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Abstract

Riemannian optimization has drawn a lot of attention due to its wide applications in practice.
Riemannian stochastic first-order algorithms have been studied in the literature to solve large-
scale machine learning problems over Riemannian manifolds. However, most of the existing
Riemannian stochastic algorithms require the objective function to be differentiable, and they
do not apply to the case where the objective function is nonsmooth. In this paper, we present two
Riemannian stochastic proximal gradient methods for minimizing nonsmooth function over the
Stiefel manifold. The two methods, named R-ProxSGD and R-ProxSPB, are generalizations
of proximal SGD and proximal SpiderBoost in Euclidean setting to the Riemannian setting.
Analysis on the incremental first-order oracle (IFO) complexity of the proposed algorithms is
provided. Specifically, the R-ProxSPB algorithm finds an e-stationary point with O(¢~3) IFOs
in the online case, and O(n + /ne~3) IFOs in the finite-sum case with n being the number
of summands in the objective. Experimental results on online sparse PCA and robust low-
rank matrix completion show that our proposed methods significantly outperform the existing
methods that uses Riemannian subgradient information.

1 Introduction

We consider the following composite optimization problem over the Stiefel manifold M := St(d,r) =

(X eR™ | XTX = L):
in F(X):=f(X)4+ h(X
min F(X) == f(X) +h(X),
where f(X) takes one of the following two forms:

e Online case:
f(X) = Eq[f(X;m)],

where E is the expectation with respect to the random variable .

e Finite-sum case:

FO) = 23R,
=1

where n denotes the number of data and is assumed to be extremely large.
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Throughout this paper, we assume that f(-;7), fi(-) and thus f(-) are all smooth, h is convex
and possibly nonsmooth. Here the smoothness and convexity are interpreted when the function in
question is considered as a function in the ambient Euclidean space. Note that since involves
an expectation, and involves extremely large n, we assume that the full gradient information of
f is not available and only stochastic estimators to the gradient of f can be obtained.

Problem with f being and appear frequently in machine learning applications. In
the online case , f(X,7) denotes the loss function corresponding to data 7; and in the finite-
sum case , fi(X) denotes the loss function corresponding to the i-th sample data. Function h
is usually a regularizer that can promote certain desired structure of the solution. For example,
letting h(X) = || X[} := >_;; [Xij| serves the purpose of promoting the sparsity of solution X.

One important application of in the online case is the online sparse PCA, which can be cast
as

min  Ezep(|Z ~ XX ZI8) + ul X[, st., X € M, (4)

where p > 0 is a weighting parameter, D denotes the distribution of the random online data Z,
and the ¢; norm is used to promote the sparsity of the eigenvectors. In this case, r is the desired
number of principal components. Although PCA and sparse PCA have been studied extensively in
the literature, studies for online sparse PCA, i.e., sparse PCA with streaming data, seem to be very
limited [31), 26]. In this paper, we propose efficient stochastic Riemannian algorithms for solving
this important application.

1.1 Related Works

Riemannian optimization has been a very active research area in the last decade, due to its wide
applications in machine learning, signal processing, statistics and so on. The monograph by Absil
et.al. [1] studied this topic in depth. However, most existing methods for Riemannian optimization,
including the ones presented in [I], require that the objective function to be smooth in order
to compute Riemannian gradient information. Algorithms for solving Riemannian optimization
with nonsmooth objective functions are very limited in the literature. Moreover, when the loss
function f takes the expectation or finite-sum form as in and , stochastic algorithms are
usually in demand because we have only access to noisy stochastic gradients of f instead of the
full gradient. When the nonsmooth regularizer h vanishes, that is, when reduces to a smooth
problem with f given by or , there exist stochastic algorithms for solving it. In particular,
existing Riemannian algorithms such as R-SGD [2], R-SVRG [33], R-SRG [17] and R-SPIDER
[35, 34] are amenable to solving these two smooth problems. Among these algorithms, R-SVRG, R-
SRG and R-SPIDER all utilize the variance reduction techniques [16, 9] to improve the convergence
rate of R-SGD. On the other hand, when the nonsmooth regularizer h presents but the manifold
constraint vanishes in , i.e., when M is the Euclidean space, there exist stochastic proximal
gradient algorithms for solving these unconstrained problems in Euclidean space. Popular methods
include ProxSGD [25], ProxSVRG [29], ProxSARAH [24] and ProxSpiderBoost [27]. However, to
the best of our knowledge, when both nonsmooth regularizer h and manifold constraint X € M
present as in , there is no stochastic algorithm that can solve them. In this paper, we close this
gap by proposing two stochastic algorithms, namely R-ProxSGD and R-ProxSPB, for solving
with f being or , i.e., Riemannian optimization with nonsmooth objectives. Our algorithms
are inspired by the ManPG algorithm that is recently proposed by Chen et.al. [§] for solving the
nonsmooth Riemannian optimization problem . ManPG assumes that the full gradient of f can
be obtained, and thus it is a deterministic algorithm, while our R-ProxSGD and R-ProxSPB are the
first stochastic algorithms for solving without using subgradient information. Recently, Li et.al.



