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Abstract

Techniques of matrix completion aim to impute a large portion of missing entries in a data
matrix through a small portion of observed ones. In practice, prior information and special
structures are usually employed in order to improve the accuracy of matrix completion. In
this paper, we propose a unified nonconvex optimization framework for matrix completion
with linearly parameterized factors. In particular, by introducing a condition referred to
as Correlated Parametric Factorization, we conduct a unified geometric analysis for the
nonconvex objective by establishing uniform upper bounds for low-rank estimation result-
ing from any local minimizer. Perhaps surprisingly, the condition of Correlated Parametric
Factorization holds for important examples including subspace-constrained matrix comple-
tion and skew-symmetric matrix completion. The effectiveness of our unified nonconvex
optimization method is also empirically illustrated by extensive numerical simulations.
Keywords: matrix completion, nonconvex geometry, nonconvex optimization, skew-symmetric,
subspace constraints

1. Introduction

Matrix completion techniques predict missing entries in a data matrix from partially ob-
served ones. Their most successful application includes collaborative filtering (Rennie and
Srebro, 2005; Candes and Recht, 2009) in which unobserved user-item ratings are predicted
with the available ones. To put the problem in mathematical terms: Let M* be an ni X no
matrix whose rank is 7 < min(ny,ny). We aim to estimate the whole matrix from a small
proportion of noisy observed entries. To be specific, let © C [n;] X [n2] be the index set
that supports all observed entries. The observation is represented by

Po(M) = Po(M* + N), (1)
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where IN is a matrix consisting of noise, and the operator Pq(-) preserves the entries on 2
while placing zeros in the entries on §2€.

Note that any rank-r matrix can be parameterized through the factorization XY T,
where both X and Y have r columns. With this parameterization, the regularized least
squares objective proposed in Ge et al. (2016, 2017) is

FXY) = 3 [Pa(XY T = M)} + GIXTX =YY [} + AGalX) + GalY)) (2

where
n

Ga(X) = S (1 X ]l = )4 ]! 3)
i=1
and p denotes the sampling rate, while both o and A can be viewed as tuning parameters.

Due to nonconvexity, standard methods such as gradient descent may converge to a local
minimizer of the above objective function. A series of papers in the literature including Ge
et al. (2016, 2017) and Chen and Li (2019) intend to understand the nonconvex geometry
of (2). In particular, they focus on figuring out sufficient conditions for the ground-truth
low rank matrix M™ as well as the size and pattern of {2, under which any local minimizer
(X Y) of (2) leads to an accurate estimate of M™* by M = XY7. For example, in the
noiseless case where the noise matrix N = 0, if M* is a rank-r well-conditioned positive
semidefinite matrix and its eigenspace incoherence parameter defined in Candes and Recht
(2009) is well-bounded, then it has been shown in Chen and Li (2019) that with high
probability, any local minimizer of the positive semidefinite analog of (2) yields exact low-
rank recovery, i.e., there is no spurious local minimum, provided that the sampling pattern
is i.i.d. and the sampling rate satisfies p > (r2logn)/n.

The goal of the present paper is to extend the nonconvex matrix completion objective (2)
as well as its geometric analysis to cases in which prior information on the low-rank matrix is
known and explored. Two examples are subspace-constrained and skew-symmetric matrix
completions. We aim to understand how to adapt the nonconvex objective (2) to such
cases with prior information, how to conduct corresponding geometrical analysis, and how
to build a uniform framework to incorporate both cases as specific examples.

A critical observation is that both examples can be represented in the form M* =
X (&)Y (&)T, where the factors X (&) and Y (&) are linear mappings in & € R%. We elaborate
on such parameterized factorizations as follows.

e Suppose M™ is known to be constrained in some pre-specified column and row spaces,
with dimensions s; and sg, respectively. Let U (and ‘N/) be an n; X s1 (and ng X s9)
matrix whose columns form an orthogonal basis for the given column (and row) space
constraint for M*. Given the rank of M*, we know there must exist some (not
unique) 24 € R*1*" and Ep € R%2*", such that

M* = (ﬁEA) (1753>T.

Denote by 8 = vec(® 4, ©®p) an ((s1+52)r)-dimensional vector that contains all entries
in ®4 and Op (e.g., in the lexicographic order), and define the two linear mappings

X(0)=UO, cR"* and Y () =VOpeR"™"". (4)
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Without loss of generality, assume that both U and V consist of orthonormal basis,
ie, U'U = I, and V'V = I,,. Then the above parameterized factorization
becomes M* = X (£)Y (&) " with & = vec(E4,Ep).

e If M* is an n x n rank-r skew-symmetric matrix (which implies that r is even), by
the Youla decomposition (Youla, 1961), it can be represented (not uniquely) as

T
A

[

* _— ] —
M* =242 —-Ep

where E4,Ep € R™ 2. Again, denote by 8 = vec(®,4,@p) an (nr)-dimensional
vector that contains all entries in ® 4 and ®p, and define the linear mappings

X(0)=[04,-0p] € R™" and Y () =[Op, ©,] € RV (5)
We also have the factorization M* = X (§)Y (§)T with &€ = vec(E4, Ep).

Therefore, both subspace-constrained matrix completion and skew-symmetric matrix
completion are special cases of the following parameterized matriz completion problem: If
both factors for the low-rank matrix M* = XY ' can be parameterized by linear mappings
X (&) and Y (&), how can we estimate M* from the partial and noisy observation Pq(M) =
Pa(M*+ N)?

Naturally, by substituting the parametric forms X = X(0) and Y = Y () into the
nonconvex optimization (2), we obtain the following optimization with the argument 6

£(6) =f(X(0),Y(0))
ZQIPIIPQ(X(O)Y(H)T — M)|[} + %HX(H)TX(O) -Y(0)'Y(0)% (6)

+ AMGa(X(0)) + Ga(Y(0))).

The nonconvex objective (6) can be applied to various specific parameterized matrix
completion problems. For example, we can substitute the parametric forms (4) into (6) to
derive a nonconvex objective for subspace-constrained matrix completion, and substitute
the parametric forms (5) into (6) to derive a nonconvex objective for skew-symmetric matrix
completion. Details are elaborated on as follows:

e For subspace-constrained matrix completion, the parametric forms X (6) and Y (0)

are defined in (4) with @ = vec(®4,®p). Recall that we have assumed U'U = I,
and VTV = I,. Then the parameterization (4) implies the following

(X(0)Y(0)T =UO,0LV ",

X0)'X(0)=0UTUO,=0]0,,

Y(0)'Y(0)=0LV VOs =005
Substituting them into (6), we have the objective function
1 ~ ~ 1
fsubspace(G)A7 GB) :%H,PQ(U@AGEVT - '1\4')”%7 + gHG),Z@A - GEGBH%’

+MGa(UO4) + Ga(VOR)). (7)
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e For skew-symmetric matrix completion, the parametric forms X (0) and Y (0) are
defined in (5) with 6 = vec(® 4, ®p). Straightforward calculation gives

;

X(0)Y(6) =0,0-050],

X(6)TX(6) — [ 00, —91931 |

0,0, ©03

Y(0)TY(6) = [9;93 GEQA] .

©/0; 016,

\

Substituting them into (6), we have the objective function
1 1
fakew(©4,Op) :%W’Q(@A@g ~ 050, —- M)} + (10,04 - 05057 (8)
Lot T 2
+11©405 + ©5O4|F + 2XGa([©5, ©4)).

Here we use the fact Go([@p, @ 4]) = Go([@4, —Op)).

Inspired by the previous studies in Ge et al. (2016, 2017) and Chen and Li (2019)
regarding standard matrix completion, we are interested in a unified geometric analysis
for the generic nonconvex objective (6) for parameterized matrix completion. The crux
for such extension hinges on two key assumptions on the parametric forms (X (0),Y(9))
and the ground truth M™*. As suggested by the examples of subspace-constrained and
skew-symmetric matrix completions, we first assume that both X (6) and Y (6) are linear
mappings of 8. The second assumption regarding the relationship between (X (0),Y (0))
and the ground truth M™, referred to as correlated parametric factorization, is novel in the
literature of matrix completion, and plays the most essential role in our unified geometric
analysis. We defer its formal definition to Section 2.1.

The most intriguing part in this work is that the non-intuitive assumption of correlated
parametric factorization holds for various examples including the aforementioned subspace-
constrained factorization (4) and skew-symmetric factorization (5). In fact, bringing both
examples into a unified framework by this assumption is unexpected to us, and it is still
unclear whether there is some geometrical explanation for such unification. Nevertheless,
we verify the assumption of correlated parametric factorization for those two examples in
Sections 4.3.1 and 4.4.1 respectively with very different algebraic arguments.

