
2 1 2
(3.2) (\/;—5> 1 X|r < m(i—p) 1A (X)]qell; < (\/;4'5) 1 X7

for any rank-2r matrix X. When each A; is generated with i.i.d. standard Gaussian
entries, Proposition 1 implies that Agq. will satisfy (3.2) with high probability as long
as p is a constant. This follows from the fact that |Q°| = (1 — p)m 2 nr if m 2 nr.

PROPOSITION 2 (sharpness and exact recovery with outliers: PSD case). Let
0<d< %\/g be given. Suppose that the fraction of outliers p satisfies
1 )
2 2/m— 6

and that the linear operators A and Agqc possess the {1/l3-RIPs (3.1) and (3.2),
respectively. Then, the objective function f in (1.4) satisfies

FU) — F(U*) > adist(U,U)

(3.3) p <

for any U € R™ " where

34) a= 2(\/5—1) <2(1—p) (\/z—5>—<\/z+5>>gr()(*)>0.

In particular, the set U is precisely the set of global minima of (1.4) and the objective
function f is sharp with parameter o > 0.

Proof. Using (1.3) and (1.4), we compute

) - ) = [ AU - X7) = 5|, = "],

= LA @UT - X, + o A @UT = X)) - s, — sl
> AU - X ], - o |[A@U" - X)),

= 2 A @UT - x|, - A @UT ~ )

IV

(2(1—p)< %—5 —( 7T+<5>>]|U*U*T—UUT||F

> adist(U,U),
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where the second inequality follows from the ¢;/¢5-RIP of A and Agqe and the last
inequality follows from Lemma 1. The characterization of the set of global minima
of (1.4) follows immediately from the above inequality and the choice of p in (3.3). O

One interesting consequence of Proposition 2 is that for the robust low-rank ma-
trix recovery problem (1.4), the sharpness condition (which characterizes the geometry
of the optimization problem around the set of global minima) coincides with the exact
recovery property (which is of statistical nature). Moreover, condition (3.3) suggests
that the smaller ¢ is, the higher the outlier ratio p can be. On the other hand, given an

outlier ratio p, condition (3.3) requires that § < \/g— 3V/22£7;,

a condition on the number of measurements m. Indeed, Proposition 1 implies that in
order for a Gaussian measurement operator .4 to possess the ¢ /¢>-RIP with positive

2 \2/7

T 3/2—p
the larger the number of measurements m is, the higher the outlier ratio p can be.
We shall elaborate on this point with experiments in section 5.

which indirectly imposes

probability, we need m 2 nr / ( )2 measurements. Putting it another way,

3.3. Weak convexity. In the last subsection, we established the sharpness of
(1.4) and showed that any of its global minima will lead to the exact recovery of
the ground-truth matrix X* even when the fraction of outliers is up to almost %
In this subsection, we further establish the weak convexity of (1.4), thus opening
up the possibility of using the machinery developed in section 2 to obtain provable
convergence guarantees for the SubGM when it is applied to solve (1.4). Towards
that end, we note that the ¢;-norm, being a convex function, is subdifferentially
regular [37, Example 7.27] (see [37, Definition 7.25] for the definition of subdifferential
regularity). Hence, by the chain rule for subdifferentials of subdifferentially regular
functions [37, Corollary 8.11 and Theorem 10.6], we have
(3.5)

Of(U) = — [ (A" (Sign (AUUT) ~)))" U + A" (Sign (AUUT) —y)) U|.

1
m
We are now ready to prove the following result. Note that the weak convexity param-
eter 7 in (3.6) is independent of the fraction of outliers.

PROPOSITION 3 (weak convexity: PSD case). Suppose that the measurement
operator A satisfies the {1/¢3-RIP (3.1). Then, the objective function f in (1.4) is
weakly convex with parameter

(3.6) T—2<\/§+5>.

Proof. For any U, U € R™"*" let A = U’ —U. Then, we have
1 T
FU) = —[JAU'U" - X*) = s,
1
= — |AUUT - X* + UAT + AUT + AAT) = 5™,

1 1
> —[[AUUT - X* + UAT + AUY) = s*||, = —[lA(AAT) |,

%

L |AUUT - X* +UAT + AUT) - s*|, — <\F+ 5) |aA™|,
m ™

v

JU)+ (4 AUA" + AUY)) - TA
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for any d € Sign(A(UUT) — y), where the second inequality follows from the £y /fo-
RIP of A and the last inequality is due to the convexity of the £;-norm and | AAT | <
|AJ|%. Substituting (3.5) into the above equation gives

fU") = f(U) +(D,U' - U) - Z|lU' = U} VD € df(U).

This completes the proof. 0

3.4. Putting everything together. With the results in subsections 3.2 and
3.3 in place, in order to show that the SubGM enjoys the convergence guarantees
in Theorem 2 when applied to the robust low-rank matrix recovery problem (1.4),
it remains to determine x, the bound on the norm of any subgradient of f in a
neighborhood of U; see (2.3). This is established by the following result.

