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Abstract

This work studies low-rank approximation of a positive semidefinite matrix from partial
entries via nonconvex optimization. We characterized how well local-minimum based low-
rank factorization approximates a fixed positive semidefinite matrix without any assump-
tions on the rank-matching, the condition number or eigenspace incoherence parameter.
Furthermore, under certain assumptions on rank-matching and well-boundedness of con-
dition numbers and eigenspace incoherence parameters, a corollary of our main theorem
improves the state-of-the-art sampling rate results for nonconvex matrix completion with
no spurious local minima in Ge et al. (2016, 2017). In addition, we have investigated when
the proposed nonconvex optimization results in accurate low-rank approximations even in
presence of large condition numbers, large incoherence parameters, or rank mismatching.
We also propose to apply the nonconvex optimization to memory-efficient kernel PCA.
Compared to the well-known Nystrom methods, numerical experiments indicate that the
proposed nonconvex optimization approach yields more stable results in both low-rank
approximation and clustering.

Keywords: low-rank approximation, matrix completion, nonconvex optimization, model-
free analysis, local minimum analysis, kernel PCA

1. Introduction

Let M be an n x n positive semidefinite matrix and let r < n be a fixed integer. It is
well known that a rank-r approximation of M can be obtained by truncating the spectral
decomposition of M. To be specific, let M =Y | aiuiuj be the spectral decomposition
with 01 > ... > 0, > 0. Then, the best rank-r approximation of M is M, = Z;ﬂ:l Uiuiu;.
If we denote U, = [\/o1u1 ... /o,u,|, then the best rank-r approximation of M can
be written as M = U,U,’. By the well-known Eckart-Young-Mirsky Theorem (Golub
and Van Loan, 2012), U, is actually the global minimum (up to rotation) to the following
nonconvex optimization:

min | XX — M|3%.
X eRrXxT
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This factorization for low-rank approximation has been well-known in the literature (see,
e.g., Burer and Monteiro, 2003).

This paper studies how to find a rank-r approximation of M in the case that only partial
entries are observed. Let  C [n] x [n] be a symmetric index set, and we assume that M
is only observed on the entries in €). For convenience of discussion, this subsampling is
represented as P (M) in that Po(M); ; = M; ; if (i,7) € Q and Po(M); ; = 0if (¢,5) ¢ Q.
We are interested in the following question

How to find a rank-r approzimation of M in a scalable manner only through Po(M)?

We propose to find such a low-rank approximation through the following nonconvex op-
timization, which has been exactly proposed in Ge et al. (2016, 2017) for matrix completion.

Denote X = [a:l, e ,a:n]T € R™*". A rank-r approximation of M can be found through

. 1 2 N
Join f(X) =g > <:I:ZT:1:] - Mi') + 2D [l — o) 4]*
cRnXT 2 ~ ‘
(i,4)€R =1
1
= 5||7DQ(XXT — M)||% + \Go(X) (1)

where Go(X) == > 1 [(|lzill2 — a)+]*. Following the framework of nonconvex optimization
without initialization in Ge et al. (2016, 2017), our local-minimum based approximation for
M is M ~ XX where X is any local minimum of (1).

Let’s briefly discuss the memory and computational complexity to solve (1) via gradient
descent. If Q is symmetric and does not contain the diagonal entries as later specified in
Definition 1, the updating rule of gradient decent

XD = x® _ pOgr(x®) (2)

is equivalent to

4\ 3
=l 2 37 (@) ) @l b (e - ) 10,
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where the memory cost is dominated by storing X®, X#*1D and M on €, which is
generally O(nr + [Q2]). It is also obvious that the computational cost in each iteration is

o(|Qr).

1.1. Applications in memory-efficient kernel PCA

Kernel PCA (Scholkopf et al., 1998) is a widely used nonlinear dimension reduction tech-
nique in machine learning for the purpose of redundancy removal and preprocessing before
prediction, classification or clustering. The method is implemented by finding a low-rank
approximation of the kernel-based Gram matrix determined by the data sample. To be
concrete, let z1,..., z, be a data sample of size n and dimension d, and let M be the n xn
positive semidefinite kernel matrix determined by a predetermined kernel function K(x,y)
in that M;; = K(z;,z;). Non-centered kernel PCA with r principal components amounts
to finding the best rank-r approximation of M.
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However, when the sample size is large, the storage of the kernel matrix itself becomes
challenging. Consider the example when the dimension d is in thousands while the sample
size n is in millions. The memory cost for the data matrix is d x n and thus in billions, while
the memory cost for the kernel matrix M is in trillions! On the other hand, if not storing
M, the implementation of standard iterative algorithms of SVD will involve one pass of
computing all entries of M in each iteration, usually with formidable computational cost
O(n?d). A natural question arises: How to find low-rank approzimations of M memory-
efficiently?

The following two are among the most well-known memory-efficient kernel PCA meth-
ods in the literature. One is Nystrom method (Williams and Seeger, 2001), which amounts
to generating random partial columns of the kernel matrix, then finding a low-rank approx-
imation based on these columns. In order to generate random partial columns, uniform
sampling without replacement is employed in Williams and Seeger (2001), and different
sampling strategies are proposed later (e.g., Drineas and Mahoney, 2005). The method is
convenient in implementation and efficient in both memory and computation, but relatively
unstable in terms of approximation errors as will be shown in Section 3.

Another popular approach is stochastic approximation, e.g., Kernel Hebbian Algorithm
(KHA) (Kim et al., 2005), which is memory-efficient and approaches the exact principal
component solution as the number of iterations goes to infinity with appropriately chosen
learning rate (Kim et al., 2005). However, based on our experience, the method usually
requires careful tuning of learning rates even for very slow convergence.

It is also worth mentioning that the randomized one-pass algorithm discussed in, e.g.,
Halko et al. (2011), where the theoretical properties of a random-projection based low-rank
approximation method were fully analyzed. However, although the one-pass algorithm does
not require the storage of the whole matrix M, in kernel PCA one still needs to compute
every entry of M, which typically requires O(n?d) computational complexity for kernel
matrix.

As a result, we aim at finding a memory-efficient method as an alternative to the afore-
mentioned approaches. In particular, we are interested in a method with desirable empirical
properties: memory-efficient, no requirement on one or multiple passes to compute the com-
plete kernel matrix, no requirement to tune the parameters carefully, and yielding stable
results. To this end, we propose the following method based on entries sampling and non-
convex optimization: In the first step, ) is generated to follow an Erdds-Rényi random
graph with parameter p later specified in Definition 1, and then a partial kernel matrix
Pa(M) is generated in that M;; = K(z;, z;) for (i,j) € Q. In the second step, the non-
convex optimization (1) is implemented through gradient descent (2). Any local minimum
of (1), X, is a solution of approximate kernel PCA in that M ~ XX .

To store the index set €2 and the sampled entries of M on €2, the memory cost in the
first step is O(|€2|), which is comparable to the memory cost O(nr +|€2|) in the second step.
As to the computational complexity, besides the generation of €2, the computational cost
in the first step is typically O(|€2|d), e.g., when the radial kernels or polynomial kernels are
employed. This could be dominating the per-iteration computational complexity O(|2|r)
in the second step when the target rank r is much smaller than the original dimension d.

Partial entries sampling plus nonconvex optimization has been proposed in the literature
for scalable robust PCA and matrix completion (Yi et al., 2016). However, to the best
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of our knowledge, our work is the first to apply such an idea to memory-efficient kernel
PCA. Moreover, the underlying signal matrix is assumed to be exactly low-rank in Yi
et al. (2016) while we make no assumptions on the positive semidefinite kernel matrix M.
Entry-sampling has been proposed in Achlioptas et al. (2002); Achlioptas and McSherry
(2007) for scalable low-rank approximation. In particular, it is used to speed up kernel
PCA in Achlioptas et al. (2002), but spectral methods are subsequently employed after
entries sampling as opposed to nonconvex optimization. Empirical comparisons between
spectral methods and nonconvex optimization will be demonstrated in Section 3. It is
also noteworthy that matrix completion techniques have been applied to certain kernel
matrices when it is costly to generate each single entry (Graepel, 2002; Paisley and Carin,
2010), wherein the proposed methods are not memory-efficient. In contrast, our method is
memory-efficient in order to serve a different purpose.