1.1 Related Work

As with most high-dimensional problems where low-complexity structures need to be ex-
plored and exploited for statistical learning and inferences, low-rank structures are a com-
mon assumption for deriving and justifying matrix completion algorithms. By imposing
nuclear norm regularization to recover low-rank structures (Recht et al., 2010), convex op-
timization methods have been widely used in the literature of matrix completion, and their
theoretical properties have been well studied; see, e.g., Candes and Recht (2009); Candes
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and Tao (2010); Candes et al. (2011); Recht (2011); Gross (2011); Negahban and Wainwright
(2012); Hsu et al. (2011); Sun and Zhang (2012); Koltchinskii et al. (2011); Li (2013).

Though convex optimization methods could have near-optimal theoretical guarantees
for matrix completion under certain incoherence conditions, they could be unscalable to
large data matrices whose dimensions are in hundreds of thousands. In contrast, nonconvex
optimization methods for low-rank recovery have been proposed and analyzed in the liter-
ature due to computational convenience. Examples include optimization over Grassmann
manifolds (Keshavan et al., 2010a,b), singular value projections (SVP) (Jain et al., 2010;
Ding and Chen, 2020), alternating minimization (Jain et al., 2013), penalized, projected, or
thresholded gradient descent (Sun and Luo, 2016; Chen and Wainwright, 2015; Cai et al.,
2016; Zheng and Lafferty, 2016; Yi et al., 2016), vanilla gradient descent (Candes et al.,
2015; Ma et al., 2020; Chen et al., 2020), etc. From a more geometric perspective, several
works (see, e.g., Sun et al. (2018); Ge et al. (2016, 2017); Chen and Li (2019)) have estab-
lished favorable properties of the landscape such as the absence of spurious local minima.
The present work belongs to this geometric line of studies.

Prior information and special structures have also been explored and employed in the
literature of matrix completion. Subspace-constrained matrix completion has been shown
to be effective in improving the performances of collaborative filtering, and has various
methodological and theoretical developments (Jain and Dhillon, 2013; Xu et al., 2013; Yi
et al., 2013; Natarajan and Dhillon, 2014; Chen, 2015; Si et al., 2016; Eftekhari et al., 2018).
In fact, without the penalization terms, the least squares term in (7) can be represented
in form of the nonconvex objective studied in Jain and Dhillon (2013), though their dis-
tributional assumptions on rank-one sampling do not apply to our settings. Motivated by
applications such as pairwise ranking, skew-symmetric structures have also been exploited
for matrix completion in the literature. See, e.g., Jiang et al. (2011), Gleich and Lim (2011),
and Chatterjee (2015). For example, it has been shown in Gleich and Lim (2011, Theorem
3) that if the initial input is skew-symmetric, singular value projection (SVP) (Jain et al.,
2010) maintains the skew-symmetry in all iterations.

1.2 Notation

Throughout this paper, bold uppercase/lowercase characters denote matrices/vectors, re-
spectively. For a given matrix A, its (i, 7)-th entry, i-th row, and j-th column are denoted
by A;;, A;., and A. ;, respectively. Its spectral, Frobenius, and ¢3 o, norms are denoted by
|All, | AllF and ||Al|2.00 := max; ||A;.||3, respectively. Denote by colspan(A)/rowspan(A)
the column/row space of A. Denote by P4 the Euclidean projector onto colspan(A).
Denote A = 0 if A is a symmetric or Hermitian positive semidefinite matrix. For any
two matrices A and B of the same dimensions, their matrix inner product is denoted by
(A,B) =trace(A'B) =3, >_j Ai;jBi;, and their Hadamard/entrywise product is denoted
by A o B with entries [A o B];; = A;;jB; . For any two matrices A and B, vec(A, B)
denotes a vector consisting of all entries in A and B in some fixed order. Denote by Jy, xn,
(or J when the dimensions are clear in the context) the n; X ny matrix with all entries
equal to one. Denote by O(r) the set of r x r orthogonal matrices. Let npyiy = min{n,na}
and Npax = max{ni, no}. Finally, denote by Cy,C1,... and C,, C,, ... some fixed positive
absolute constants.
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1.3 Organization of the Paper

The rest of the paper is organized as follows: In Section 2, we first introduce the key
assumptions regarding the parameterized factorization formally, and then introduce our
main results on the low-rank estimation with any local minimizer, followed by corollaries for
subspace-constrained and skew-symmetric matrix completions. Some results of numerical
simulations are presented in Section 3 so as to illustrate our theoretical findings. We give
a summary of our contributions and propose some open questions for future research in
Section 5. All proofs can be found in Sections 4 with technical details deferred to the
appendices.

2. Main Results

The major contribution of this paper is on deriving theoretical properties of parameterized
matrix completion with nonconvex optimization (6). We first introduce key assumptions
on the low-rank matrix M*, the parameterized factors (X (0),Y (0)), and the observa-
tion support 2. Under these assumptions, we show in Section 2.2 that the geometric
analysis in Chen and Li (2019) for PSD matrix completion can be extended to parameter-
ized matrix completion. In particular, we give a uniform upper bound for the estimation
error | X (€)Y ()T — M*||% with any local minimizer € of the nonconvex objective (6).
Corollaries of our meta-theorem give conditions for consistent subspace-constrained and
skew-symmetric matrix completions via nonconvex optimization.

2.1 Assumptions

Let us now introduce the key assumptions on the parameterized factors (X (0),Y (0)) men-
tioned earlier. We first assume that both factors are linear mappings in 6.

Assumption 1 (Linearity). Both X (0) € R™*" and Y () € R"*" are linear mappings
in 0, i.e. X(t101 + t202) = 11X (01) + 12X (02) and Y (101 + t202) = 1Y (01) + t2Y (62)
for all 1,60, € R and t1,to € R.

The next assumption, referred to as the Correlated Parametric Factorization, plays an
essential role in the geometric analysis of the nonconvex objective (6). We will verify this
assumption for subspace-constrained factorization (4) and skew-symmetric factorization (5)
in Section 4.3.1 and Section 4.4.1, correspondingly.

Assumption 2 (Correlated Parametric Factorization of M*). The rank-r matrix M*
and the parameterized factors (X (0),Y (0)) defined in Assumption 1 are said to satisfy
the correlated parameterized factorization, if for any @ € R?, there exists & € R? (not
necessarily unique), such that

M*=X(Y ()",
X©'x©=Y(E"

X(0)'X(&)+Y(0)"

) = 0.

(
(

Let us now introduce models of observation patterns 2 C [n] x [n2]. We assume that the
entries are observed independently with certain probability p for the following two scenarios
of rectangular and square matrices, respectively.

Y (€
Y (¢
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Model 1. For rectangular matrix completion, the index set ) is assumed to follow the
independent Ber(p) model, i.e., each entry is sampled independently with probability p.

Model 2. For square matrix completion (n; = ng := n), the index set €2 is assumed to follow
the off-diagonal symmetric independent Ber(p) model, i.e.,  is the support of symmetric
off-diagonal entries that are sampled independently with probability p. No diagonal entries
are included in ).

2.2 A Meta-Theorem

Our main theorem establishes an upper bound on the error of any local minimizer of the
nonconvex objective (6), under the correlated parametric factorization assumption.

Theorem 1. Assume that M* has rank r and its reduced singular value decomposition
(SVD) is M* = U*AV*", where U* € R"*" V* € R"™*" and A = diag(oy,09,...,0,)
with 01 > 09 > ... > 0, > 0.1 The condition number of A is denoted by k = o1/0,. More-
over, following Candés and Recht (2009), the incoherence parameter u for M* determined
by its row and column spaces is defined as

ni 2 n2 2
= max { U3 o 22 V3 oo (10)

Suppose that M*, X (0) and Y (0) satisfy Assumptions 1 and 2, and that §, the support
of observed entries, follows either Model 1 or 2. Moreover, let the sampling rate p and the
tuning parameters o and X\ in (2) satisfy the following inequalities

> (C1max { —,wr log Nmax, Zma" ,u27“2/£2}

min

Cov/Nmax/P < A < 1002/ Ninax/p, (11)
| Co/ 1101 /umin < o < 1002/ urat /nmin,

where Npax = max(ni, ng) and Nyin = min(n}, ny). Then, on an event E with probability
P[E] > 1 — (n1 + n2)™3, any local minimizer & of (6) satisfies

Cg’l“

IM* — M|} < =22,
where M = X(é)Y(é)T and
7/} = 01122aXR HPX 91)PQ(N)PY(02)” (12)

Here C1,C9,C3 are fized absolute constants. Recall that P is the Euclidean projection
matriz onto colspan(A).