PROPOSITION 4 (bound on subgradient norm: PSD case). Suppose that the mea-
surement operator A satisfies the £1/0o-RIP (3.1). Then, for any U € R™*" satisfying
dist(U,U) < 22, we have

(3.7 |D|F§n:2<\/2+5> (|U*|F+2:‘) VD € 0f(U).

Proof. Recall from (2.2) that

U - fO) - (DU D)
(38) iy 07— Ullr 20

for any D € 9f(U). Now, for any U’ € R™*",
/ 1 !/ !
IfU) = FU)l = — ly —AU'TT)||, - [ly - AUUT)|,|

<— AU -UuUuT)||,

1
<\F+ 5) v’ -uut|
T F

-2 +5) | - vt LU - o)),

< (\/E+ 5) (Ul + o' hiv’ = Ullr,

where the second inequality follows from the ¢; /¢5-RIP of A. It follows that

i FO SO (7R + 8T+ [UDIT - Ul
uU-U |U-U'|p ~U-U U —Ul|r

—2 (ﬂw) ll.

Upon taking U’ = U + tD, t — 0 and invoking (3.8), we get

ang2<¢i+QnUHVDeaﬂU»

IN
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To complete the proof, it remains to note that for any U € R™*" satistying dist(U,U) <
22 where o, 7 are given in (3.4), (3.6), respectively, the triangle inequality yields

U < 1U*|lF + 22 O

By collecting Propositions 2, 3, and 4 together and invoking Theorem 2, we obtain
the following guarantees for the SubGM? when it is applied to the robust low-rank
matrix recovery problem (1.4).

THEOREM 3 (nonconvex robust low-rank matrix recovery: PSD case). Consider
the measurement model (1.3), where X* is an n X n rank-r symmetric positive semi-

definite matriz. Let 0 < § < %\/g be given. Suppose that the fraction of outliers
p in the measurement vector y satisfies (3.3), and that the linear operators A, Age
possess the 1 /€2-RIPs (3.1) and (3.2), respectively. Let o, T, and k be given by (3.4),
(3.6), and (3.7), respectively. Under such a setting, suppose that we apply the SubGM
in Algorithm 2.1 to solve (1.4), where the initial point Uy satisfies dist(Up,U) < 2%
and the geometrically diminishing step sizes i, = p*uo are used with pg, p satisfy-
ing (2.4), (2.5), respectively. Then, the sequence of iterates {Uy} k>0 generated by the

SubGM will converge to a point in U at a linear rate:

2 2 2
dist(Uy,,U) < p* max {dist(Uo,U),uonw} .

o

Moreover, the ground-truth matriz X* can be exactly recovered by any point U* € U
via X* =U*U*T.

We remark that a similar result for the smooth counterpart (1.2) without any out-
liers is established in [42, Theorem 3.3]. Our Theorem 3 implies that the nonsmooth
problem (1.4) can be solved as efficiently as its smooth counterpart (1.2) even in the
presence of a substantial fraction of outliers in the measurement vector.

3.5. Initializing the SubGM. We now discuss some potential initialization
strategies for the SubGM. A common approach to generating an appropriate initial-
ization for matrix recovery-type problems is the spectral method. In our context,
this entails simply computing the rank-r approximation of #A*(y) = % S v A,
where A* is the adjoint operator of A. Specifically, let PTIQT be a rank-r SVD of
%A*(y), where P, Q have orthonormal columns and IT is an 7 X r diagonal matrix
with the top r singular values of %A* (y) along its diagonal. In the symmetric pos-
itive semidefinite case, we may assume without loss of generality that Aq,..., A,,
are symmetric. Then, we can take Uy = PTI'/? as the initialization. The main idea
behind this approach is that when there is no outlier (i.e., y = A(X™*) as in (1.1)),
we have - A*(y) = L A*(A(X*)) ~ X* when - A*A is close to a unitary operator
for low-rank matrices. Thus, Uy is also expected to be close to &/. However, when
the measurements are corrupted by outliers, it is possible that %A*(y) is perturbed
away from L .A*(A(X*)) and thus Uy may not be close enough to ¢/. To mitigate the
influence of outliers, Li et al. [30] have recently proposed a truncated spectral method
for initialization, in which the spectral method is applied to an operator that is formed
by using those measurements whose absolute values do not deviate too much from the
median of the absolute values of certain sampled measurements; see Algorithm 3.1.
They showed that under appropriate conditions, the truncated spectral method can
output an initialization that satisfies the requirement of Theorem 3.