1.2. Related work and our contributions

In recent years, a series of papers have been proposed to study nonconvex matrix completion
(see, e.g., Rennie and Srebro, 2005; Keshavan et al., 2010b,a; Jain et al., 2013; Zhao et al.,
2015; Sun and Luo, 2016; Chen and Wainwright, 2015; Yi et al., 2016; Zheng and Lafferty,
2016; Ge et al., 2016, 2017). Interested readers are referred to Balcan et al. (2017), where
required sampling rates in these papers are summarized in Table 1 therein. Compared to
convex approaches for matrix completion (e.g., Candes and Recht, 2009), these nonconvex
approaches are not only more computationally efficient, but also more convenient in storing.
For the same reason, nonconvex optimization approaches have also been investigated for
other low-rank recovery problems including phase retirval (e.g., Candes et al., 2015; Sun
et al., 2018; Cai et al., 2016), matrix sensing (e.g., Zheng and Lafferty, 2015; Tu et al.,
2015), blind deconvolution (e.g., Li et al., 2018), etc.

Our present work follows the framework of local minimum analysis for nonconvex op-
timization in the literature. For example, Baldi and Hornik (1989) has described the non-
convex landscape of the quadratic loss for PCA. Loh and Wainwright (2015) studies the
local minima of regularized M-estimators. Sun et al. (2018) studies the global geometry of
the phase retrieval problem. The conditions for no spurious local minima have been inves-
tigated in Bhojanapalli et al. (2016) and Ge et al. (2016) for nonconvex matrix sensing and
completion, respectively. The global geometry of nonconvex objective functions with under-
lying symmetric structures, including low-rank symmetric matrix factorization and sensing,
has been studied in Li et al. (2016a). Global geometry of rectangular matrix factorization
and sensing is studied Zhu et al. (2017), where the issues of under-parameterization and
over-parameterization have been investigated. Similar analysis has been extended to general
low-rank optimization problems in Li et al. (2017). Matrix factorization is further studied
in Jin et al. (2017) with a novel geometric characterization of saddle points, and this idea is
later extended in Ge et al. (2017), where a unified geometric analysis framework is proposed
to study the landscapes of nonconvex matrix sensing, matrix completion and robust PCA.

Among these results, Ge et al. (2016) and Ge et al. (2017) are highly relevant to our
work in both methodological and technical terms. In fact, exactly the same nonconvex
optimization problem (1) has been studied in Ge et al. (2016, 2017) for matrix completion
from missing data. To be specific, these papers show that any local minimum X yields M =
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XX , as long as M is exactly rank-r, the condition number s, := o1 /0, is well-bounded,
the incoherence parameter of the eigenspace of M is well-bounded, and the sampling rate
is greater than a function of these quantities. The case with additive stochastic noise has
also been discussed in Ge et al. (2016).

In contrast, our paper studies the theoretical properties of XX with no assumptions
on M. There are actually two questions of interest: how close XX is from M , and
how close X X ! is from M, (recall that M, is the best rank-r approximation of M by
spectral truncation). In comparison to Ge et al. (2016, 2017), our main contributions to be
introduced in the next section include the following:

e Our main result T Theorem 2 that characterizes how well any local-minimum based rank-
r factorization X X approximates M or M, requires no assumptions imposed on M
regarding its rank, eigenvalues and eigenvectors. The sampling rate is only required to
satisfy p > C'(logn/n) for some absolute constant C'. Therefore, for applications such
as memory-efficient kernel PCA, our framework provides more suitable guidelines than
Ge et al. (2016, 2017). In fact, kernel matrices are in general of full rank and their
condition numbers and incoherence parameters may not satisfy the strong assumptions
in Ge et al. (2016, 2017).

e When M is assumed to be exactly low-rank as in Ge et al. (2016, 2017), Corollary
3 improves the state-of-the-art no-spurious-local-minima results in Ge et al. (2016,
2017) for exact nonconvex matrix completion in terms of sampling rates. To be
specific, assuming both condition numbers and incoherence parameters are on the
order of O(1), our result improves the result in Ge et al. (2017) from O(r*/n) to

O(r2/n).

e Theorem 2 also implies the conditions under which the nonconvex optimization (1)
yields good low-rank approximation of M in the cases of large condition numbers,
high incoherence parameters, or rank-mismatching.

On the other hand, our paper benefits from Ge et al. (2016, 2017) in various aspects.
In order to characterize the properties of any local minimum b'e , we follow the idea in Ge
et al. (2017) to combine the first and second order conditions of local minima linearly to
construct an auxiliary function, denoted as K (X)) in our paper, and consequently all local
minima satisfy the inequality K (5(\ ) = 0 as illustrated in Figure 1. If M is exactly rank-r
and its eigenvalues and eigenvectors satisfy particular properties, Ge et al. (2017) shows
that K(X) < 0 for all X as long as the sampling rate is large enough. This argument can
be employed to prove that there is no spurious local minima.

However, K(X) < 0 does not hold for all X if no assumptions are imposed on M, so
we instead focus on analyzing the inequality K (5(\ ) = 0 directly in the model-free manner.
Among a few novel technical ideas, the success of such model-free analysis relies crucially

on the deterministic inequality (Lemma 8) that controls the difference between the function
K(X) and its population version E[K (X)].



CHEN AND LI

K(X)
U,
—f(X)
span of
local minima
of f(X)
——span of {X € R | K(X) > 0}—

Figure 1: Landscape of —f(X), K(X) and U,.

1.3. Organization and notations

The remainder of the paper is organized as follows: Our main theoretical results are stated
in Section 2; Numerical simulations and applications in memory-efficient KPCA are given
in Section 3. Proofs are deferred to Section 4.

We use bold letters to denote matrices and vectors. For any vectors w and v, |lu||2
denotes its ¢ norm, and (w,wv) their inner product. For any matrix M € R"*" M, ;
denotes its (i,7)-th entry, M;. = (M;1, M;2,... ,Mm)T its i-th row of M, and M. ; =
(M j, Maj, ..., My ;)" its j-th column. Moreover, we use | M|, | M||., | M| r, | M|, =
max; j | M; ;|, || M ||2,00 = max; || M;,.||2 to denote its spectral norm, nuclear norm, Frobenius
norm, elementwise max norm and /3., norm, respectively. The vectorization of M is
represented by vec(M) = (My1,Ma1,...,Mia,...,M,,)". For matrices M, N of the
same size, denote (M, N) = }_, . M; jN; ; = trace (MTN). Denote by Vf(M) € R™"
and V2f(M) € R"”*"* the gradient and Hessian of f(M).

Denote [z]; = max{z,0}. We use J to denote a matrix whose all entries equal to one.
We use C,C1,C5, ... to denote absolute constants, whose values may change from line to
line.

2. Model-free approximation theory
2.1. Main results

The following sampling scheme is employed throughout the paper:
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Definition 1 (Off-diagonal symmetric independent Ber(p) model) Assume the in-
dex set Q) consists only of off-diagonal entries that are sampled symmetrically and indepen-
dently with probability p, i.e.,

1. (i,0) ¢ Q foralli=1,...,n;
2. For alli < j, sample (i,7) € Q independently with probability p;
3. For alli>j, (i,7) € Q if and only if (j,1) € Q.

Here we assume all diagonal entries are not in € for the generality of the formulation,
although they are likely to be obtained in practice. For instance, all diagonal entries of
the radial kernel matrix are ones. For any index set 2 C [n] x [n], define the associated
0-1 matrix € € {0,1}"*"™ such that Q; ; = 1 if and only if (¢,j) € Q. Then we can write
Pa(X) = X o Q where o is the Hadamard product.

Assume that the positive semidefinite matrix M has the spectral decomposition

T n
M = Zaiuiuj + Z UiuiuiT =M, + N, (3)
=1 =r+1
where 01 > 02 > -+ = 0, = 0 are the spectrum, u; € R" are unit and mutually perpen-

dicular eigenvectors. The matrix M, =Y., aiu,;uiT is the best rank-r approximation of
M and N =" 41 aiuiu;r denotes the residual part. In the case of multiple eigenvalues,
the order in the eigenvalue decomposition (3) may not be unique. In this case, we consider
the problem for any fixed order in (3) with the fixed M,.