Remark 1. In partlcular if there is no noise, i.e., N = 0, then on the same event any
local minimizer € gives exact low-rank recovery M M, that is, there is no spurious local
minimum.

1. In this paper, (reduced) SVD of matrices is repeatedly used. Note that (reduced) SVD may not be
unique due to possible multiplicity in singular values. In that case, we simply choose one (reduced) SVD
and keep it fixed throughout the discussion.
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2.3 Implication for PSD Matrix Completion

Besides applications in some specific parametric matrix completion problems, existing ge-
ometric analysis for nonconvex matrix completion for more standard cases like general
rectangular or positive semidefinite (PSD) matrices, can be implied by our meta-theorem.

Consider, for example, PSD matrix completion where we have nqy = no = n, and the
underlying rank-r matrix can be decomposed as M* = EOEOT for some Ey € R™*". For any
® € R"™" denote 6 := vec(®) and define the linear mappings X (0) = Y (0) = ©. The
parameterized factorization for rank-r PSD matrices becomes X ()Y (8)" = @O, and
the corresponding parameterized factorization for the ground truth is M* = X (&)Y (&) "
for &y := vec(Ey).

It is obvious that X (0) = Y () = © are linear mappings in €, and so Assumption 1
holds. Let us now see how to construct = based on any given ®, such that the requirements
in Assumption 2 can hold simultaneously. The second equality in (9) holds since X (&) =

—

Y (&) = E. To ensure the first equality, we let E = EyR for some underdetermined
orthogonal matrix R, which gives 28 = EOEJ = M?™*. The remaining question is how
to choose R such that @ TZ is PSD. This can be easily obtained by considering the SVD
of ®TE,. Tt is interesting that the construction of such R plays an important role in the
literature of PSD matrix completion. See, e.g., Chen and Wainwright (2015, Lemma 1).

The nonconvex objective (6) for PSD matrix completion takes the form
1 2
Fa(®) = 5 [Pa(@OT — M)||_+2)Gu(®), (13)

which is exactly the objective studied in Ge et al. (2016, 2017) and Chen and Li (2019).
Implied by Theorem 1, with high probability, there is no spurious local minimum of (13),
provided that the tuning parameters are suitably chosen and the sampling rate satisfies
D= % max {;u“ log n, ,u2r2/£2}, which is exactly the same as the state-of-the-art result in
Chen and Li (2019). Furthermore, consider the special noisy case in which the entries of
noise matrix IN are i.i.d. Gaussian random variables with mean 0 and variance o2. Then
[Pa(N)|? = O((np + log®n)o?) (see, e.g., Chen and Wainwright (2015, Lemma 11)).
Theorem 1 implies the estimation error bound ||[M* — @(:)TH% =O0((; + H(;#)O'Q), which
matches the state-of-the-art results in the literature of noisy matrix completion. See, e.g.,
Keshavan et al. (2010b), Chen and Wainwright (2015) and Ma et al. (2020).

In the next two subsections, we apply Theorem 1 to subspace-constrained matrix com-
pletion (7) and skew-symmetric matrix completion (8), respectively.

2.4 Nonconvex Subspace-Constrained Matrix Completion

For subspace-constrained matrix completion, the parametric factors have the form (4), i.e.
X(0) =U®, and Y (8) = VOp, where 6 = vec(© 4, @p). Recall that we always assume
U'U =1, and VTV = I,,. Here X(0) and Y (8) arc linear mappings, thereby satisfying
Assumption 1. The verification of Assumption 2 is summarized as the following lemma, the
proof of which is deferred to Section 4.3.1.

Lemma 1. Let M* € R™*"2 be a rank-r matriz whose column space and row space are
constrained in colspan(U) and colspan(V'), where UTU = I, and V'V = I,,. Then the
parameterized factors X (0), Y (0) defined in (4) satisfy Assumption 2 with M* € R™*"2,
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Theorem 1 implies the following corollary for nonconvex subspace-constrained matrix
completion with objective (7).

Corollary 1. Let M* € R™*"2 pe a rank-r matriz. The incoherence parameter p and
condition number k are defined in Theorem 1. Assume that the columns of U € Rmxs1
constitute an orthonormal basis of the column space constraint for M*, while the columns
of V € R™%52 copstitute an orthonormal basis of the row space constraint. The support of
observation, €2, is assumed to follow Model 1. The entries of the noise matriz N are i.i.d.
centered sub-exponential random variables satisfying the Bernstein condition (Wainwright,
2019, (2.15)) with parameter b and variance v*.

If the sampling rate p and the tuning parameters a, X satisfy (11). Then, uniformly
on an event Esypspace with probability P[Esupspace) = 1 — 2(n1 + na) ™2, any local minimizer

(éAaéB) Of fsubspace(QAagB) in (7) Satisﬁes

o Cyr W7 78152
\\UzAalT;VT — M*H% < pT <V2p(81 + s9) log(n1 + ng) + bQ% log2(n1 +n2) ).
(14)

Here pg = Z—;HU’H%OO, Wy = Z—;HVH%OO, and Cy is some fized positive absolute constant.

To the best of our knowledge, existing investigations in the literature on matrix com-
pletion with subspace constraints are majorly focused on the noiseless case (Yi et al., 2013;
Xu et al., 2013; Chen, 2015; Jain and Dhillon, 2013; Eftekhari et al., 2018), while error
rates for noisy recovery are little-studied. Consider the scenario in which the noise matrix
N consists of i.i.d. N(0,0?) entries. This gives b = o and variance v? = ¢2. For simplicity
of discussion, assume s1 = s3 = 5, n; = ng = n, p = O(1), uz = O(1), puy = O(1)
and k = O(1). Then Corollary 1 implies that as long as p 2> %max {rlogn,r*}, with high
probability, | UZ AEE‘N/T — M*||% < o%sr(logn) /p holds uniformly for any local minimizer.
As explained in the previous subsection, the error rates for standard matrix completion are
O(o?nr/p). Therefore, Corollary 1 indicates that the estimation error can be significantly
reduced by exploring and employing subspace constraints.

In the noiseless case, we should admit that the sufficient condition on the sampling
rate for exact matrix completion, p 2> % max{rlogn, 72}, may be suboptimal. In fact, fewer
samples are sufficient for exact low-rank recovery for convex optimization methods (Yi et al.,
2013; Xu et al., 2013; Chen, 2015) as well as alternating minimization (Jain and Dhillon,
2013). Given our aim is to establish a unified methodological and theoretical framework
for parameterized matrix completion via nonconvex optimization, improving sample size
conditions for special cases is beyond the scope of the paper, but we are interested in
studying this issue in future work.

2.5 Nonconvex Skew-Symmetric Matrix Completion

For skew-symmetric matrix completion, the parameterized factors are defined in (5), which
are X(0) = [®4,—0Op| and Y (0) = [Op,0 4] with 8 = vec(®4,0p). The factors X (0)
and Y (@) are linear mappings and thereby satisfying Assumption 1. Assumption 2 is verified
through the following result with the proof deferred to Section 4.4.1.

Lemma 2. Let M* be a rank-r skew-symmetric matriz. Then, the parameterization
(X(0),Y(0)) defined in (5) and M* satisfy Assumption 2.
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Theorem 1 implies the following noisy low-rank recovery result for skew-symmetric ma-
trix completion via nonconvex objective (8).

Corollary 2. Let M* € R™" be a rank-r skew-symmetric matriz. The incoherence param-
eter u and the condition number k are defined in Theorem 1. The support of the observed
entries € is assumed to follow from Model 2. The skew-symmetric noise matric N con-
sists of i.i.d. upper triangular entries, which are centered sub-exponential random variables
satisfying the Bernstein condition with parameter b and variance v?. Suppose that the sam-
pling rate p and the tuning parameters o and A satisfy (11). Then, uniformly on an event
Espew with probability P[Ege,] = 1—2n72, any local minimizer (EA, éB) of fskew(®a,0p)
defined in (8) satisfies

057"

— (1/2pn log n + b%log? n) .
p

Where Cs is a fized positive absolute constant.

As with the discussion in Section 2.4, if the upper triangular part of noise matrix N
consists of i.i.d. Gaussian random variables with mean 0 and variance o2, and the sam-
pling rate satisfies p = %max {rlog n,rQ}, then the estimation error satisfies ||§A§.g -
= Bé} — M*||% = O(o?nr(logn)/p), which is comparable to the aforementioned error rate
O(c?nr/p) for PSD matrix completion up to a logarithmic factor.