2In practice, we can just take Sign(0) = 0 when applying the SubGM to solve (1.4).
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Algorithm 3.1 Truncated Spectral Method for Initialization [30]
Input: measurement vector y; sensing matrices Ay,..., A,,; threshold g > 0;

1set g1 = (w2 wo = (Uil o) 4
2: compute the rank-r SVD of

1 2
E=0 1A’LH i -median
[m/2] ; YiAil{]y;|<pmedian(lys )}

and denote it by PIIQT, where

[ 1 if|y] < B - median(|ys]),
Hiyi1<p-median(iva0} = { 0 otherwise:

Output: Uy = PII'/?, V, = QII'/%;

THEOREM 4 (proximity of initialization to optimal set: PSD case; cf. [30, The-
orem 3.3]). Letr > 1 be given, and set ¢ = % Suppose that the matrices
Aq,..., A, € R"™" defining the linear measurement operator A are symmetric and
have i.i.d. standard Gaussian entries on and above the diagonal, and that the number
of measurements m satisfies m 2> 2¢*nr? logn, where B = 2log (r1/461/2 + 20). Fur-
thermore, suppose that the fraction of outliers p in the measurement vector y satisfies

p S ﬁ Then, with overwhelming probability, Algorithm 3.1 outputs an initializa-

tion Uy € R™ " satisfying dist(Up,U) < 0,.(X™*) and hence also the requirement of
Theorem 3 (as 0,.(X*) is of the same order as 2%

Note that the requirements on the number of measurements and the fraction of
outliers that can be tolerated are slightly more stringent than those in Proposition 1
and Theorem 3. However, as will be illustrated in section 5, our numerical experiments
show that even a randomly initialized SubGM can very efficiently find the global
minimum and hence recover the ground-truth matrix X*. A theoretical justification
of such a phenomenon will be the subject of a future study. We suspect that it may
be possible to relax the requirement on the initialization in Theorem 3 or to show
that the SubGM enters the region {U cdist(U,U) < 27“} very quickly even though
the random initialization lies outside of this region.

4. Nonconvex robust low-rank matrix recovery: General case. In this
section, we consider the general setting where X * is a rank-r ny xng matrix. To extend
the nonsmooth nonconvex formulation (1.4) to this setting, a natural approach is to
use the factorization X = UV with U € R™*" and V € R"2*". However, such a
factorization is ambiguous in the sense that if X = UV™T, then X = (UT)(VT~- )T
for any invertible matrix T € R"*". To address this issue, we introduce the nonsmooth
nonconvex regularizer

(4.1) ¢(U,V) = |UTU - V'V||p,

which aims to balance the factors U and V', and solve the following regularized
problem:

1
(4.2) minimize {g(U, V)= —|y - AUV + \|UTU - VTV||F} :
UcR™1 X'r’Ve]anxw“ m
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Here, A > 0 is a regularization parameter. We remark that a similar regularizer,
namely,

U, V) :=|UU - V'V|3,

has been introduced in [35, 42, 52] to account for the ambiguities caused by in-
vertible transformations when minimizing the squared f¢s-loss function (U,V) —
Llly — A(UVT)|3. However, such a regularizer is not entirely suitable for the ¢1-loss
function, as it is no longer clear that the resulting problem will satisfy the sharpness
condition in Definition 1.

To simplify notation, we stack U and V together as W = [UT VT]T and write
g(W) for g(U,V). Observe that the regularizer ¢ achieves its minimum value of 0
when U and V have the same Gram matrices; i.e., UTU = VTV. Now, let X* =
®3¥T be a rank-r SVD of X*, where & € R™*" ¥ ¢ R"*" have orthonormal
columns and ¥ € R™™" is a diagonal matrix. Define

U* = @21/2’ V* = ‘1’21/27 W* = [U*T V*T:IT .

The orthogonal invariance of g (i.e., g(W) = g(W R) for any R € O,.) implies that g
is constant on the set
W= {W*R:ReO,)}.

4.1. Sharpness and exact recovery. Our immediate goal is to show that W
is the set of global minima of (4.2). Towards that end, let 0 < § < %\/g be given.

Suppose that the fraction of outliers p in the measurement vector y satisfies (3.3),
and that the linear operators A : R™*"2 — R™ and Age : R"*"2 — RIS possess
the ¢1/02-RIPs (3.1) and (3.2), respectively.® Using the argument in the proof of
Proposition 2, we get

(4.3) gW)-—g(w*) > <2(1 —p) <\/Z—6> - (ﬂM)) IUVT — X*|p,

where 1
9W) =y~ AUV

In particular, we see that g(W) > g(W*) whenever UVT # X*. Since U*TU* =
V*TV* by construction, we conclude that W* is a global minimum of (4.2), as W* is
a global minimum of both the first term g and the second term ¢ of g. It then follows
from the orthogonal invariance of g that every element in W is a global minimum
of (4.2). The following result further establishes that W is exactly the set of global
minima of (4.2) and g is sharp.