Theorem 2 Let M € R™™™ be a positive semidefinite matriz with the spectral decomposi-
tion (3). Let Q2 be sampled according to the off-diagonal symmetric Ber(p) model with p >
C’gm for some absolute constant Cs. Then in an event E with probability P[E] > 1—2n73,

n

as long as the tuning parameters o and X\ satisfy 100/|| M, ||¢,. < o < 2004/|| M, ||¢,, and
100(|2 — pJ|| < A < 200|122 — pJ||, any local minimum X € R™ " of (1) satisfies

2
2 " n logn
<Oy Z [02 <\/>+ & ) M |le., + Coo2r41—i — Uz‘]
F - p p
= J 0w

[p(1 = p)n + log n]r||NJ7
p2

H)?)A(T _ M,

+C

and

r 2
HX\X\T - MHi <Gy { [02 < % + lolg)n> | My |eo, + Co02p41—i — Uz'] }
* ()

[p(1 = p)n + lognr| N7
e +INE

+C

with C1,Cy absolute constants.
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Model-free low-rank approximation from partial entries has been studied for for spectral
estimators in the literature. For example, under the settings of Theorem 2, the spectral
low-rank approximation (denoted as Mpprox) discussed in Keshavan et al. (2010a, Theorem
1.1) is guaranteed to satisfy

nr| M7, 7l Pa(N)]?
[ Mapprox — My || < C{ r T2 ’

with high probability. However, this cannot imply exact recovery even when M is of low
rank and the sampling rate p satisfies the conditions specified in Ge et al. (2017). Similarly,
the SVD-based USVT estimator introduced in Chatterjee (2015) does not imply exact
recovery. In contrast, as will be discussed in the next subsection, Theorem 2 implies that
any local minimum of (1) yields exact recovery of M with high probability under milder
conditions than those in Ge et al. (2017).

2.2. Implications in exact matrix completion

Assume in this subsection that the positive semidefinite matrix M is exactly rank-r, i.e.,

'S
M =M, =) ouu =UU, (6)
i=1
where U, = [\/o1u; ... \/o,yu,|. Furthermore, we assume its condition number x, = %

and eigen-space incoherence parameter p, = 7 max; 22:1 uf j (Candes and Recht, 2009) are
well-bounded. This is a standard setup in the literature of nonconvex matrix completion
(e.g., Keshavan et al., 2010b; Sun and Luo, 2016; Chen and Wainwright, 2015; Zheng and
Lafferty, 2016; Ge et al., 2016; Yi et al., 2016; Ge et al., 2017).

Notice that Ge et al. (2016) introduces a slightly different version of incoherence

/j — \/ﬁHUrHQ,oo _ nHMrHZOO (7)
" U || F trace(M,)

as a measure of spikiness. (Note that this is different from the spikiness defined in Negah-
ban and Wainwright (2012).) By |[M,|le., = |Ur]l3 = max; > i1 oju; ;, the following
relationship between p and g is straightforward

i irace(M) 0l Mile, _ 0l Mol _ 7 trace(M,)

~2
X = X Mr X < R [y« (8)
Ky ro ro O, o

By the fact || M|, < o1, Theorem 2 implies the following exact low-rank recovery
results:

Corollary 3 Under the assumptions of Theorem 2, if we further assume rank(M) = r

(i.e., M = M, ) and

prrkelogn p2rie? }

)
n n

p}CmaX{
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or

n n

for some absolute constant C, then in an event E with probability P[E] > 1 — 2n=3, any
local minimum X € R™ " of objective function f(X) defined in (1) satisfies XX =M.

The proof is straightforward and deferred to the appendix. Notice that our results are better
than the state-of-the-art results for no spurious local minimum in Ge et al (2017) where
the required sampling rate is p > ¢ ,u,TT' 4k2logn (which also implies p > ¢ ,u,rr 4kTlogn by

(8))-

2.3. Examples

Besides improving the state-of-the-art no-spurious-local-minima results in nonconvex matrix
completion, Theorem 2 is also capable of explaining some nontrivial phenomena in low-rank
matrix completion in the presence of large condition numbers, high incoherence parameter,
or mismatching between the selected and true ranks.

2.3.1. NONCONVEX MATRIX COMPLETION WITH LARGE CONDITION NUMBERS AND HIGH
EIGEN-SPACE INCOHERENCE PARAMETERS

Assume here M is exactly rank-r and its spectral decomposition is denoted as in (6).
However, we assume that p,. and x, can be extremely large, while the condition num-

. —1 .
ber and incoherence parameter for M,_1 = Zg_l aiuiul—-r, ie., Kp_1 = 0‘711 and py—1 =
= -

~7 max; Z; %uf j» are well-bounded. We are interested in figuring out when the local
minimum based rank-r factorization X X | approximates the original M well.
By [ M;le,, = max; 375, oju? ;, we have

Zh] )

_ 1 9
O1fr—1 + U?"Huf‘”oo'

[ M e, <
Then by Theorem 2, if

Jler 13

fr1hr 1 (r — 1) 2 Jlogn [t a(r = 1)+ n2=
> (' max )

n n

with some absolute constant C, in an event E with probability P[E] > 1 — 2n~3, for any
local minimum X € R™" of (1), ||X5(\r — M||% < 145024 holds. In other words, the

relative approximation error satisfies RE = |XX M| < —1L
PP ' M|+ =10V 1
Notice that [u,||2, < Ly, and o = #=Lso the above sampling rate requirement is
r— T

satisfied as long as ﬁ: < Cpp—q and

9

2 2 2
> (' max { Mr—llir—lrlogn Hy—1hp T } ]
n n
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2.3.2. RANK MISMATCHING

In this subsection, M is assumed to be exactly rank-R, i.e.,

R
M = MR = ZJZ’LLZUZT = UR(JI—%r
=1

where Up = [/o1u1 ... Jorupr]. However, we consider the case that the selected

rank 7 is not the same as the true rank R, i.e., rank mismatching. As with Section

2.2, we assume the condition number xKrp = g—;{ and eigen-space incoherence parameter

KR = 7 Max; Zle ajuz%j are well-bounded. As with (8), there holds || M ||, < Zoypug.

Case 1: R <r. Theorem 2 implies that if

urkrRlogn MQRH%%RQ
n n

p)Cmax{ ,

for some absolute constant C, then in an event E with probability P[E] > 1 — 2n =3, any
local minimum X € R™" of (1) yields | XX | — M |% < 355(r — R)o%. This further yields

. S XX'-M _
the relative approximation error bound RE := W < %0 z RR.

Case 2: R>r. Recall that | M., < -o1p,. Moreover,

R R R
IV ]e,, = ud < L=
loo = mlax OjU; i S Oryl mZaX up i | = n Op41-
j=r+1 j=1

Theorem 2 implies that if

»> Cmax prrkelogn plrie? ,u%%R?’
- n " n T on

for some absolute constant C, then with high probability, any local minimum X € RYT of
(1) yields
IXX" = M, |5 < Co74y + ... +03,),
which implies that the relative error is well-controlled as long as o2 1t t 012% accounts
for a small proportion in o3 + ... + 012%.
If we assume that 2Cy0,41 < o, where Cy is specified in Theorem 2, under the same
sampling rate requirement as above, Theorem 2 implies a much sharper result:

L

vy
HXX - MTH% < mar—&—lv

which yields the following (perhaps surprising) relative approximation error bound

pp  IXX -Mjlp 1| oty 1
| M, || » S0\ of+ ...+ 02 T 10T

10
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3. Experiments

In the following simulations where the nonconvex optimization (1) is solved, the initializa-
tion X is constructed randomly with i.i.d. normal entries with mean 0 and variance 1.
The step size n® for the gradient descent (2) is determined by Armijo’s rule (Armijo, 1966).
The gradient descent algorithm is implemented with sparse matrix storage in Section 3.2 for
the purpose of memory-efficient KPCA, while with full matrix storage in Section 3.1 to test
the performance of general low-rank approximations from missing data. In each experiment,
the iterations will be terminated when |V f(X®)||p < 1073 or |[n®OVF(X®)||p < 10710
or the number of iterations surpasses 103. All methods are implemented in MATLAB. The
experiments are running on a virtual computer with Linux KVM, with 12 cores of 2.00GHz
Intel Xeon E5 processor and 16 GB memory.

3.1. Numerical simulations

In this section, we conduct numerical tests on the nonconvex optimization (1) under different
settings of spectrum for the 500 x 500 positive semidefinite matrix M, whose eigenvectors
are the same as the left singular vectors of a random 500 x 500 matrix with i.i.d. standard
normal entries. The generation of eigenvalues for M will be further specified in each test.
For each generated M, the nonconvex optimization (1) is implemented for 50 times with
independent ’s generated under the off-diagonal symmetric independent Ber(p) model.
To implement the gradient descent algorithm (2), set a = 100\ M]|,,, and A = 100||Q —
pJ|| (the performances of our method are empirically not sensitive to the choices of the
tuning parameters). In each single numerical experiment, we also conduct spectral method
proposed in Achlioptas et al. (2002) to obtain an approximate low-rank approximation of
M for the purpose of comparison.