3. Experiments

In this section, some numerical results are shown to demonstrate the performance of the
proposed nonconvex optimization for subspace-constrained matrix completion (7) and skew-
symmetric matrix completion (8).

In all simulations, the sampling rate p is replaced with the empirical analog p := n|1Qn|2'

The hyperparameters are set as A = 1004/(n1 + n2)/p and o = 100. In both examples, the
nonconvex objective (6) is minimized by gradient descent, with initialization for € consisting
with i.i.d. standard normal entries. At each step of the gradient descent, the step size is
selected through line search. To be specific, at each update of 8, the step size is set to be
max{27%, 10719} for k == min{t |t = 0,1,2,3,--- , f(8 —27'Vf(0)) < f(0)}. The gradient
descent iteration is terminated either after 500 iterations or as soon as the update on 8
satisfied ||V f(0)]|3 < 10710,

3.1 Subspace-Constrained Matrix Completion

For simulation of nonconvex optimization for subspace-constrained matrix completion (7),
the dimensions of M™* are set to be n; = ny = 500 and its rank is set as r = 2. We also set
the dimensions of the prior column and row subspaces as s; = sy '= s < 40. In preparation
for the construction of the column and row subspace constraints with various dimensions,
we generate [u1, ..., uqo] and [v1,. .., v40] according to the Haar measure on the manifold of
500 x 40 orthonormal basis matrices. The matrix to recover is fixed as M* = ujv; +uv, ,
which gives |[M*||% = 2. In the case of noisy matrix completion, the noise matrix N
consists of i.i.d. N'(0,0?) entries with o = 1/5002, which gives E|[N||% = 1, and hence the
SNR is |[M*||%/E||N||% = 2. In the noiseless case we set N = 0.

10
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In the noisy case, to implement gradient descent for solving the optimization (7), we
consider different scenarios in terms of sampling rates and dimensions of subspace con-
straints: p = 0.005, 0.010, 0.015, ..., 0.1 and s = 10, 20, 30, 40. For each fixed pair of (p, s),
the sampling support is generated from Model 1, and the subspace constraints are set by
U=luy,...,usj)and V = [vy,...,vs]. Then, gradient descent is implemented to solve (7)
IV M3,

[ M*|Z
averaged over 10 independent generations of the support of observations 2 and the noise
NN, which are shown in Figure la. The results indicate that estimation errors are reduced
when the the constraining subspaces have lower dimensions. This dependency illustrates
our theoretical result Theorem (14).

Our experiments for the noiseless case are conducted in a similar manner, but here
the sampling rate is chosen as p = 0.0001,0.0002,...,0,0020. Rather than recording the
relative errors for low-rank recovery, each experiment is viewed to be “successful” if and
only if % < 1073, and average rates of success are plotted in Figure 1b. The results
clearly show that with more restrictive subspace constraints, the required sample size for
exact matrix completion is smaller. We admit that this phenomenon is not explained by
Theorem 14, in which the sampling size requirement is implied by the meta-theorem and
hence not sufficiently adaptive to subspace-constrained models. As noted earlier, we intend
to improve the sample size condition results in future work.

with the input Po(M™* + N). Logarithmic relative estimation errors log; are

3.2 Skew-Symmetric Matrix Completion

For skew-symmetric matrix completion, we can either seek to recover the low-rank matrix
by exploiting the skew-symmetric structures and solving the nonconvex optimization (8),
or ignoring this structure and directly solving the standard matrix completion nonconvex
objective (2). We are interested in understanding whether there is any empirical advantage
to exploit the skew-symmetric structures.

For simplicity, our experiments focused on the noiseless case. The matrix size is fixed
as n = 500 and the rank is chosen to be r = 4,10,20. For each r, [u1, ..., U, /2, v1,..., 0, /9]
is generated according to the Haar measure on the manifold of 500 x r orthonormal basis
matrices. The low-rank matrix is then constructed as M* = ujv, —viu] +.. .+ur/2'v:/2 —
vr/gujm. The sampling rate was fixed at p = 0.01,0.02,...,0.20. For each fixed pair (r,p),
10 independent copies of £ € [500] x [500] are generated from Model 2. Figure 2 plots
the relative estimation errors as well as the corresponding medians in logarithmic scale by
implementing (8) and (2) with gradient descent, respectively. The comparison indicates
that when the rank r is not too small, exploiting skew-symmetric structures in nonconvex
optimization is helpful in reducing the required sample size for low-rank recovery.

4. Proofs

In this section, we give a proof of Theorem 1, followed by proofs of the two corollaries on
subspace-constrained and skew-symmetric matrix completion by verifying the assumption
of correlated parametric factorization in respective settings.

In the proof of Theorem 1, for any local minimizer é of (6), we aim to control the
estimation error |[M* — X(é)Y(é)TH% Given f(8) is smooth, it is natural to study the

11
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(b) Rates of success for noiseless nonconvex subspace constrained matrix completion. Here we set
the dimension of ground truth M* € R™*"2 ag ny = ny = 500, rank of M* as r = 2, dimension of
the column/row subspace constraint as s; = s = s.

Figure 1: Numerical results for nonconvex subspace-constrained matrix completion in both
noisy and noiseless cases.

first and second order optimality conditions, i.e., Vf(0) = 0 and V2f(0) = 04xq. The
strategy on employing these two conditions in the control of estimation error is key. To this
end, we start with introducing an auxiliary function that connects the optimality conditions
and the estimation error.

12
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Figure 2: Logarithm of relative estimation error Ioglo(HM — M*||%/||M*||%). In this plot,
skew-symmetric matrix completion and regular rectangular matrix completion
are used to complete noiseless skew-symmetric matrices with rank r = 4,10, 20.
Here we set the dimension of ground truth M* € R™"*"™ as n = 500. Each dot in
the plot represents one trial of the numerical experiment, and the curves represent
the median of 10 independent trials.

4.1 An Auxiliary Function

We first recall a key component in geometric analysis for nonconvex matrix completion: the
auxiliary function associated to the gradient and Hessian of f(X,Y") defined in (2), which
has been used in Ge et al. (2017); Jin et al. (2017); Chen and Li (2019). For any X € R™*",
Y € R*" Dx € R™*" and Dy € R"™*" the auxiliary function associated to f(X,Y")
is defined as

K{(X,Y;Dx, Dy) = vec(Dx, Dy) " V*f(X,Y) vee(Dx, Dy) (15)
—4(Vf(X,Y),vec(Dx,Dy)).

Because any local minimizer (5(\ ,Y) of f(X,Y) satisfies the first and second order condi-

tions, i.e., Vf(X,Y) =0 and V?f(X,Y) = 0, we have

KiX,Y;Dx,Dy) >0, VDx € R"*" Dy € R™*"

The ratio of coefficients 1 : (—4) for the two terms on the right hand side of (15) turns out
to be essential for the nonconvex geometric analysis; see Jin et al. (2017); Ge et al. (2017);
Chen and Li (2019).

Following this idea, we define an analogous auxiliary function associated to f () in
general parametric matrix completion (6). For any 6,4 € R?, define the auxiliary function

associated with f as . .
K 7(0;8¢) == 6 V*[(0)d9 — 484 V [ (6). (16)

13
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Again, any minimizer £ of f satisfies Vf(£) = 0 and V2f(€) = 0, which gives

Kj(€89) >0, Vo €R™
Control of estimation error ||M* — X(é)Y(é)TH% relies on controlling K 7(6; g), which in
turn depends crucially on a careful choice of d9. To this end, Assumption 2 plays the key
role and serves as the guiding principle.

We first give a lemma that characterizes the relationship between K;(X,Y; Dx, Dy)
and K (0;d¢).

Lemma 3. For any 0,09 € RP, it holds that
K#(6;09) = K§(X(0),Y(0); X(d9), Y (d0)). (17)

Proof Assumption 1 implies

f(0 +d0) = [(X(0 + d0),Y (0 + o)) = f(X(0) + X(d0), Y (6) + Y (00))- (18)

Due to the linearity and homogeneity of X (0) and Y (), considering the Taylor expansions
of both sides in (18) at 0, we get

3 VF(8) = vec(X (86),Y (86)) ' V(X (0), Y (0)) (19)

and
3 V° [(0)d6 = vec(X (36),Y (d6)) ' V(X (8),Y (6))vec(X (d6),Y (d6))  (20)
By combining (15), (16), (19) and (20), the equality (17) is obtained. [ |

Our choice of dg is inspired by the choices of Dx and Dy for Ky in Jin et al. (2017); Ge
et al. (2017); Chen and Li (2019). For any 0 € R?, let £ € R? be selected (not necessarily
uniquely) such that Assumption 2 is satisfied. Then let

dg =0 —&.