PROPOSITION 5 (sharpness and exact recovery with outliers: general case). Let

0<d< %\/% be given. Suppose that the fraction of outliers p satisfies (3.3), and that

the linear operators A and Aqe possess the £1/02-RIPs (3.1) and (3.2), respectively.
Then, the objective function g in (4.2) satisfies

gW) —g(W?) = adist(W, W)

31t can be shown that modulo the constants, the Gaussian measurement operator A : R™"1%X"2 —
R™ will possess the ¢1/¢2-RIPs (3.1) and (3.2) with high probability as long as m > max{ni,na}r.
To avoid any distraction caused by the new constants, we shall simply use the ¢;/¢2-RIPs (3.1)
and (3.2) in our derivation.
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for any W € R(m+n2)X" yphere

(4.4) o= \/\/5—1-mm{2(1_p) (ﬁ-a) - (\E”) ,zx} o (X*) > 0.

In particular, the set W is precisely the set of global minima of (4.2) and the objective
function g is sharp with parameter a > 0.

Proof. Let (p,0) = 21— p) (/2 = 8) = (/2 +9). Since U*TU* = V*TV*, we
have ¢(W*) =0 by (4.1) and

* 1 1 *
gW) —g(W?) = —|ly - AUV, - —lly = AX)| + MUTU = VTV
> ((p )| X" —UVT | p +AMUTU = VTV

1
> win (0.9).20) (1X° = UV T+ U0 - VIV )

1
> min (C(7.0), 22 1 X- ~ UV + LUt - vivig

> min { CQ; J )\} IWWT — W*W*T||

> min { C(p2, J) )\} 2 (\/i - 1)0T(W*) dist(W, W)

= min {¢(p, §), 2A} \/ V2 — 16/2(X*) dist(W, W),
where the first inequality follows from (4.3), the fourth inequality follows from
IX* UVt U~ VIV = [0V OV [UTU - VIV
= LIWWT W W (W)
with
VW) = SIUVT — UV 4 U - VIV
—IUUT UG - VYT - VT
= JIUTU o+ S IVTVA R UV UV
TV~ LU - VTR
= SIUTU VIV 4 LUV~ OO VIV
= JIUTU VIV > 0

(recall that U*TU* = V*TV™*), the fifth inequality is from Lemma 1, and the last
one follows from the fact that o, (W*) = V2ol ?(X*). This completes the proof. O

By comparing Propositions 2 and 5, we see that the fraction of outliers that can
be tolerated for exact recovery is the same in both the symmetric positive semidefinite
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and the general cases. Moreover, the sharpness parameter « in (4.4) demonstrates the
role that the regularizer ¢ plays: When the regularizer ¢ is absent (which corresponds
to A = 0), although every element in W is still a global minimum of (4.2), we cannot
guarantee that there is no other global minimum. Indeed, when A = 0, the pair
(U*T,V*T~T) is a global minimum of (4.2) for any invertible matrix T € R"™".
However, when A\ > 0, the regularizer ¢ ensures that the pair (U*T, V*T~T) is a
global minimum of (4.2) only when T' € O,.

4.2. Weak convexity. Let us now establish the weak convexity of the objective
function g in (4.2).

PROPOSITION 6 (weak convexity: general case). Suppose that the measurement
operator A satisfies the £1/l5-RIP (3.1). Then, the objective function g in (4.2) is
weakly convex with parameter

2
(4.5) T=1/Z 40542
i

Proof. Since g = g+ A¢, it suffices to show that g and ¢ are both weakly convex.
Similar to (3.5), we apply the chain rule for subdifferentials [37, Corollary 8.11 and
Theorem 10.6] to get

. 1 [ A*(Sign(AUVT) —y))V
39(W):[ *( ( T ))T :
m | (A* (Sign (AUVT) —y))) U
Using this and the argument in the proof of Proposition 3, we can show that for any
W, W' e R(nl-i-ng)xr,

gW') =2g(W)+(D,W' - W) — <\/Z+ 6) @ =)V = V) |r
> (W) + (D, W'~ W) - (W) |W'— W3 VD e ag(W);

i.e., the function g is weakly convex with parameter 74 = \/g + 4.
Next, define the matrices

w=[uT v, w=[u" —V’T}T

and note that WTW = UTU -V TV Furthermore, define the function ¢ : R"™" — R
by ¥(C) = ||C||r, whose subdifferential is

00(C) = {1} C#0,
(BeR™ . ||B|p <1}, C=o0.

Upon setting A = W/ — W and A = W’ — W, we compute
d(W') = | W W'||p

= |W'W +WTA + A™W + ATA||r

> [WW + WTA + A™W|r — |[ATA|F

> [WWp+ (8, WA+ ATW) — |ATA|p,

(4.6)
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where the last inequality holds for any ¥ € dy(W W) due to the convexity of the
Frobenius norm. Since the Frobenius norm is subdifferentially regular [37, Example
7.27], the chain rule for subdifferentials [37, Corollary 8.11 and Theorem 10.6] yields

(4.7) DH(W) = {w(ql Lol e azp(mTW)} .
It follows from (4.6) and (4.7) that

(W) +(2, W' - W) - |[ATA|F
(W) +(2, W' = W) — |[W' - Wi V& e dp(W);

PW') > ¢
> ¢
i.e., the function ¢ is weakly convex with parameter 74 = 2.