3.1.1. FULL RANK CASE

Here M is assumed to have full rank, i.e., rank(M) = 500. To be specific, let o1 = --- =
o4 = 10, 06 = -+ = 0500 = 1, and o5 = 10,9,8,...,2,1. The selected rank used in
the nonconvex optimization (1) is set as r = 5, and the sampling rate is set as p = 0.2.
With different values of o5, the results of our implementations of the gradient descent are
plotted in Figure 2. One can observe that the relative errors for our nonconvex method
(1) are well-bounded for different o5’s, and much smaller than those for spectral low-rank
approximation. The results indicate that our approach is able to approximate the “true”
best rank-r approximation M, accurately in the presence of heavy spectral tail and possibly
large condition number oy /05, even with only 20% observed entries.

3.1.2. LOW-RANK MATRIX WITH LARGE CONDITION NUMBERS

Here M is assumed to be of exactly low rank with different condition numbers. Let o1 =
ceo=04 =10, 05 = 17?, and og = - -+ = 0590 = 0. Here the condition number takes on values
k = 10,20, 30, 40, 50, 100, 200, co, which implies rank(M) = 5 if K < oo while rank(M) =4
if Kk = 0o. The selected rank is always assumed to be r = 5, while the sampling rate is
always p = 0.2.

11
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Figure 3: Relative error

The performance of our nonconvex approach with various choices of k is demonstrated in
Figure 3. One can observe that our nononvex optimization approach yields exact recovery
of M when x = 10, while yields accurate low-rank approximation for M with relative errors
almost always smaller than 0.3 when x > 20. This fact is consistent with the example we
discussed in Section 2.3.1, where we have shown that under certain incoherence conditions,
the relative approximation error can be well-bounded even when k, = oco.

3.1.3. RANK MISMATCHING

In this section, we consider rank mismatching, i.e., the rank of M is low but different
from the selected rank r. In particular, we consider two settings for simulation: First,
we fix M with rank(M) = 10, while the nonconvex optimization is implemented with
selected rank r = 5,7,9,10,11,13,15; Second, the matrix M is randomly generated with

12
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rank from 1 to 15, while the selected rank is always r = 5. The sampling rate is fixed as
p = 0.2. We perform the simulation on two sets of spectrums: For the first one, all the
nonzero eigenvalues are 10; And the second one has decreasing eigenvalues: o1 = 20,09 =
18,--- 019 = 2 for the case of fixed rank(M), o1 = 30, , Trank(m) = 32 — 2 X rank(M)
for the case of fixed selected rank r. Numerical results for the case of fixed rank(M) are
demonstrated in Figure 4 (constant nonzero eigenvalues) and Figure 6 (decreasing nonzero
eigenvalues), while the case of fixed selected rank in Figure 5 (constant nonzero eigenvalues)
and Figure 7 (decreasing nonzero eigenvalues). One can observe from these figures that if
the selected rank r is less than the actual rank rank(M), for the approximation of M,
our nonconvex approach performs almost as well as the complete-data based best low-
rank approximation M,. Another interesting phenomenon is that our nonconvex method
outperforms simple spectral methods in the approximation of either M or M, significantly
if the selected rank is greater than or equal to the true rank.
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Figure 4: Relative errors for rank mismatching for a fixed M with rank(M) = 10.

3.2. Memory-efficient kernel PCA

In this section we study the empirical performance of our memory-efficient kernel PCA
approach by applying it to the synthetic data set in Wang (2012). The data set is an
i.i.d. sample with sample size n = 10,000 and dimension d = 3, and the data points are
partitioned into two classes independently with equal probabilities. Points in the first class
are first generated uniformly at random on the three-dimensional sphere {x : ||z|2 = 0.3},
while points in the second class are first generated uniformly at random on the three-
dimensional sphere {x : ||z|2 = 1}. Every point is then perturbed independently by
N0, ﬁIg) noise. We aim to implement memory-efficient uncentered kernel PCA with
r = 2 on this dataset with the radial kernel exp(— | — y||3) in order to cluster the data
points.

To implement the Nystrém method (Williams and Seeger, 2001), 50 columns (and cor-
responding rows) are selected uniformly at random without replacement, then a rank-2

13
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Figure 6: Relative errors for rank mismatching for a fixed M with rank(M) = 10.

approximation of the kernel matrix M can be efficiently constructed with a smaller scale
factorization. The effective sampling rate for Nystrom method is pnys = 2X50n$502 ~ 0.01.
In contrast, in addition to recording the selected entry values, our nonconvex optimization
method also requires to record the row and column indices for each selected entry. By using
sparse matrix storage schemes like compressed sparse row (CSR) format (Saad, 2003), it
needs 2n’pycvx + n + 1 entries to store the sparse matrix. Therefore, if pyoyx = %, the
nonconvex approach requires at most 2.5 times as much memory as Nystrom method for
the same sampling complexity. Therefore, we choose the sampling rate pncvx = p;ys in
the implementation of the nonconvex optimization (1) such that the memory consumption
is less costly than the Nystrom method.
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Figure 7: Relative errors for rank mismatching, fixed selected rank.

Fixing such a synthetic data set, we apply both the Nystrom method and our approach
(with o = 100|| M|, = 100 and A = 500,/npncvx) for 100 times. Denote by M the ground
truth of the kernel matrix, by My the ground truth of the best rank-2 approximation of M,
and by Mpprox the memory efficient rank-2 approximation obtained by Nystrém method
or our nonconvex optimization. The left and right panels of Figure 8 compare the two
methods in approximating My and M respectively based on the distributions of relative
errors throughout the 100 Monte Carlo simulations. One can see that our approach is
comparable with the Nystrom method in terms of median performance, but much more
stable.

Both Nystrom method and our nonconvex optimization (1) give approximation in the
form of M ~ XX | , 8o clustering analysis can be directly implemented based on X. We
implement k-means on the rows of X with 20 repetitions, and Figure 9 compares the two
methods in the distribution of clustering accuracies. It clearly shows that our nonconvex
optimization (1) yields accurate clustering throughout the 100 tests while the Nystrém
method results in poor clustering occasionally.

Moreover, during the iterations of the nonconvex method, the regularization term never
activate throughout the 100 simulations. Therefore, empirically speaking, the performances
of our numerical tests will remain the same if we simply set A = 0.

4. Proofs

In this section, we give a proof for main theorem. In Section 4.1, we will present some
useful supporting lemmas; in Section 4.2, we present a proof for our main result Theorem 2;
finally in Section 4.3 we give proof of lemmas used in former subsections. Our proof ideas
benefit from those in Ge et al. (2017) as well as Zhu et al. (2017), Jin et al. (2017).
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4.1. Supporting lemmas

In this section, we give some useful supporting lemmas. The following lemma is well known
in the literature, see, e.g., Vu (2018) and Bandeira et al. (2016).

Lemma 4 There is a constant C, > 0 such that the following holds. If Q) is sampled
according to the off-diagonal symmetric Ber(p) model, then

P (|| — pJ|| = Cor/mp(1 —p) + cv\ﬁogn} <nd.

The following eigen-space incoherence parameter has been proposed in Candes and Recht
(2009).

16



NONCONVEX MATRIX COMPLETION

Definition 5 (Candés and Recht 2009) For any subspace U of R™ of dimension r, de-
note Py : R® — R" as the orthogonal projection onto U. Define

n
Uy = — Pyei|3 9
pU) = max |[Pyeil, (9)
where ey, ..., e, represents the standard orthogonal basis of R™.

As with Theorem 4.1 in Candes and Recht (2009), for the off-diagonal symmetric Ber(p)
model, we also have:

Lemma 6 Let Q) be sampled according to the off-diagonal symmetric Ber(p) model. Define
T ={M eR"" | (I —Py)M(I— Py) =0, M symmetric},

where U is a fized subspace of R™. Let Py be the Euclidean projection on to T: For any
symmetric matric M € R"*",

'PT(M) =P M+ MP,— P MP,.
Then there is an absolute constant C., such that for any 6 € (0,1], if p > C’CW
with p(U) defined in (9), in an event E. with probability P[E.] > 1 —n~3, we have
p HIPrPaPr — pPr| < 6.

In Gross (2011) and Gross and Nesme (2010), similar results are given for symmetric uniform
sampling with/without replacement. The proof of Lemma 6 is very similar to that in Recht
(2011).

The first and second order optimality conditions of f(X) satisfy the following properties:

Lemma 7 (Ge et al. 2016, Proposition 4.1) The first order optimality condition of ob-
jective function (1) is

VF(X)=2Po(XX" — M)X +AVG4(X) =0,
and the second order optimality condition requires that for any H € R™" we have

vec(H) V2 f(X) vec(H)
=|Po(HX " + XH")||%2 4+ 2(Po(XX " — M), Po(HH")) + Avec(H) V3G (X) vec(H)
>0.