In the rest of this subsection, we will explain why our choice of g is helpful in con-
trolling the auxiliary function. For simplicity, we introduce the following abbreviations and
notations

X=X(0)eR" U=X(¢eR", Ax=X(dg)=X-—UecR"*",

21
Y:Y(O) Eanxr’ V:Y(é) ER”QXT7 AY:Y((Sg):Y_VER’nQXT‘ ( )

Throughout our proof, X,U,Ax,Y,V, and Ay will refer to the matrices defined in (21)
if not specified otherwise. Now Lemma 3 gives

Kj(0;0¢) = Kf(X,Y; Ax, Ay).
Note that Assumption 2 implies
M =UV'  U'U=V'V,and X'TU+Y'V = 0. (22)

The following lemma gives an explicit upper bound for K f~(9; dg).

14
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Lemma 4. For any @ € RY, with g = 0 — & where € satisfies the conditions in (9), and
X, U, Ax,Y,V, Ay defined as in (21), denote

X U |Ax|
2-[X] wo Y] mans-[8] 2w

Then the auziliary function K];(B; dg) defined in (16) can be upper bounded by

K§(8;69) <K1 + Ky + K3 + Ky, (23)
where
1
e e )]
Ko = (1][Pa (AxaF) [} - 1axAT 1)

(Gl o) o),

K3 =)\ [vec(AX)TV2Ga(X) vec(Ax) — 4 (VG (X), AX>}
+ A [Vec(Ay)TVQGa(Y) vec(Ay) —4(VG.(Y), AY>} ’
K4 3_§ <AXA1T~7’Q(N)> + j; <UAI’ + AXVT’PQ<N)> '

The proof of Lemma 4 follows closely that of Ge et al. (2017, Lemma 16). We give a
complete proof in Appendix A.2 for being self-contained.

4.2 Proof of Theorem 1

Given the decomposition in Lemma 4, the proof of Theorem 1 depends on the following two
auxiliary lemmas. Note that all results are established on the event E defined in Lemma
12. Their proofs are provided in Section A.3 and Section A.4, respectively.

Lemma 5. Let the quantities Ko and K3 be defined as in Lemma 4. Then the sum Ko+ K3

1s bounded as
K+ Ky < 0.001 (|Ax VT3 + [UATIE) -

Lemma 6. Let the quantity K4 be defined as in Lemma 4. If K1 + Ko+ K3+ K4 > 0, the
following upper bounds hold

1. |AzAL|lF = ||ALAZ|F < 3V |Kal, [[AZW | F < 2y/|K4|.
2 [|AxVT |} + [[UAT | < 13| Kal.

By the definition of X,Y,U and V in (21), we note that the difference between any
local minimizer M and the matrix M* can be written as

IM - M5 = | XY T -UVT|; (25)

15
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Next, by the definition of Z and W in Lemma 4, we expand ZZ' — WW ' to obtain the
inequality
XY -UvE<||ZzZT - WW . (26)

Since M = X (€)Y (€)7 is a local minimizer, £ is a local minimizer of f and so it holds that
K5(&; 65) > 0. By Lemma 4, it holds that

K1+K2+K3+K420. (27)

By Lemma 5 and the second claim of Lemma 6, Ko + K3+ K4 < 2|K4|. Together with the
definition of K in (24), (27) and the first claim of Lemma 6, this leads to

3 17
ZHZZT—WWTH% *HAZA 17+ K2 + K3 4+ Ky < *\KM- (28)

If we can show that
104

Ky < (29)

then the desired conclusion of Theorem 1 is a dlrect consequence of (25), (26), (28), and
(29). It remains only to prove (29), to which we now turn.

Proof of (29) Recall the fact that Az = [A % AT] then |[AxAy |r < |AZAL| F.
Therefore, by Lemma 6, and the definition of Ky in (24), we have

K1l < Ax AL Pa Pa(N)Pay | + 2 [U A | PoPo(N) Pay [
+ 5HAXVTHFHPAXPQ(N)PVHF
1004/ | K
<O | Pa Po(N) Pay 1 [PuPa(N) Pay . | Pax Pa(N) Py}
(30

Due to the fact that U, Ax € R"*" and V, Ay € R™*", Pao ,Po(N)Pa,, PyPo(N)Pa,
and Pa , Po(IN)Py are matrices with rank at most r. Therefore,

(|| Pax Po(N)Pay |l [ PuPa(N) Pay . | PaxPo(N) Py lr)
<V max{ || PaxPa(N) Pay ||| PuPa(N)Pay |, | Pax Po(N) Py |}
V.

Where the last line follows from (21) and (12). Therefore, (30) gives

100+/| K 4|7
K| < p’”w

Rearranging terms in the last display yields (29).

4.3 Analysis for Subspace-Constrained Matrix Completion
We give a proof of Lemma 1 followed by that of Corollary 1.

16
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4.3.1 PrROOF OF LEMMA 1

In order to show the parameterization (4) satisfies Assumption 2, we want to show that
for any 6 = vec(@4,0p) € R7(51+52) " there exits a £ = Vec(._.A,._B) e Rr(s1+52) that
satisfies (9). Let § := UTM*V € Rslx” Recall that U consists of an orthonormal basis
of the column space constraint, and V consists of an orthonormal basis of the column row
constraint of M*. Therefore, Py = U I~IT, Py = VVT and M* can be represented as
M*=USV". Since M* is of rank r, by the orthogonality of U and ‘7, rank(S) = r. Let
the reduced SVD of S be

S =S, AS}, (31)
where S; € R %", Sp € R%2%", SZSL = Isl,SESR = I, and A = diag(oy,...,0,) is
a r x r diagonal matrix with o1 > 09 > ... > o,. Moreover, by letting U* := US €

RMXT V* = VS € R™%" we can verify that M* = U*AV*" is a reduced SVD of M*.
Define
E* — SLA1/2 c Rs1><7‘ ’: SRA1/2 c RSQXT

For any @4 € R¥1X" and ,@p € R*2*", by considering the SVD of (@ }E% + O LE%), we
know there exits an 7 x r orthogonal matrix T' € O(r) (Chen and Wainwright, 2015, Lemma
1), such that

(®L=% +OLEL)T = 0.

Let £ = vec(B}T,E3T), then
X (&) =UBNT e R™*" and Y (£) = VELRT € R™*".

Keeping in mind that both U and V are orthonormal basis matrices, the conditions in 9)
can be verified one by one. First,

XY () =UET(VERT) =UEEL' VI =US ASLV ' = M*.
The last equality is by (31). Second,
X&) X (&) =(UENT) ' UENT =T"2% ' E\T =T A28} S A>T = TTAT
=TTE} BT = (VERT) 'VERT = Y (§) Y (¢),
where we use the fact SESL = SgSR = I,.. Finally,

XO0)'X(€)+Y(0) YY) =(UOL) UELT + (VOp) VELT
= (@B} + OLEL)T = 0.

Therefore, the parameterization (X (6),Y (0)) satisfies Assumption 2.

4.3.2 PROOF OF COROLLARY 1

Since the assumptions of Theorem 1 are satisfied, on the event E defined in Theorem 1,

there holds
Cgr

1M = M7 < —5-9*.

17
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Therefore, it suffices to show that

C ~U818
P? < é <psmax 10g NmaxV? + 62% log? nmax) : (32)

By (21) and (4), for any 8 € RY, we have

colspan(X (0)) C colspan(U) and colspan(Y (0)) C colspan(V).
Therefore, for any 61,0, € R?, there holds
1Px (0,)Pa(IN) Py (9, | = | Px (0,) Py Pa(IN) Py Py (6,) | < [|[PgPa(IN) Py .

So we have
Y < ||[PgPa(IN)Py|.

Therefore, (32) can be proved by the following lemma.

Lemma 7. Assume that the support of observation Q follows from Model 1. We assume
that the entries of the noise matrix N are i.i.d. centered sub-exponential random variables
satisfying the Bernstein condition with parameter b and variance v>. U and V are defined
in Corollary 1. Then in an event Esypspace noise With probability P|Egypspace noise) = 1 — (n1+
no) "3, we have

K i $182

Py PolN) Py < Cu (Voo sa)Touton + rahw + 0y P22

log(m1 + n2>>

for some absolute constant C,, defined in the proof.