Putting the above results together, we conclude that g = g+ A¢ is weakly convex
with parameter 7 = 745 + A7y, as desired. ]

Unlike the sharpness condition in Proposition 5 that requires A > 0, the weak
convexity condition in Proposition 6 holds even when A = 0. Although the parameters
a and 7 in (4.4) and (4.5) increase as A increases from 0, the former becomes constant
when

201 - p) (V2/r —6) - (V2/r +9)

> .
Az 2

In view of Theorem 2, it is desirable to choose A so that the local linear convergence re-
gion {:I: sdist(x, X) < 270‘} of the SubGM is as large as possible. Such a consideration
suggests that we should set

201 - p) (v2/7 - 8) = (V277 +9)

5 .

4.3. Putting everything together. As in subsection 3.4, before we can in-
voke Theorem 2 to establish convergence guarantees for the SubGM when applied to
the general robust low-rank matrix recovery problem (4.2), we need to bound the norm
of any subgradient of g in a neighborhood of W. This is achieved by the following
result.

PROPOSITION 7 (bound on subgradient norm: general case). Suppose that the
measurement operator A satisfies the £1/la-RIP (3.1). Then, for any W € R(natn2)xr
satisfying dist(W, W) < 22 we have

(4.8) |D|[r < k= max{\/z—l- 5,)\} <||W*||F + 2:k> VD € 9g(W).
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Proof. Observe that for any W, W’ € R(nitn2)xr

lg(W') = g(W)| < [g(W') = g(W)| + Ap(W') — ¢(W)

IN

A@VT OV 4 A (U - U+ VIV - VTV )

IN

2 /
(ﬁ ”) e Y (e N VSR

2
< (\/;+5> (VU =U'llr +IUIFIV = V'|[F)

+AUlr + U NT =U'llp + XAV IE+ IV IR IV = V]F
2
< max {\[TJr , /\} (W e+ [W']le) [W = W||p,

where the third inequality follows from the ¢;/¢5-RIP (3.1). Thus, similar to the
derivation of (3.7), for any W € R(m*n2)x" gatisfying dist(W, W) < 22, where
and 7 are given in (4.4) and (4.5), respectively, we have

2
ID]|p < max {\/;Jr(i/\} W17
2 N 2a
<max{\/;+5,)\} (HW ||F+7_> VD € dg(W). 0

By collecting Propositions 5, 6, and 7 together and invoking Theorem 2, we obtain
the following guarantees when the SubGM is used to solve the general robust low-rank
matrix recovery problem (4.2).

THEOREM 5 (nonconvex robust low-rank matrix recovery: general case). Con-
sider the measurement model (1.3), where X* is an ny X ng rank-r matriz. Let

0 <d< %\/g be given. Suppose that the fraction of outliers p in the measure-

ment vector y satisfies (3.3), and that the linear operators A, Aqe possess the £y /ls-
RIPs (3.1), (3.2), respectively. Let o, 7, and k be given by (4.4), (4.5), and (4.8),
respectively. Under such a setting, suppose that we apply the SubGM in Algorithm 2.1
to solve (4.2), where the initial point Wy satisfies dist(Wo, W) < 22 and the geomet-
rically diminishing step sizes pi, = pFuo are used with ug, p satisfying (2.4), (2.5),
respectively. Then, the sequence of iterates {Wy}tr>0 generated by the SubGM will
converge to a point in W at a linear rate:

2 2 2
dist(Wp,, W) < pF max {dist(Wo,W),/,Lon{Ha’a}} )

Moreover, the ground-truth matrix X* can be exactly recovered by any point W* € W
via X* = U*V*T.

4.4. Initializing the SubGM. In the general case, we can still use the trun-
cated spectral method in Algorithm 3.1 to obtain a good initialization for the SubGM.
Specifically, we take Wy = [UOT VOT}T as the initialization, where Uy, Vy are the

outputs of Algorithm 3.1. Then, we have the following result, which is essentially a
restatement of [30, Theorem 3.3].
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THEOREM 6 (proximity of initialization to optimal set: general case). Let r > 1 be

given, and set n =nj +ng, ¢ = % Suppose that the matrices Aq,...,A,, €

R™*"2 defining the linear measurement operator A have i.i.d. standard Gaussian
entries, and that the number of measurements m satisfies m > 2¢2nr?logn, where
B8 = 2log (7‘1/461/2 —|—20). Furthermore, suppose that the fraction of outliers p in

the measurement vector y satisfies p < ﬁ Then, with overwhelming probability,

Algorithm 3.1 outputs an initialization Wy € RUMTm2)XT satistying dist(Wo,U) <
o-(X*) and hence also the requirement of Theorem 5.

5. Experiments. In this section, we conduct experiments to illustrate the per-
formance of the SubGM when applied to robust low-rank matrix recovery problems.
The experiments on synthetic data show that the SubGM can exactly and efficiently
recover the underlying low-rank matrix from its linear measurements, even in the
presence of outliers, thus corroborating the result in Theorem 3.