In the sequel, we are going to present our key lemma which will be used multiple times
throughout this section. For any matrix M, My € R™*"2 any set gy € [n1] X [ne] and
any real number ¢t € R, we introduce following notation for simplicity of notations:

DQo,t(MhM?) = <PQO(M1>’PQO(M2)> - t<M17M2>' (10)

Our key lemma is given as follows:
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Lemma 8 Let Qg be any index set in [n1] X [n2], and Qo € R™*"2 be defined correspondingly
as in Section 2.1. For any A € R™*" B € RM*"2 C € R"™*" D € R"™*"2 and any
t € R, there holds

ni n2
| Do, (ACT, BD")[ < [0 — tT ||| D 1Ak 31Br 13| D ICk 311 De (13 (11)
k=1 k=1

We will use this result for Qg = 2, ¢ = p for multiple times later. Note that here we do not
make any assumptions on 2y and this is a deterministic result. The proof of this lemma
is deferred to Section 4.3.1. This result extends the following lemma given in Bhojanapalli
and Jain (2014) and Li et al. (2016b):

Lemma 9 (Bhojanapalli and Jain 2014; Li et al. 2016b) Suppose matrizc M € R *"2
can be decomposed as M = BD' | let Qo C [n1] x [na] be any index set. Then for anyt € R,
we have

[Pay (M) —tM|| < [0 —tJ|[|| B

2,00 Dl|2,00-

Lemma 8 is applied in our proof of Lemma 12 in replace of Theorem D.1 in Ge et al. (2016)
to derive tighter control of perturbation terms, i.e., Ko(X), K3(X) and K4(X) defined in
(14). Their result is given here for the purpose of comparison.

Lemma 10 (Ge et al. 2016, Theorem D.1) With high probability over the choice of €2,
for any two rank-r matrices W, Z € R™*"™ we have

[(Pa(W), Pa(Z)) — p(W, Z)|
<O (HWIIeoo 1Z e logn + /pr W e | Z]e [W £ Z]| 7 log n) :

In Sun and Luo (2016), Chen and Wainwright (2015) and Zheng and Lafferty (2016), upper

bounds are given to |[Po(HHT)|/% for any H. To be more precise, they assume () is

1
Ofl ™ for some

sampled according to the i.i.d. Bernoulli model with probability p. If p > C
sufficient large absolute constant C', there holds

n
IPo(HH )| 7 - pllH|F < Cvap ) || Hi 3 (12)
i=1
with high probability. In contrast, by combining Lemma 4 and Lemma 8, there holds

5 (13)

n
I1Po(HH "I}~ p| HH |7 < Cyap ) | ||H,,
i=1

with high probability. This is tighter than (12) in that |[HH"|r < |H|%. Moreover,
comparing to (12), our result (13) directly measures the difference between ||Po(HH )%
and its expectation p||HH "||%, which makes the model-free analysis possible.

18



NONCONVEX MATRIX COMPLETION

4.2. A proof of Theorem 2

This section aims to prove Theorem 2. The proof is basically divided into two parts:
In Section 4.2.1, we discuss the landscape of objective function f(X) and then define the
auxiliary function K(X). We show that the span of local minima of f(X) can be controlled
by the superlevel set of K (X): {X € R™" | K(X) > 0}. In Section 4.2.2, we give a uniform
upper bound of K(X) in order to control the above superlevel set.

4.2.1. LANDSCAPE OF OBJECTIVE FUNCTION f AND AUXILIARY FUNCTION K

Denote U, = [\/o1u; ... \/o,u,]. For a given X € R™*", suppose that X 'U, has SVD
X'U, =ADB', and let Rx y, = BA" € O(r) and U := U, Rx p,, where O(r) denotes
the set of  xr orthogonal matrices {R € R"™*" | RTR = RR" =I}. Then X 'U = ADA"
is a positive semidefinite matrix. Then also holds U, U,) = UU .

Denote A := X — U, and define the following auxiliary function introduced in Jin et al.
(2017) and Ge et al. (2017):

K(X) = vec(A)TV2f(X)vec(A) — 4(Vf(X),A).

The first and second order optimality conditions for any local minimum X imply that

o~

K(X) > 0. In other words, we have
{All local minima of f(X)} C {X e R™" | K(X) > 0}.

To study the properties of the local minima of f(X), we can consider the superlevel set of
K(X): {X e R™" | K(X) > 0} instead. In order to get a clear representation of K (X),
one can plug in the formulas of gradient and Hessian in Lemma 7. By repacking terms in
Ge et al. (2017, Lemma 7), and given (UAT, N) = 0, due to the definition of U and N,
K (X)) can be decomposed as follows:

Lemma 11 (Ge et al. 2017, Lemma 7) Uniformly for all X € R™", as well as corre-
sponding U and A defined above, we have

K(X)=p(laAT} -31XxX" -UU|})

Ki1(X)
+ Do (AAT,AAT) —3Dg (XX —~UUT, XX ~UU")
K2 (X) (14)
+ A (vec(A)TV2Ga(X) vec(A) — 4{VGa(X), A>)
K3(X)
+6Dg,(AAT N) +8Dq,(UAT,N) +6p(AAT, N),
Ka(X)

where Dq p(-,-) is defined in (10).
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Notice that in Theorem 2, we are only concerned about the difference between X X T and
M, (or M), which remains the same by replacing X with X = X R, for any R € O(r). On
the other hand, by the definition of Rx y,, we have Rxryu, = Rx,u, R for any R € O(r),
which implies U =UR and A = AR. Now we have

XX'=XX",UU" =UUT,AAT = AAT, UAT =UA",

which means KZ(Y) = K;(X) for i = 1,2,4. As for K3, by Ge et al. (2017, Lemma 18), we
have

vec(A)T V2G40 (X) vec(A) — 4(VGo(X), A)

= X, 311 A I3 = (X A (X, AG,)?
=4 Z[(HX’L’ |2 — ()é)+]3 2 ||)(2 ||2 + 122 HX HZ )+]2 ||X ||%
i—1 b h
n (X, A
=16 ) _[(I1Xi, [l2 — @) 4P
Z X, [l2

Since R € O(r), we have ||)A(/ZH2 =1 X5, ll2, [|Ai.]l2 = [|A.]]2 and (X, Xi, Ag) = (Xis A ),
so we have K3(X) = K3(X). Putting things together, we have K (X ) K(X).

Therefore, if we want to show that any X with K(X) > 0 satisfies (4) and (5) with high
probability, without loss of generality, we can assume that X satisfies the property that
X TU, is a positive semidefinite matrix, i.e., U = U,.

4.2.2. PROOF OF THEOREM 2.

In order to prove our main result, we first give a uniform upper bound of K(X). Then for
any local minimum X, K(X) > 0, the property enables us to solve for the range of possible
X. For simplicity of notations, denote v, = || M|, .

Lemma 12 Assume that tuning parameters a, A satisfy 100,/v, < a < 200,/v, 100||Q2 —
pJ|| < A <200/ —pJ||, and p > CSIOTgL” with some absolute constant Cs. Then, in an

event E with probability P[E] > 1 — 2n=23, uniformly for all X € R™ " and corresponding
A defined as before, we have

4
S Ki(X) <107 [|AT AR+ [UAT|3]

r 2
1
+ 0310 E { |:C4 (\/ﬁ + Ogn) Uy + 040'2r+1fi — 0'2':| } (15)
= p P N

[p(1 = p)n +logn]r||N|Z
P

+Cs

Note in our proof of Theorem 2, we only use probabilistic tools in the above lemma to
control perturbation terms, i.e., Ka(X), K3(X), K4(X). The rest part of the proof is
purely deterministic.
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Recall by the way we define A,
IXXT-UU" |} =|UAT + AU + AAT|%

=|AAT|Z +2AU |2 +2(AU ", UAT) +4(AAT, UAT). (16)
By the definition of matrix inner product, we have
IUAT||Z2 =(UAT,UAT) = trace(AU "UA") = trace(U ' UATA)
=({U'U,ATA), an
and
(AAT UAT) = trace( AATUAT) = trace(ATAATU) = (ATA, ATU). (18)

Here we use the fact that trace(AB) = trace(BA) for any matrix A and B with suitable
size. Moreover, since we choose U such that U " X is positive semidefinite, UT A = ATU
and UT(A + U) = 0. Therefore, we also have
(AUT UAT) =trace(UATUAT) = trace(AU " AU ") = trace(UT AU " A) 19)
=(A'U,UTA)=(ATU,ATU) = |ATU|}
and
(ATAUTU+ATU)=(ATA,(U+A)TU) >0. (20)

Here (20) also uses the fact that inner product of two positive semidefinite matrices is
non-negative.