The proof of Lemma 7 is mainly following the discussion in Wainwright (2019, Example
6.18) as well as Wainwright (2019, Example 6.14) and is deferred to Appendix B.
Letting Egupspace = £ N Esubspace_noise,; and Cy = 20302 finishes the proof.

4.4 Analysis for Skew-Symmetric Matrix Completion

In this section, we first give a proof of Lemma 2. Then we give a proof of Corollary 2.

4.4.1 PrROOF OF LEMMA 2

Recall that M™* is a rank-r skew-symmetric matrix, where r is even. Then its Youla de-
composition (Youla, 1961) can be written as

M* = M p19p] — Mp1d] + Aapothy — Notpachy + ... + Ar/2¢r/2/lzb;r/2 - Ar/2¢r/2¢;r/27

where A1 > Ay > ... = Ao > 0 and ¢1,..., @ 0,91, .., %,/ are unit vectors in R™.
Moreover, ¢;’s and ;’s are pairwise perpendicular to each other, i.e., for any i,j € [r/2],

Sl =0, ¢ ;= 0if i £ j, and 9 9b; = 0 if i # J.
Let

= [V M1, [ A2 a] €ER™EZand B = [V w1, .., /A0, 0] € RYE.

18
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It is straightforward to verify
* v:!* -:* T :-* !:hk T

Recall the fact that for any i,j € [r/2], ¢/ ¥; = 0; ¢/ p; = 0if i # j and ¢, p; = 1 if

1

i=j; ) ;=0if i # j and 9, ; = 1 if i = j. Therefore,

T

[

% B =0 and T Ep = diag(A1, ..., A\rj2)- (33)

For any 0 = vec(®4,0Op) with @ 4,05 € R™ 3 consider the singular value decompo-
sition of the complex matrix (@4 ++/—10 )1 (B +/—18%) (A is conjugate transpose
of complex matrix A)

(©4+V=10p)" (&} + V-1E}) = ADB",

where A, B € C2*% are complex unitary matrices and D € RZ*3 is a real diagonal matrix.
Therefore, BA! is also a complex unitary matrix, decompose it as

BA" = R, + V-1R,
with Ry, Ry € Rz*3. Therefore,
(©4+V-10p)" (B4 + V-1E})(R1 + V-1Ry) = ADB"BA" = ADA" -0,

that is, it is a Hermitian positive semidefinite matrix. Let

(1]

4=84R; — B3Ry and Bp=ERy + ERy.
Then it holds that
(= + VIZg) (R + VoTRy) = By 4 V-2

and
(©4+vV—-10p)1 (B4 + V-1Ep) = 0,

which is equivalent to

>~ 0.

Te T Te Te
@éll.:.A—{-@_Br.:.B @jB:‘A_@é:B
©,Ep-0OzE4 O,E4+0OzER

Also, since R; + v/—1R5 is unitary, we have

_[RI -R,
R = [Rz R, ] € O(r).

Let & = vec(E4,Ep). Then we have
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and similarly

p— — — — J— — —_ — R _R
Y(§) = [Ep,Bal = [E4Ry + ERR1, B Ry — ERRy| = B, B [ : 2] ~

Ry, Ry

It is then straightforward to verify that

which is guaranteed by :1*47—:73 =0 and EQTEQ =Ej

Finally, straightforward calculation gives

X0)"X(@E)+Y(0)Y (&) =[04,-035]" [Ea,~Ep] + [Op,04]" [Ep, 24

@ A+@ =5 ®B-—-A—@A-—-B “ 0

4.4.2 PROOF OF COROLLARY 2

Following the lines in Section 4.3.2, it suffices to show that

P? < % (pn log nv? + b2 log? n) .

Cs
Recall the fact that ¢ < ||Pq(IN)]|, then the proof can be done by employing the following
Lemma.

Lemma 8. Let the support of the observed entries ) satisfy Model 2. We assume that the
noise matrix N is a skew-symmetric matriz, and upper triangular part of N consists of i.i.d.
centered sub-exponential random variables satisfying the Bernstein condition with parameter

b and variance v2. Then in an event Egew noise With probability P[Esew noise] = 1 —n73,

we have
[Po(N)[| < Cu (x/pnlogm/—i— blogn) .

for some absolute constant Cyy

The proof is almost exactly the same with proof of Lemma 7, thus omitted here. We
can finish the proof of Corollary 2 by letting Fukew = £ N Fglew noise and Cs = 2C’3C’5),.

5. Discussion

This paper proposes a unified nonconvex optimization framework for matrix completion with
linearly parameterized factors. Examples include subspace-constrained and skew-symmetric
matrix completion, with applications in collaborative filtering with side information and
pairwise comparisons. We also conduct a unified geometric analysis for this nonconvex
optimization framework, where a novel assumption referred to as correlated parametric fac-
torization plays a key role. In particular, for the noiseless case, we give a sufficient condition
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on the sampling rate to guarantee that with high probability no spurious local minimum
exists. Our meta-theorem is applicable to examples including subspace-constrained and
skew-symmetric matrix completion, given in either case the assumption of correlated para-
metric factorization is verified.

For future work, we are particularly interested in extending the current framework
to more general parameterized factorization, such as extension from linear mappings to
affine mappings or even nonlinear mappings. The geometrical interpretation of the assump-
tion of correlated parametric factorization is still intriguing. Its verification for subspace-
constrained matrix completion and skew-symmetric matrix completion relies on very differ-
ent algebraic arguments. Are there any underlying geometric reasons behind such coinci-
dence? Due to its applications in practice, we are particularly interested in the geometric
analysis for nonconvex subspace-constrained matrix completion. As explained in Section
2.4 and illustrated in our simulations, our current sampling rate result is suboptimal and
we are interested in improving upon it in future.
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Appendix A. Proofs of Auxiliary Results in the Proof of Theorem 1
A.1 Preliminaries

First, we list two useful lemmas controlling the difference between the random sampled
matrix inner product (or Frobenius norm) and its expectation.

Lemma 9 (Chen and Li 2019). It holds that uniformly for all A, B € R™*" C, D € R"*"
(Pa(ACT), Po(BD")) - p(ACT,BD")]

ni n2

<R = pd || D I3 B 13, | D ICk, 31Dy I3
s s (34)
1 ni n2
<l =pJll (Z 1AL 1B, 13+ |Ck,-‘|§||Dk;||%> :
k=1 k=1

Here J denotes the matriz with all entries equal to one.

Lemma 10 (Candeés and Recht 2009). Denote

T = {M cR™M2 | M =U*AT + BV* ,AcR™" B¢ R”W} .

If p > C’C% for some absolute constant C., then in an event E. with probability
P[Ec]) > 1 — (n1+n2)~?,

1
HPPTPQPT - PTH <1074
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Here Pgq is determined as in Models 1 and 2, where Pt is the orthogonal projector on T
with the Euclidean spaced defined by the standard matrix inner product. In other words,
uniformly for all M € T,

2

1 _
Hpmum M| < 1070 MR (35)
F

The following lemma on ||©2 — pJ|| is well known in the literature, see, e.g., Vu (2018)
and Bandeira and Van Handel (2016):

log Nmax
'U Tom

Lemma 11. There is an absolute constant C,, > 0, such that if p >
with probability at least 1 — (nq + no)~°, there holds

|2 — pJ || < Cyr/Nmaxp- (36)

We use the following lemma to specify the event £ in Theorem 1.

, on an event

Lemma 12. Under the assumptions in Theorem 1, in an event E with probability P[E] >

-3
1—(ny 4+ n9)~7,
CO urlog nmax

P
> 100, /491

nmln
/mnllﬂ pJ||

=
pA = Co||2 — pJ ||

Mmin

[oXN S

)

(37)

S

r

as well as (35) in Lemma 10 and (36) in Lemma 11 hold. Here Cy =5 x 10°.

Finally, we collect some useful properties of U = X (&) and V = Y (€). The proof is
left to Section A.6.

Proposition 1. For any 0, the matrices U = X (&) and V =Y (&) defined in (21) satisfy
the following basic properties:

e colspan(U) = colspan(U*) and colspan(V') = colspan(V™*);
o The largest singular values of both U and V are \/o1;

e The r-th singular values of both U and V are /0.

o

o U3 < 501 and |VI[5 o, < £lo1.

A.2 Proof of Lemma 4

Lemma 4 is essentially Ge et al. (2017, Lemma 16) (with noise). Here we give a sketch of
the proof for the purpose of being self-contained.
First, denote feean(X(0),Y(0)) as

fetean(X(8), Y'(8)) :21puv>Q<X<0>Y<e>T MY+ L1 X(8)X(6) - ¥ (0) Y (6)]}
T A(Ga(X(0)) + Ga(Y(8)).
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Compare with (6), and use the simplified notations introduced in (21). We can see

F(X,Y) = faen(X,Y) — ;%(XYT _ M), Pa(N)) + 21p||PQ<N>|%.