We generate the underlying low-rank matrix X* = U*U*" by generating U* €
R™ " with i.i.d. standard Gaussian entries. Similarly, we generate the entries of the m
sensing matrices A1,..., A, € R"*™ (which define the linear measurement operator
A) in an i.i.d. fashion according to the standard Gaussian distribution. To generate
the outlier vector s* € R™, we first randomly select pm locations. Then, we fill each
of the selected locations with an i.i.d. mean 0 and variance 100 Gaussian entry, while
the remaining locations are set to 0. Here, p is the ratio of the nonzero elements in s*.
According to (1.3), the measurement vector y is then generated by y = A(X™*) + s*;
ie,y,=(A, X*)+srfori=1,...,m.

To illustrate the performance of the SubGM for recovering the underlying low-
rank matrix X* from y, we first set n = 50, r = 5, and p = 0.3. Throughout the
experiments, we initialize the SubGM with a randomly generated standard Gaussian
vector, as it gives a practical performance similar to the one obtained by the truncated
spectral method in Algorithm 3.1. We first run the SubGM for 10* iterations using
the geometrically diminishing step sizes pp = p¥uo, where the initial step size pg
and decay rate p are selected from {0.1,0.5,1,10} and {0.80,0.81,0.82,...,0.99},
respectively. For each pair of parameters (ug,p), we plot the distance of the last
iterate to U (i.e., dist(Uygs,U)) in Figure 2a. When the SubGM diverges, we simply
set dist(Ujgs,U) = 10* for the purpose of presenting all results in the same figure.
As observed from Figure 2a, the SubGM diverges when 1 is large, say, po = 10. On
the other hand, it converges to a global minimum when py = 1, p € [0.93,0.99] and
o = 0.5, p € [0.95,0.99]. It is worth noting that the SubGM converges to a global
minimum when pg = 1, p = 0.93, but not when ug = 0.5, p = 0.93. This is consistent
with Theorem 2, which shows that a larger initial step size pg allows for a smaller
decay rate p. Such a phenomenon can also be observed in the case where pg = 0.1,
for which the SubGM fails to find a global minimum even when p € [0.95,0.99].

In Figure 2b, we fix o = 1 and plot the convergence behavior of the SubGM
with p € {0.9,0.93,0.96,0.99}. As observed from the figure, when p is not too small
(say, larger than 0.93), the distances {dist(Ug,U)}r>0 converge to 0 at a linear rate,
thus implying that the SubGM with geometrically diminishing step sizes can ex-
actly recover the underlying low-rank matrix X*. We observe that a smaller p gives
faster convergence. This corroborates the results in Theorem 2, which guarantee that
{dist(Uy,U) }r>0 decays at the rate O(p*) as long as p is not too small (i.e., satisfying
(2.5)). We also consider the SubGM with the Polyak step size rule [36], which, in the

context of (1.4), is given by uy = W, where f* is the optimal value of (1.4) and
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di € 0f(Uyg) (the method terminates when di = 0). The convergence rate of such
a method for sharp weakly convex minimization has been analyzed in [14]. We plot
the convergence behavior of the SubGM with the Polyak step size rule in Figure 2b,
which also shows its linear convergence. However, we note that the Polyak step size
rule is generally not easy to implement, as it requires the knowledge of f*.

Then, we consider the SubGM with piecewise geometrically diminishing step sizes,
which dates as far back as to the work [39] and has recently been used in [54]. Specif-
ically, we set pp = ﬁ with N € {50,100,200}. Compared to the vanilla strategy
pr = pFuo, the piecewise strategy allows for a smaller decay rate p (here, we use
p= %) and keeps the same step size for N iterations. As can be seen from Figure 2c,
the method converges at a piecewise linear rate. Nevertheless, we observe that the
piecewise strategy is slightly less efficient than the vanilla one in general.

We also consider a modified backtracking line search strategy in [34] to choose the
step size. Although such a strategy is generally designed for smooth problems, it is
empirically used in [54] for a nonsmooth nonconvex optimization problem to achieve
fast convergence. Inspired by the strategy of choosing geometrically diminishing step
sizes, we modify the backtracking line search strategy in [34] by (i) setting pr = pr—1
and (ii) reducing it according to pr < prp until the condition f(Uy — prdi) >
F(Uy) — nug|ldg|| is satisfied. We set n = 1073, p = 0.85, o = 1 and plot the
convergence behavior of the resulting method in Figure 2d. As can be seen from the
figure, the method converges at a linear rate. Moreover, we observe empirically that
the choice of parameters above works for other settings (i.e., different n,r, m,p). We
leave the convergence analysis of the SubGM with backtracking line search as a future
work.