Now denote a = |ATA||r = |AAT||F,b:= ||ATU||r and

2
- 1 1 —p)n + logn)r||IN||?
Y :=Cs E Cy L + g T Vp + Cyoor 41— — 0; + n( p) gnlr HZOO
p P N p?

i=1

Putting Lemma 11 and Lemma 12 together, and using (16), we have

K(X)

<LOOL|AAT|2 =3I XX T —UU |2 + 1073 UAT||Z + ¢

—1.001® - 3 [|AAT |} + 2 AUT|} + AAUT, UAT) + 4(AAT,UAT)] (21)
+107°|UATE + v,
By putting (17), (18), (19), (21) together,
K(pX) <1.001a®> - 3|AAT|Z - 6|AU |2 - 6(AU T, UAT) —12(AAT,UAT)
+ 103 UAT |3 + 4
(22)

=—1.999% - 6(U U, ATA) - 6|ATU|%Z - 12(ATA, ATU)
+10°3UTU, ATA) + 4
= —1.999a% - (ATA,5.999U U + 12A"TU) — 6b* + .
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Therefore, combining with (20),

K(X
KX) < —1.999a2 — 6.001{ATA, ATU) — 66> + ¢ (23)
p

< —1.999a” + 6.001ab — 6b> + 1)

holds for all X € R™*". For the last line, we apply Cauchy-Schwarz inequality for matrices,
ie.,

(ATA,ATU) < [ATA|F|ATU|r.

Note that for any local minimum 5(\, we have K(X\) > 0. Replacing X with X in (23),
there holds
—1.999a2 + 6.001ab — 6b> + ¢ > 0

which further implies
0<a<Cs\/th, 0<b<Cs\/1h. (24)
From (22), we have

K(X)
p

< —1.999a¢> — (ATA,5.999U "U + 12ATU) — 6b> + 4.

Recall from (17), [UAT||%2 = (UTU,ATA), and K(X) > 0. Therefore, combining with
(24),

5.999|UAT|% < —1.999¢% — (ATA 12ATU) — 66 + o
< —1.9990° + 12|ATA|p|ATU||p — 6% + 4 (25)
< —1.999a% + 12ab — 6b* + 1
<Cg.
From (21),
K(X _
(X) <1.001|AAT |2 = 3| XX —UUT |2+ 10 3| UAT |% + 4.
Using the fact that K (5(\ ) > 0 again, we have
XX —UU"|% <1.001|AAT |2 + 103 UAT|% + o
Combining with (24), (25), we futher have
3IXX T —UUT|% <1.001a2 + Crtp + ¢ < Cyib. (26)

Therefore, (4) is directly implied by (26). Notice that
XXM} = | XX -UU" |3 -2XX ", N)+|IN|; < | XX —UU" |3+ | N7

where the inequality holds since XX | = 0 and N = 0. Therefore, (5) is implied by (4).
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4.3. Proofs of supporting lemmas

We present in this section the proofs of lemmas stated in previous sections.

4.3.1. A PROOF OF LEMMA 8

Proof First of all, by using the definition of matrix inner product and Hadamard product,
we have

|<PQO (ACT)a PQO (BDT)> - t<ACT7 BDTH :|<QO - tJ, (ACT o BDT)>|

27
<[ — tJ|[|[(AC" o BD )]s, 0

The inequality holds by matrix Holder’s inequality. So the only thing left over is to give a
bound of |[(ACT o BDT)||.. Notice one can decompose the matrix into sum of rank one
matrices as following

71 72 L T2
ACT oBD' = (Z A.,kcjk> o (Z B_,kD,Tk> => > (A 0B ,)(C oD ).
k=1 k=1 =1 m=1

Recall M. j = (M j, Msj,..., M, ;)" denotes the j-th column of any matrix M € R™*™,

Y

Therefore, one can upper bound the nuclear norm via

1 2

I(ACT o BDT)|l. <Y > (A0 Bow)(Coyo Do) |l

=1 m=1
T1 T2

=3 A 0B nll2llCio Dl

=1 m=1

T1 T2 ni n2
_ 2 2 2 12
=22 AL B | 2 CRiDR
1=1 m=1 \ k=1 k=1
where the first line is by the triangle inequality and we can replace nuclear norm by vector

f5 norms in second line since the summands are all rank one matrices. By applying the
Cauchy-Schwarz inequality for twice, we can obtain

r1 rog N1 T1 r2 N2
T T
[(ACT o BD )| <, | D3N 42,82, 1> > > ¢z 0z,
=1 m=1k=1 =1 m=1k=1

(28)

2
5-

ni n2
= 2 14w, BB 13| D ICk (13| D,
k=1 k=1

Combining (27) and (28) together, we have
|(Pay(AC"), Poy(BD')) —t(AC",BD")]

ni

n2
<0 =t | D I1Ak-131Bx, 13, D ICk..
k=1 k=1

2| Dx,.|13-
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4.3.2. A PROOF OF LEMMA 12

Proof The proof of Lemma 12 can be divided into the controls of Ka(X), K3(X) and
K4(X) separately.

For K3(X), we have

Lemma 13 In an event E, with probability P[E,] = 1 — n=3, uniformly for all X € R™*"
and corresponding A defined as before, we have

T

n
19) A5 + 18 [|AlE + 91 > o
=1 1=s+1

Ky(X) < || = pJ|| +3x107%|UAT |3,

where s is defined by

(29)

with Cp, an absolute constant. Set s =0 if o1 < prlpﬂ.

For K3(X), we use a modified version of Ge et al. (2017, Lemma 11):
Lemma 14 (Ge et al. 2017, Lemma 11) If o > 100/v,, then uniformly for all X €
R™ " and corresponding A defined as before, we have
n
K3(X) < 199.54X0?(|A[[3 — 0.3X ) [|A; [[5.
i=1

The main modification we have made is that we keep the extra negative term. We will give
a proof in the appendix for completeness.

For K4(X), we have

Lemma 15 Uniformly for all X € R™" and corresponding A defined as before, we have

Pa(N) — pN||?
Ki(X) <5 % 107 AATE +2 x 10~ |UAT |3 + Gy 1720 ; PN|

+ 6p(AAT, N).

We can apply Lemma 4 together with Lemma 9 to bound ||Po(IN) — pN|| and || — pJ||
(similar result can also be found in Keshavan et al. (2010b)): As long as p > Cgs lofl % with
some absolute constant Cg, there is an absolute constant Cy, such that

IPa(IN) = pN| < (Cov/np(1 = p) + Cov/logn) [Nl (30)
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and
| —pJ| < Coy/np (31)

hold in an event Ej, with probability P[Ey] > 1 —n~3.

By putting Lemma 13, Lemma 14 and Lemma 15 together, we have

r

ZK ) <[ - pJ|| 192\\& I3+ 180, | A% + 90 D 0| +3 x 107plUAT |3
=1 1=s+1

n
+199.5400% | A% — 033 A [|5+5 x 10 *p|AAT|
=1
r|Pa(N) — pN||?
p

+2x 1074p|[UAT||% + Cho + 6p(AAT N).

Replacing «, A by the assumption 100,/7, < o < 200,/7,, 100(|Q —pJ|| < A < 200||Q2—pJ ||,

we futher have
,

ZK ) <||Q2 — pJ| 1QZHA > oi| +3x 107 p|UAT|E
=1 i=s+1

n
+7.9816 x 10°0, (| — pJ ||| A% — 30[12 — pJ[| > [|A; [I3+5 x 10~ *p| AAT %
=1

+2x1074|UAT|Z + Cyo

N) - pN|J?

Combining with (30) and (31), and applying union bound,

4 n
D KA(X) <(19-30)[2 = pJ|| D 1A I3+ (18 + 7.9816 x 10%),[|2 — pJ ||| A[3
=2 =1

+ 90| = pJ|| Z oi+ (342) x 107 4p|UAT|%

i=s+1
N) —pN|)?
+5x 10*4p||AATH%+CmT”PQ( )~ pN] +6p(AAT, N) (32)
1— 1
<5107t [|AT AL + [UATIE] + 2P B e

T
+ an/npy,.HAH% + Cior/nipyy Z oi + 6p<AAT, N),
1=s+1

holds in an event E with probability P[E] > 1 — 2n 3.

For ||ATA|%, we have

IATAlE = (ATA,ATA) = fo‘-‘(A), (33)
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where 0;(A) denotes i-th largest singular value of A.