Therefore,
<Vf(X7 Y)a VeC(AX7 AY)) = <Vfclean(X7 Y), VeC(Ax, AY)>
- (PalAxY T + XAL),Pa(N))

and
vec(Ax,Ay) ' VEf(X,Y)vec(Ax, Ay)

2
=vec(Ax, Ay) V2 fuean (X, Y ) vec(Ax, Ay) — 5<7JQ(AXAI,),7DQ(N)>.

Therefore, we only need to concern about feean(X,Y) now, which has already been
discussed in Ge et al. (2017). Interested readers can refer to Ge et al. (2017) for the detail.

By Ge et al. (2017, Lemma 16), we have
VeC(AX; AY)TVchlean<X7 Y) VeC(AX7 AY) - 4<vfclean(X7 Y)7 VeC(AX; AY)>

277 -ww | L+ (pa (axal)[] - 1axatiz)

<t {Jasad].
- (2 HPQ (xy7-vvT) Hi _3IxYT - UVW%)
+A [vec(AX)TVQGa(X) vec(Ax) — 4 (VGa(X), AX>]
+ A [vec(Ay)TVQGa(Y)vec(Ay) 4 <VGQ(Y),AY>} .

Therefore,

vec(Ax,Ay) ' VEf(X,Y)vec(Ax,Ay) —4VF(X,Y), vec(Ax, Ay))

2
=vec(Ax, Ay) V2 foean (X, Y ) vec(Ax, Ay) — 5<PQ(AXA}T;),PQ(N)>

— 4V feean (X, Y), vec(Ax, Ay)) + ;t(PQ(AXYT + XAy), Po(N))

<= (Po(AxV ' +UAy), Po(N)) + 2<PQ(AXA;),PQ(N)>

4
p
H{lasasllslerww )« (Ll (sxaD) - raxani)
- (i HPQ (xyT-vvT) H; _3IxYT - UVU%)
+A [vec(AX)TV2Ga(X) vee(Ax) — 4 (VGa(X), AX)}
A [vec(Ay)TVQGa(Y) vee(Ay) — 4 (VG (Y), Ay>} .

Combining with (15) and Lemma 3 finishes the proof.
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A.3 Proof of Lemma 5

This section is meant to control Ko + Kj3. The arguments follow closely those used in
Chen and Li (2019) with modifications pertinent to the correlated parametric factorization
structure in Assumption 2. Recall that we assume event E defined in Lemma 12 holds, so
that (34), (35), (36) and (37) hold simultaneously. In what follows, we shall control K and
K3 respectively first before piecing the bounds together.

A.3.1 CONTROL OF Koy
By the way we define AX, Ay in (21),
XY' —UV ' =U+Ax)(V+Ay) —UV'T
= AxV' +UA} + AxAy.

Therefore,

1 2
h HPQ (XYT - UVT) HF XY —UVTI2

P (AXVT YUAT + AXA;) H; - HAXVT YUAT + AXA)T,ij'
+@+3)+().
Where

2
HPQ AXVT+UAY)H —HAXVTJrUA HF

(
o (awad ) [ - taxai]
( and

©-[2 (o

- 5<7>Q (UAI,) Pa (AXAI,)> —2 <UA;,AXA;> .

AxV ) Pa (AXA;» _9 <AXVT, AXA;> ,

By Proposition 1, the matrix AxV ' + UAlT, belongs to the subspace T defined in
Lemma 10. Therefore, Lemma 10 implies

2 2
D <0001 |axVT +UAY H 0.0002<HAXVTHF+HUA;HF>.
Applying Lemma 9, we further have
Q—pJ
@< 22l (Zn A“\|2+ZH Av) )
Q—pJ
®<! p”(2||A“||2+Zm )
12— pJ||
@B — ZH<Ay>k,.ué+2HUk,.H%wAX)k,H% .
k=1 k=1

p
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By using Proposition 1, [|U|[5 o, < & -0y and V13,00 < 01 Hence, we further bound @

and@as
12— pJ|
®<*p §juAXk||2+ alnAynF

Q—pJ
()<”p”(§juAYkn¢+amAxh).

k=1

We combine the foregoing inequalities to obtain

Ko <|) [P (axay) ) - laxabiz

+ ‘ HPQ (xy"-vvT) H 3IxYT —UVvT|2
p F

<@+3(W+@+B+W®)

2 2
< 0.0006 (HAXVT + HUA,T,H )

122 —pJ|| -
+7p 5 E [(Ax )k |l2 +5 E [(Ay )k, ll5 + 370’1||AXHF+3701HAYHF
k=1 k=1

A.3.2 CONTROL OF K3

For K3, when a > 100, /5L we have

ni n2
K3 < 2000 (| Ax |7 + Ay [7) — 0.3A (Z 1Ak )13+ Y (A )k, 3) :
k=1 k=1

The remaining argument is the same as that in Ge et al. (2017, Lemma 11), which has also
been employed in Chen and Li (2019, Lemma 14).

A.3.3 PUTTING K9 AND K3 TOGETHER
Combining the upper bounds on K and K3, we obtain that
112 112
Ko + K3 < 0.0006 <HAXV |+ HUAYHF>

N <3/”’<71HQ —pJ||

PNmin

+ 200Aa2) (lax]3 + [Ay2)

+(W“‘p”V—mﬂ)(}jWAXnAé+§juAymu§.
k=1 k=1

p
By the third inequality in (37),

<3,ural\ﬂ —pJ|| 2000,,

Gy

PNmin

+ 200\« )
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In addition, by the fourth inequality in (37),

(5”9—]).]”_0'3/\> < <5_03)/\
P Co

Therefore, with sufficiently large Cy (e.g., Cop = 200/0.0004 = 5 x 10°),

2 2
Ky + K3 < 0.0006 (HAXVTHF + HUA;HF> +0.00040, (| Ax|% + |Ay|2)

+ (1077~ 0.3)A (Z [C-SSIHERDYS H(Ay)k,-|!§>
k=1 k=1

2 2
< 0.0006 (HAXVTHF + HUA}HF) +0.00040, (|Ax]% + |Ay]2)

where the last inequality uses the facts that A > 0 and that

ni n2
D AX) 3+ D Ay I3 >0
k=1 k=1

By Proposition 1, we have

|vat|| > 2@ laviz = o laviE

and
[vaXll = v laxiz =o ax]?.

Together with the last display, they lead to
12 112
Ko + K3 <0.001 <HAXV |+ HUAYHF>. (38)
This completes the proof of Lemma 5.

A.4 Proof of Lemma 6
By the way we define A z,
2
|z27 - wwT]
2

- HAZWT TWAL + AZA}H (39)

=|AZAL|% +2J]AZW T2 +2(AZzW T WAL +4(AzW T, AzAL)

=[|AZAZ|F +2(AZA, WIW) + 2(A;W W T Az) + 4{Az Az, AZW).

Here we have used the facts that (A, B) = trace(A' B) and (A, B) = (B, A). By the
definition of K in (24), (39) further implies

1 3 3
Ki=—5lAz8zlE ~ S(AZAZ WIW) — (AW, W Az)

(40)
—3(ALAZ, AZW).
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Moreover, condition (22) leads to
Z'W=X"U+Y'V =0, (41)

which implies the symmetricity of WTAz = W' Z — ZT Z (this is a crucial step for the
analysis in Jin et al. (2017) and Ge et al. (2017)). Hence,

(AZW WAz =AW (42)
Combining (42) with (40) we have
K1 =—05]|AZAz[[7 — 15(AZAz, WIW) — 15| AW |5 - 3(AZA 7, AZW).
Therefore, based on (38), we are able to upper bound the righthand side of (23) as

K+ Ko+ K3+ K4
< —05]|AZAZ[F — 1L5(AZAZ, WIW) — 15| AW |} - 3(Az Az, AzW)
+0.001 (|AxVT I} + [UAYF) + K.