Next, we study the performance of the SubGM with geometrically diminishing
step sizes by varying the outlier ratio p and the number of measurements m. In these
experiments, we run the SubGM for 2 x 102 iterations with initial step size ug = 1 and
decay rate p = 0.99. We also conduct experiments on the median-truncated gradient
descent (MTGD) with the setting used in [30]. In particular, we initialize the MTGD
with the truncated spectral method in Algorithm 3.1 and run it for 10* iterations.
For each pair of p and m, 10 Monte Carlo trials are carried out, and for each trial
we declare the recovery to be successful if the relative reconstruction error satisfies
W < 1075, where X is the reconstructed matrix. Figure 3 displays the phase
transition of the MTGD and SubGM using the average result of 10 independent trials.
In this figure, white indicates successful recovery while black indicates failure. It is
of interest to observe that when the outlier ratio p is small, both the SubGM and
the MTGD can exactly recover the underlying low-rank matrix X* even with only
m = 2nr measurements. On the other hand, given a sufficiently large number of
measurements (say, m = 7nr), the SubGM is able to exactly recover the ground-
truth matrix even when half of the measurements are corrupted by outliers, while
the MTGD fails in this case. In particular, by comparing Figure 3a with Figure 3b,
we observe that the SubGM is more robust to outliers than the MTGD, especially
in the case of high outlier ratio. We also observe from Figure 3 that with more
measurements, the robust low-rank matrix recovery formulation (1.4) can tolerate
not only more outliers but also a higher fraction of outliers. This provides further
explanation to the observations made after the proof of Proposition 2.



X. LI, Z. ZHU, A. M.-C. SO, AND R. VIDAL

680
103 . . v 10°
c = 0.9
Kaaans - 0 --p=093
10 10 -=p=0.96
. p=0.99
——Polyak step sizes

diSt(UmJ,Z/{)
S

1010 f -a-11p=05 1010
-9—;1,0:1
—B—;t0=10
107 : : : 1071° - y y y y
0.8 0.85 0.9 0.95 1 0 500 1000 1500 2000 2500 3000
p Iteration
(a) Distance of last iterate to optimal (b) Convergence of SubGM with geomet-
set with po € {0.1,0.5,1,10} and p € rically diminishing (ux = p% p €
{0.80,0.81,...,0.99}. {0.90,0.93,0.96,0.99}) and Polyak step sizes.
10°
= N=50
> N=100
100 i
10°
S S
. 2
% 10 % 10
w 2}
3 bS]
1070
10710
500 520 540 560
10715 X . . . . X . X X :
0 500 1000 1500 2000 2500 3000 0 500 1000 1500 2000 2500 3000
Iteration

Iteration

(c) Convergence of SubGM with piecewise ge- (d) Convergence of SubGM with modified

ometrically diminishing (ur = szl/NJ , N € backtracking line search (n = 107, p = 0.85,

{50, 100, 200}) step sizes. o = 1).

Fi1Gc. 2. Behavior of SubGM when applied to robust low-rank matriz recovery with n = 50,
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black. Results are averaged over 10 independent trials.
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6. Conclusion. In this paper, we gave a nonsmooth nonconvex formulation of
the problem of recovering a rank-r matrix X* € R™*"2 from corrupted linear mea-
surements. The formulation enforces the low-rank property of the solution by using
a factored representation of the matrix variable and employs an #;-loss function to
robustify the solution against outliers. We showed that even when close to half of
the measurements are arbitrarily corrupted, as long as certain measurement opera-
tors arising from the measurement model satisfy the ¢1/¢5-RIP, the formulation will
be sharp and weakly convex. Consequently, the ground-truth matrix can be exactly
recovered from any of its global minima. Moreover, when suitably initialized, the
SubGM with geometrically diminishing step sizes will converge to the ground-truth
matrix at a linear rate.

Appendix A. Proof of Proposition 1.

A.1. Preliminaries. We say that a random variable X is sub-Gaussian if there
exists a constant K7 > 0 such that Pr[|X| > t] < exp (1 — 1’2—2‘2) for all ¢ > 0. This is
1
equivalent to

(A1) (E[X[P)V? < Koy/p Wp>1

for some constant Ky > 0. The constants K; and K differ from each other by at
most an absolute constant factor; see [43, Lemma 5.5]. The sub-Gaussian norm of a
sub-Gaussian random variable X is defined as || X[y, = sup,>; {p~'2E[XP]V/P}.
We then have the following Hoeffding-type inequality.

LEMMA 2 (see [43, Proposition 5.10]).  Let Xi,...,X,, be independent sub-
Gaussian random variables with E[X;] = 0 fori =1,...,m and K = max;eq1,... m} || Xilly, -

Then, for any t > 0, we have
emt?
>t| <2exp| — 7

(A.2) Pr ll

for some constant ¢ > 0.

We also need the following result on the covering number of the set of low-rank
matrices.

LEMMA 3 (see [9, Lemma 3.1]). Let S, = {X € R™" : || X|r = 1,rank(X) <

r}. Then, there exists an e-net S, C S, with respect to the Frobenius norm (i.e.,
for any X € S,, there exists an X € S, such that | X — X||r < €¢) satisfying

= (2n+1)r
Srel < (2) :
A.2. Tsometry property of a given matrix.