In order to proceed, we need the following von Neumann’s trace inequality:
Lemma 16 (Bhatia 2013, Problem II1.6.14) Let A, B € R"*" be two symmetric ma-

trices, A\1(A) = A2(A) = -+ = A\ (A) and \(B) = A2(B) = -+ > A\ (B) are eigenvalues
of A and B. Then the following holds:

Z)\ Ant1-i( <A7B><Zn:)\i(A>\ B
=1

This result can also be derived from Schur-Horn theorem (see, e.g., Marshall et al. (2011,
Theorem 9.B.1, Theorem 9.B.2)) together with Abel’s summation formula.

From Lemma 16, we have

UA'T|%2 =trace AU UAT) = (U'U,ATA
F

> Z M1 (UTUN(ATA) = Z o?(A)o?,_,(U), (34)
i=1
and
(AAT,N) < zn:)\i(AAT))\i(N) = ia?(A)ai(N). (35)

i=1 i=1

Here we use the fact that \;(UTU) = 02(U), \i(ATA) = 62(A), \i(N) = 0;(N) and
2
N(AAT) = { i

Putting (33), (34) and (35) together we have

~5x 107 [|ATAl + HUATH%} + Cuyipr | A% + 6p(AAT, N)

<_5X104p[2‘7?( +ZU r+1 z )
=1
+6p) 0l (A)oi(N)
=1
<5107y {-ol(a)+ [clg\/gur — 02 U) + Cuaen(N)| ()}
=1

+ Cr1y/npvyr Z o7 (A
=1

For the last line, the summands are a series of quadratic functions of o(A). Noticing the
fact that for a quadratic function q(x) = —x?+bx, given the constraint 2 > 0, the maximum
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is taken over & = 3[b]4, and the maximum value is +{[b]}?. Therefore, we have

=5 107 [|ATA[} + [UATIE] + Criy/mpn | A} + 6p(AAT, N)

. 2
<C'14PZ { 013\/;7/7" - Ur+1 J(U) + Cl30i(N)] }
i=1 Lt +
(- 2 (36)
:014]92 013\/;Vr —o;(U) + 013Ur+1—j(N>}
j=1 (h +

2

,

=C'14PZ{ 013\/;VT+C13027~+1—J _Ug:| } :
Jj=1 L= +

In the second last line, we let j = r 4+ 1 —¢. In the last line, we use the fact that

UH—l—j(N) = UH—T—H—J’(M) = 02r41—j

and
oA(U) = o;(UUT) = 0,(M,) = 0;(M) = ;.

Finally putting (32) and (36) together we have

4

3 K(X) <10 x 107 [ AT A + UAT[F] + ¢, p); O8N 2,
=2
—5x 1074 [HATAH% + ||UATH%} + Ci1y/npr || A
+ Ciay/npuyr Z oi+6p(AAT,N) (37)
i=s+1
<10 [|AT A + [UATR] + PP EEL

2 T
+ 014172 { [013\/>Vr + C1302r41—i — Ui:| } + Ci2/npvy Z 0;.
+

i=s+1

C Vp logn

Recall by the definition of s in (29), for any i > s, we have o; < By choosing C13

sufficient large, i.e., C13 = 2C),, we have

n logn n logn
Cis <\/7+ 8 > vr + Ci302r41-i — 0 2C13 <\/7+ 8 ) vr —20; +0;
p p p p
1 1
>C13 <\/ﬁ+ ogn> Vp — QCPVT LU
p p p

v, logn
—013 \/;Vr +o; + (013 - QCP) z pg

n
2013\/>Vr +o; = 0.
p
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Therefore, for all i > s,

2 2
n logn n n
[013 <\/>+ & > Vr + C1302741—i — Ui] > |:Cl3\/>7/r + Ui] Z \/>Vr0'i-
p p + p p

Combining with (37), we have

4
S K(X) <107 [|AT AR+ [UAT|3]

i=2
2
. n  logn
+ C14PZ [013 <\/> -+ & ) vy + 013U2r+1—i — O’i]
i=1 pp +
r 1 2
n  logn
+Chap Y { [013 <\/7+ & > vp + C1302r41-i — Uz] }
p P N

i=s+1
(1 —p)n+logn

p
+Cs rINIZ,

<10 [|AT A} + [UAT|Z]

2
d 1
+ C3PZ { [04 <\/ﬁ+ ogn> Vp 4+ Cy09r41—i — Uz‘] }
i=1 p P +

(1 —p)n+logn
r
p

p
+Cs INIZ,

which finishes the proof.

4.3.3. A PROOF OF LEMMA 13
Proof Recall that we define A as A =X —U, Dg,(XX' -UU",XX" —~UU") can
be decomposed as following
Do, XX"T -UU", XX" -UU")
=Do (UAT + AU + AAT, UAT + AU + AAT)
=Do,(UAT + AU, UAT + AU ")+ Dq,(AAT,AAT) +4Dq ,(UAT,AAT).

@ ©) ®

Here we use the fact that € is symmetric. Our strategy here is using Lemma 6 to give a
tight bound to as many as possible terms, for those terms that Lemma 6 cannot handle,
we use Lemma 8 to give a bound. To be more precise, for @ and @, as Lemma 6 cannot

(38)

apply here, we use Lemma 8 to give a bound. For @, we need to split it into two parts,
the good part we can use Lemma 6 to control, and the rest part we use Lemma 8 to give a
bound.
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First for @ and @, by applying Lemma 8,

(2) = [Day(AAT, AAT) < ([ —pJ | DA |3 (39)
=1

and

(3] = 4D, (UAT, AAT)| <4 —pJ ||, | ST 3] A,
=1

4
2

n
AP
i=1

<2 —pJ || A+ 2012 = pT || D A3,
i=1

(40)

where for the second inequality we use the fact that 2zy < 22 + y2.

Finally for @, if U is good enough such that the incoherence p(U) is well-bounded, then
we can apply Lemma 6 directly and get a tight bound. If u(U) is not good enough, we
want to split U into two parts and hope first few columns have good incoherence. To be
more precise, recall that we assume U = U, = [\/o1u; ... /o,u,], similar to (8), for the
incoherence of the first k£ columns, we have

p (colspan([y/orur ... Jorug))
k

k T
P Yoty < Y ol < Y iy < e Y
=-—1max U; 5 — Imax o;U; 5 — Inax o;U; ;
ki 4 - WS ko i 4 - R A A
J= J=

where pu(-) is defined in (9).

For fixed s defined as in (29), denote first s columns of U as U', and remaining part as
U?2. Decompose U as U = [U! U?], and A can also be decomposed as A = [Al A?]
correspondingly. Note by our assumption that U = U,., we have (U")TU? = 0. So we can
further decompose the first term of (38) as

(1) =Do,(UAT + AUT,UAT + AU")
=Dq ([Ul U2HA1 AQ]T + [Al A2][U1 UQ]T’ [Ul UQ][Al A2]T
1Al AU UQ]T)

:DQ,p (UI(AI)T +A1(U1)T,U1(A1)T +A1(U1)T)

A
+4Dq,, (U'(ANT,UX(AY)T) +2Dq, (UX(A%)T,U%(AY))

A A
+2Dq,, (UX(AY)T, AXU2)T) +4Dq, (U'(A)T, A2UY)T).

A4 A5
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Now we can apply tight approximation Lemma 6 to the first term of (42). By the way we
choose s, combining with (41),

1 -1 1 U! s colspan(U*)) slogn
p}CpVT ogn>cp1/ ogn',u(cospan( ) so :Cpu( pan(U")) slog '

O Os ny n
By choosing C), sufficient large, Lemma 6 ensures that
1] = | Do, (UNANT + Al @Y U AT + A UYT))|
<25 x 107U (AT + AN U T
<5 x 107%p(JUH A TF + AN U TR
<10 plUATE

hold in an event E, with probability P[E,] > 1 —n~3, where the second inequality uses the
fact that (x + y)? < 222 + 2y2, and last inequality uses the fact that (U)TU? = 0.