Furthermore, due to cyclic property of trace,
(AZAZ WIW) = trace(ALAZzW W) = |[WAL|%
> |[ax V5 + [UAy [
Together with the second last display, (43), we further have

Ki+ Ky + K3+ Ky
< —05]|AZAZ|% — 1.499(A A7, WW) — 15|ALW||% (44)
—3(ALAZ, ALW) + |Ky|.
Now (41) further implies that
(AZAZ, WIW) + (AJAZ, ALW) = (AZA7,Z'W) >0,
in which we use the fact that the inner product of two PSD matrices is nonnegative. Thus,
Ki+ Ky + K3+ Ky
< 05|ALAZ|} - 1499 ((ALAZ W W) + (ALAZ AZW)) — 15| AW}
—1.501{A LAz, AL W) + |Ky|
—0.5|ALAZ|%Z — 1.5]|AZWZ — 1.501{A LAz, ALW) + | Ky

<
<—05]|AZzAz|E — L5[|AZW (% + 1.501| Az Az p| AZW || F + | K4l (45)

Note that (45) implies

0.5|AzAz|[F + 15| AZW[E — L501| Az Az F| Az W|r < K.
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We apply Young’s inequality to the LHS of the inequality and subsequently deduce the
upper bounds

|AzAZIF = |AZAZ|F <3V[Kdl,  [[AZW]|r < 2V/[Kd|. (46)
By (44) as well as (27), we have
1.499(A ;A 7, W T W)
<= 05|AZAZ[E — L5|AZ WG — 3(Az Az, AZW) + | Kyl
B|AZAz[lF|AZW | F + | Kl
<19|K4).

Combining with (43) we have claim 2:
IAXVTE + UAY|E < 13| K4. (47)

This concludes the proof of Lemma 6.

A.5 Proof of Lemma 12

First of all, for the first line and second line of (37), by first line and third line of assumption
(11), we have
urlog nmax

p=Cy
T'min
and
roi
« 2 CQ H .
Tmin

Furthermore, for the fourth line of (37), by second line of (11), pA > Ca/Nimaxp. From
Lemma 11, if p > C, M, in an event E, with probability P[E,] > 1 — (n1 + n2)~>,
12 — pJ|| < Cyy/Nomaxp, “where C, is defined in Lemma 11. Therefore, in the event FE,,
pA> &2 -pJ].

Finally, by the fact that A < 10C3, /™, o < 1003 BoL + and pA > Ci |2 — pJ||, we

have

:U’TO-lHQ pJH < ,uralp)\ Cy proy 100, [ Timax —10C,0, HETTR Nimax T2n2nmax
Pimin CopNimin C2 Nmin mmp
and
2,.2,.2
Na? < 10%C o [
NminP
By the first line of (11),
Cy
p = TnmaX,UQTQHQ'
min
Therefore,
Q—pJ 10C, 4+ 103C3
/,LT'O'l” p H + )\062 < v + 20_7"
PNmin VvCi
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In other words,

Vi (Hrosl Il ),

> -
7" Z10C, + 103C3 Pmin
Therefore, by choosing

Cy = max{Cy, C., C3(10C, + 103C3)*}

and
Cy = max{100, CyC, }

finishes the proof of the first part of the Lemma.

Recall by the way we define C1, if (11) is satisfied, by Lemma 10, in an event E. with
probability P[E.] > 1 — (n1 +n2) >, (35) holds. Therefore, let E = E, N E,, then by union
bound, P[E] > 1 — (ny + ng) 3.

A.6 Proof of Proposition 1
First, since M* has SVD M* = U*AV* ", we have

colspan(U*) = colspan(M*) and colspan(V™) = rowspan(M™)

as well as
dim(colspan(M™)) = dim(rowspan(M™*)) = r.

From (9), we also have
colspan(M™) C colspan(U) and rowspan(M™) C colspan(V).

By the way we define U and V', we have dim(colspan(U)) < r and dim(colspan(V')) < r.
Therefore, colspan(U) = colspan(U*) and colspan(V') = colspan(V™).
From second equation in (9), UTU = VTV, therefore,

oi(U) = NUTU) = Y NVTV) = (V) i= 1,27,

Moreover, suppose U U = V'V = BD?B7 be a fixed eigenvalue decomposition of U U,
with B € O(r) and D € R"™*" diagonal matrix. Then the reduced SVD of U and V can be
written as

U=AyDB', V=AyDB'

with Ay € R™*" Ay € R™*7 gatisfying AEAU = I and A‘T,AV = I. Therefore,
M*=UV'T = AUD2A‘T,. It is a reduced SVD of M™* by the way we define Ay, Ay and
D. Therefore, 01(U) = 01(V) = /o1 and 0,(U) = 0,(V) = /0.

Moreover, there is Ry, Ry € O(r) such that Ay = U*Ry, Ay = V*Ry. Therefore,

U3« = l[AuDB" |3 = |AuD|3
ur

< 4vl3 DI, = U RuB o0 = iU [3oc < L on.
ur

Similarly, we also have HV||%OO S 01
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Appendix B. Proof of Lemma 7

Recall U and V are orthonormal basis matrices, Py = U ﬁ'T, VS vvT. Therefore,
| PgPa(N)Py | = 00 Po(N)VVT || = [T Po(N) V.
The last equality uses the fact that U and V are orthonormal basis matrices, therefore
ITA| = Al BV =B

for any A, B with suitable size.
Due to the fact that Q follows from Model 1, entries of Pq(IN) can be written as
[Pa(IN)li,j = 0i jN; j, where §; j’s are i.i.d. Bernoulli random variables such that

5 — 1 with probability p
“7 | 0 with probability 1 — p.

And Nj ;’s are i.i.d. centered sub-exponential random variables. Moreover, d; ;’s and Nj ;’s
are mutually independent. Therefore,

|PgPo(N) Py || =l[UPo(N)V | = |U" | Y 6N eie] | V > " 6iiN; ULV,
. .J
Now let

vV, U/ 0

(2%

o U.V/®
Qi =0 jN;; [ ~ ~ A ]

Therefore,

IP5Pa(N)Py || = [UTPo(N)V| = > Qi
i,J

and E[Q; ;] = 0. By following the symmetrization argument in Wainwright (2019, Example

6.14), without loss of generality, we can assume that V; ;’s are symmetric random variable,

ie., N;;j 4 —N; j. Now we want to verify the Bernstein’s condition (Wainwright, 2019,

Definition 6.10) for Q; ;’s. For k > 3,

~ ~ k ~  ~ k
0 U,.v." 0 U, V.
E k — E k k 2 N — : k 2, K

Due to the symmetry of N; j, E[Ni’fj] = 0 when k£ > 3 is odd, therefore, E| fj] = 0. For
k > 2 even, we have

~ o~ k ~ o~ ~ o~
V.0 0 0 (V. 0,0, )2
1 rrorr T
L U, .U, 0
~ ~ 2 2, 7,
=10 0V | 1T o |
) ’ 0 RS, VAV
V.13 "7 "3
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which is a positive semidefinite matrix. And due to the fact that IV; ;’s satisfy the Bernstein
condition, for k > 2,

1 _
E[N};] < ik!ﬂbk 2,
Therefore, for k > 3 even,

1 77777 0
10,1375 b .
0 Ly VI

V5,3 7770

k— rr. nkivs Nk
kw20 " 2p|| UG (151 VN5

[N

EQl] =

And we also have

< @

. v
V[Qi,] =E [Q};] = pE[N}] [ _0 Bl ]

— 7 U . ~' 0
~ ~ 52U Uz,-
73’/2||Lz||%|| lJ”% 1T, 112 L -

0 1 vy
V5,12 "7 3

Therefore, for k > 3,

K20 1572V 1572V [Quy] -

NN

E|Qk,| =

Therefore, Q; ; satisfies Bernstein condition with parameter beJ@HQH‘ijHg < by/ %ﬂ?w
Furthermore,

1 Y viell=twr| T [y%,.ngﬁ,ﬁ; o ]
o vl
ning (4,5)€[n1]x [n2] ning (i.f)elmx 2] 0 |U;.. AR
__1 VIR o 0
e o ORVY
< pV2(81+82).
ning

Where the last equality uses the fact that U'U =1 , VTV = I. Then by Wainwright
(2019, Theorem 6.17), for all ¢t > 0,

1 n1n2t2

ZQM >t <2(ny+ng)exp | — — s
ning |14 2 (mlmpvz(& + s2) + b\/@t)

Therefore, by choosing t as

1 775152
” <\/pu2(31 + s2) log(n1 + n2) + by/ Hgtysis2 log(ny + n2)>
ning nin2

P

t=0C
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with absolute constant C, sufficiently large, say C,, = 10, then

~ 11818
P |:||PI‘]'-7DQ(N)P‘7|| > Cy, <\/p1/2(51 + s2)log(n1 +na) + by / W log(ny + ng)ﬂ
112

Mg iy S152
=P Z Qij|| = Cuw <\/]9V2(81 + s2) log(n1 +n2) + by / % log(n1 + n2)>
.3

<(ny 4 ng) 3.
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