LEMMA 4. Suppose that the matrices Ay, ..., A, € R™™ defining the linear mea-
surement operator A have i.i.d. standard Gaussian entries. Then, for any X € R™"*"
and 0 < § < 1, there exists a constant ¢; > 0 such that with probability exceeding
1 — 2exp(—c16%m), we have

(A3) (ﬂ - 6) X < 1Al < <\/Z v 5) 1]
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Proof. Since A; has i.i.d. standard Gaussian entries, the random variable (A;, X)
is Gaussian with mean zero and variance || X||%. It follows that

(A4) a0 X0 = 20X e, EAGOI] = my/ 21X

Now, let Z; = |(A;, X )| — E[|(A;, X)|], which satisfies E[Z;] = 0. We claim that Z;
is a sub-Gaussian random Varlable To establish the claim, it suffices to bound the
sub-Gaussian norm of Z;. Towards that end, we first observe that Pr [|(A4;, X)| > t] <

2exp ( — ﬁ) Together with (A.4), this implies that for any t > E[|(A4,, X)|],

Pr{|Zi| > 1] = Pr{|[(Ai, X)| > t + E[[(A;, X)[]] + Pr[|[(Ai, X)| < —t + E[[(A;, X)|]]

2] X[1%

(t +E[l(A:, X)) 2
<2ex"<‘ X[ ><6Xp<1‘||X||%>’

where the second inequality follows because Pr(|(A;, X)| < —t + E[|{A;, X)|]] = 0 for

all £ > B[|(A;, X)[]. Since exp (1~ i) > 1 for all t < E[[{As, X)|| = /2] X[,

we then have Pr[|Z;| > t] < exp (1 — HXH2 ) for all ¢ > 0. This, together with (A.1),
F

implies that (E[|Z;|P])'/? < ¢p'/?|| X || for all p > 1, where ¢ > 0 is a constant. It
follows that || Z;||ly, < c||X| F; i-e., Z; is a sub-Gaussian random variable, as desired.

Now, applying the Hoeffding-type inequality in Lemma 2 with ¢ = §|| X ||z and
K = ¢||X||F gives

< 2exp (— ( *E['<A“X>”’2> 1 Pr ({4 X)| < —t + E[|{A;, X))

HXH2

1
Pr| — [AX)][x = BIIAX)IR]| > 01 X]|r| < 2exp(—c1md?)

for some constant ¢; > 0. Using (A.4), we conclude that (A.3) holds with probability
at least 1 — 2exp(—cymd?). This completes the proof. d

A.3. Proof of Proposition 1. We now utilize an e-net argument to show that
(A.3) holds for all rank-r matrices with high probability as long as m 2 nr. Since
the inequality (A.3) is scale invariant, without loss of generality, we may assume that
|X||F =1 and focus on the set S, defined in Lemma 3.

Proof. We begin by showing that (A.3) holds for all X € S,.. with high probabil-

ity. Indeed, upon setting € = % in Lemma 3 and utilizing a union bound together

with Lemma 4, we have
Pr[max — JAX ||1—m\/7||X||F > 1
XeS

(2n+1)r
< 2[S,.| exp(—c1mé?) < 2 <> exp(—c1md?) < exp(—comd?)
€

(A.5)

whenever m 2 nr.
Next, we show that (A.3) holds for all X € S,. Towards that end, set

1
(A.6) fir = L Sup Ay

m xes,
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and let X € S, be arbitrary. Then, there exists an X € S, such that | X — X ||r <.
It follows from (A.5) that with high probability,

LA = A = X) + AT < AKX =)l + AT
(A7)
< Ljax - X)) + \/? >

Noting that X — X has rank at most 27, we can decompose it as X — X = A; + Ao,
where (A1, As) = 0 and rank(A;),rank(Az) < r (this follows essentially from the
SVD). Hence, we can compute

1 - 1

—IAX = Xl < —[IAAD [+ [A(A) 1]

= %[”AIHFHA(AI/HAI||F)||1 + |Azl[pA(A /[ Azl F)]1]

< i (| AL]|F + |A2]|F) < V26,
where the last inequality is due to [|Aq %+ || Az|% = || X — X||% < €2. This, together
with (A.7), gives
(A89) Liacon < 2424 vane

In particular, using the definition of &, in (A.6), we obtain &, < \/g + g + V25 €,

or equivalently, x, < 7V12£7:/+§i/2. Plugging in our choice of € yields v/2k,e < g. This,
together with (A.8) and the fact that || X||p = 1, implies

A < (ﬂ +5> Xl

Similarly, using (A.5), we have

LA 1> AT~ A - X))

2 0 1 —
> 20 L -3,

220 Va2 (f_5> Xl
T 2 ™ ™

with high probability. This completes the proof. 0
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