For the rest terms in (42), by applying Lemma 8 we have

[Aa| =4|Da, (U (AN T, U*(A)T))]
n n
<A@ —pJdl, | > IULIBIUZIE, | > IALIBIAZS
3 2 (a4)
1= 1=
n
<2/ —pJ| (v U25+ D 1Al
i=1
for the second term in (42), where the second inequality use the fact that ||U217 13 < ||U;|I13 <

Up, HAZ{H% < A3, HA%H% < ||A;. |3 and 22y < 2% + y?. For the third term, applying
Lemma 8 again we have

| 43| =2| Do, (U2(AH)T,U(A%T)]

n

<2 —pdl, | YIRS, | D 1AL A
i=1 i=1 (45)

n
<IQ = pd | v U7+ D 1Al
i=1

where for the second inequality we also use the properties used in bounding second term.
For the fourth and last term in (42), applying Lemma 8 and properties listed above, we
have

44| =2|Do, (U*(A?)T, A(U?)T))|
(46)

n
<2 —pJ || Y IUEIBIAT I < 2192 — pJ || A%

i=1
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and

45| =4I Do, (UH(AY T, A%(U*) )]

n n
<A —pd || D IULIBIAZIE, [ D IUZISIALIS
=1 =1

<2|Q2 — pI v, A3 + 212 — pJ |, ]| A3
—292 — pJ v | A

(47)

Now putting estimations of terms in (42) listed above together, i.e., (43), (44), (45), (46)
and (47), we have

(D) =|Dap(UAT + AUT,UAT + AU )|
<|Aq] + |Ag| + |As| + |Ag| + |As5]

<107'p|UAT|F + 212 - pJ ||

n

4

vl lU215 + ) IIAi,~II2]
i=1

(48)

vellU2E + ) 1A Iz | + 2192 — pd vl Al

=1

+ (12 = pJ|

+2Q - pJ|v.llA]F

<[ —pJ| [3nl|U?F + 3D 1Aill5 + 4 l|Al[5 | + 107 p|UAT|F.

=1

Plugging estimations (39), (40) and (48) back to (38), we have

Do,(XX' -UU", XX"T —UU")|
NORORE©)

3 |UZIE +3 ) Ay + dv |l AlE
1=1

Q2 = pI[ Y AL+ 212 — pT v | AF + 292 = pT [ Y (1A, ]
i=1 =1

<[|2 = pJ| +107plUAT|E

4
2

n
Bur|UPIIE+6) | Allz + 6v | AllE| + 107 *p|UAT|[Z.

i=1

=[12 = pJ]|
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Therefore, combining with (39), we have
Ko(X) <|Dap(AAT AAT)| +3|Dg,( XX —~UU", XX"T —UU")|

5+ 3192 — pJ||

n
Bu U215 + 6 ) Al + 6| Al
=1

<l —pJ| Y ll1A.

=1
+3x 10| UAT|%

n T
<@ = pJ| |19 A5+ 180 | A7 + v > o
=1 1=s+1

+3x 107 p|UAT||%.

The last line uses the fact that ||U?||% = >7__ .| o3.

4.3.4. A PROOF OF LEMMA 15

Proof First, by matrix Holder’s inequality,

VAIAAT [ Vr[Pa(N) - pN|
v o

Since AAT is at most rank-r, |AAT|, < /7[|AAT| . Therefore,

6/(AAT, Po(N) — pN)| <6

N) —pN]|
VP
<5 x 107'p||AAT|E 4+ Cis

P,
6l(AAT, Po(N) — pNY| <65l AAT Y 170

r|Pa(N) — pN|J?
p

For the last inequality, we also use the fact that 2zy < wa? + %2 for all w > 0. Use the
same argument we also have

Po(N) — pN|2
SUUAT, Po(N) — pN)| <2 x 10-p[UAT |2 + Cys 1P ; pN|*

Therefore, by the way we define K4(X) in (14), we have

K4(X) <[6(AAT, Po(N)) — 6p(AAT, N)| + [BUAT, Po(N)) — 8p(UA", N)|
+6p(AAT, N)

Po(N) — pN||2
<5><10’4p\|AATH%+2><10’4pHUATH2F+CmTH o ])3 PN||

+ 6p(AAT N).
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5. Discussions

This paper studies low-rank approximation of a positive semidefinite matrix from partial
entries via nonconvex optimization. We established a model-free theory for local-minimum
based low-rank approximation without any assumptions on its rank, condition number or
eigenspace incoherence parameter. We have also improved the state-of-the-art sampling rate
results for nonconvex matrix completion with no spurious local minima in Ge et al. (2016,
2017), and have investigated the performance of the proposed nonconvex optimization in
presence of large condition numbers, large incoherence parameters, or rank mismatching.
The nonconvex optimization is further applied to the problem of memory-efficient kernel
PCA. Compared to the well-known Nystrom methods, numerical experiments illustrate that
the proposed nonconvex optimization approach yields more stable results in both low-rank
approximation and clustering.

For future research, we are interested in understanding whether and how fast first-order
methods converge to a neighborhood of the set of local minima with theoretical guarantees.
In fact, a series of recent works in nonconvex optimization have discussed why and when
first-order iterative algorithms can avoid strict saddle points almost surely. For example,
in a very recent work by Lee et al. (2017), the authors show that under mild conditions of
the nonconvex objective function, a variety of first order algorithms can avoid strict saddle
points with almost all initialization, which extends the previous results in Lee et al. (2016)
and Panageas and Piliouras (2017). We are particularly interested in the robust version
of the strict saddle points condition discussed in Ge et al. (2015) and Jin et al. (2017),
referred to as (6,7, ()-strict saddle, under which noisy stochastic/deterministic gradient
descent methods are proven to converge to a neighborhood of the local minima. In fact,
Ge et al. (2017, Theorem 12) shows that the nonconvex optimization (1) satisfies certain
(0,7, ¢)-strict saddle conditions as long as M is exactly of rank r, its condition number and
eigenspace incoherence parameter are well-bounded, and the sampling rate is sufficiently
large, but their argument cannot be straightforwardly extended to the model-free settings.
We plan to explore the (0,7, ¢)-strict saddle conditions for (1) under a model-free framework
in future.
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Appendix A. Proof of Corollary 3

Proof The inequality (8) gives | M|, < #2-%t. Therefore, in the case rank(M) = r, the
approximation error bound (5) becomes

2
— 2 T 1 ,
HXXT—MH <C1Z [CQ <\/ﬁ—|— ogn>u7’al_m] )
E i=1 p p n +

Therefore, if

1 2,.2,.2
p> CmaX{MrTHTn ogn,w;zm}

with absolute constant C' sufficient large, we have

1
Cs <\/ﬁ+ ogn> MTT(H <oi, =11
p b n
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In other words, XX =M.

Similarly, by definition (7), in the case rank(M) = r, we have

M|, = 2 trace( M) < ﬁ%rall
< n n

Therefore, the approximation error bound (5) becomes

ez <o {fea (5 2) B o] )

Therefore, if
2

~2 1 ~4,.2
P > CmaX{MTTH;L Og’)’L7 Mr;’%r}

with absolute constant C' sufficient large, we have XX =M. |

Appendix B. Proof of Lemma 14

Here we present a proof of Lemma 14. This proof is exactly the proof in Ge et al. (2017)
except keeping the extra negative term. We include the proof in Ge et al. (2017) here for
completeness.

Proof By Ge et al. (2017, Lemma 18), we have

vec(A)T V2G4 (X) vec(A) — 4(VGo(X), A)

S (1 — a1 e AL I~ (X A )
| X .||§ (49)

. 2 (Xi, AL ,A (X, A

First of all, since we choose o > 100,/7, = 100||U |25, then for all X; . satisfying || X;.||2 >

a, we have

(X D) = (X, X, = Ui ) 2 (|1 X, 3= 1 X, 121105 |2 > (1-0.01)1 X513 > 0.99] X3,
(50)

which gives an lower bound of the inner product between X;. and A;.. At the same time,

we can also upper bound [|A;_|l2 by || X..||2:

1A fl2 < [1X5 2 + U, [l2 < 1.01] X, [|a- (51)

Plugging the above two estimations (50), (51) together with the fact that [(X;., A;.)|?
1 X113 A;..||3 into (49), we have

vec(A)TV2G (X)) vec(A) — 4(VG4(X), A)

<1568 [(1Xi.ll2 = @)+ PI X 2 + 12 3 [(1Xi |2 — @)+ 2 A3

=1 i=1
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|2:
1A [l < 1Xi, [l + Ui, |2 < 1.002[| X5, [|2, (53)

Moreover, for all X; . satisfies || X .||2 > ba, we can also upper bound ||A;.||2 by || X,

and also lower bound || X .|l2 — a by ||A;.[|2:

400
IXida = a> (1= 3) 1%, 0k > g1a la (54)

Plugging (53) and (54) back to (52), we have
vec(A)T V2G4 (X) vec(A) — 4(VGo(X), A)
<12 ) [(UXidll = a)4PllA 3
1,|| X5, ||2<Ba
400 1
* [12_ 1568 201 1.002] ‘ 2. L
Z,HXi,-H2>5a

<1920°|AIF-03 Y A
i,|| X, [[2 =5

)+ 2llA 3

<199.540%(|A[IF - 0.3 [|A; I3
i=1

where the last inequality uses the fact that ||A; |2 < || X,.||2 + ||Ui,.||2 and a > 100,/v,. B
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