[19] showed that when the objective function is weakly convex, Riemannian stochastic subgradient
Method (R-Subgrad) has O(e~*) iteration complexity for obtaining an e-stationary point.

Objective Euclidean Riemannian
SGD [21] R-SGD [2]
SVRG [16] R-SVRG [33]
Smooth SARAH [23] R-SRG [17]
SPIDER [12] R-SPIDER |[35, 34]
SpiderBoost [27] R-SpiderBoost (ours)
ProxSGD [25] R-ProxSGD (ours)
Non- ProxSVRG [29] N/A
smooth ~ ProxSARAH [24] N/A

ProxSpiderBoost [27] R-ProxSPB (ours)

Table 1: Summary of existing methods and our methods in Euclidean and Riemannian settings.

Algorithms  Step size Finite-sum  Online
ManPG [§]  constant O(ne2) N/A
R-ProxSGD diminishing N/A O(e%)

R-ProxSPB  constant O(n + v/ne %) O(e73)

Table 2: Comparison of IFO complexity for nonsmooth Riemannian optimization methods over the
Stiefel manifold.

1.2 Owur Contributions

The contributions of this paper lie in several folds.

(i) First, we propose two stochastic algorithms for solving . These two algorithms, named
R-ProxSGD and R-ProxSPB, are Riemannian generalizations of their counterparts in the
Eucldiean setting: ManPG [§] and ProxSpiderBoost [27]. On the other hand, they can also
be viewed as generalizations of their smooth counterparts, R-SGD and R-SpiderBoost, to the
nonsmooth case. However, we emphasize here that none of these generalizations are straig-
htforward. In Table [I| we give a summary of existing methods and our proposed methods in
different cases: the objective is smooth or nonsmooth and the constraint is Riemannian mani-
fold or FEuclidean space. Note that when the nonsmooth function h vanishes, our R-ProxSPB
reduces to a Riemannian SpiderBoost algorithm (R-SpiderBoost) that solves Riemannian op-
timization with smooth objective. It seems that R-SpiderBoost is also new in the literature.

(ii) Second, we prove the convergence of the proposed two algorithms and analyze their incremen-
tal first-order oracle (IFO) complexity results. Specifically, we analyze the IFO complexity
of R-ProxSGD for the online setting problem, i.e., with f being (2); and R-ProxSPB for
both the online setting problem and the finite-sum setting problem, i.e., with f being
. In Table |2| we summarize the IFO complexity results of our proposed algorithms and the
existing ManPG algorithm, as they are the only algorithms that can solve the nonsmooth
Riemannian optimization problem with known IFO complexity results.



(iii) Third, we conduct extensive numerical experiments for solving online sparse PCA and
robust low-rank matrix completion problems to demonstrate the advantages of the proposed
methods.

Organization. The rest of the paper is organized as follows. Section [2]introduces the necessary
notation and assumptions. Our new algorithms and their convergence and complexity results are
presented in Section [3] The experimental results are reported in Section 4. Finally, we make some
concluding remarks in Section [p] The detailed proofs of the theorems and lemmas are provided in
the appendix.

2 Preliminaries

In this work, we consider the Riemannian submanifold (M, g) where M is the Stiefel manifold
and g is the Riemannian metric on M that is induced from the Euclidean inner product. For
smooth function f, we use gradf(X) to denote the full Riemannian gradient of f at X, and V f(X)
represents the full Euclidean gradient of f at X. With an abuse of notation, when there is no
ambiguity, we use f; to denote the component function in the online case , ie., fi(X) = f(X,m),
though it is still used as a component function in the finite-sum case (3]). For a mini-batch set S,
Vis(X):= ﬁ Y ics V[i(X) denotes the stochastic Euclidean gradient estimated on S. We use F;
to denote all randomness occurred up to (include) the ¢-th iteration of any algorithm. When there
is no ambiguity, we use ||al| to denote the Frobenius norm when a is a matrix and the Euclidean
norm when a is a vector.

A classical geometric concept in the study of manifolds is that of an exponential mapping, which
defines a geodesic curve on the manifold. However, the exponential mapping is difficult to compute
in general. The concept of a retraction [I], which is a first-order approximation of the exponential
mapping and can be more amenable to computation, is given as follows.

Definition 1. [1, Definition 4.1.1] A retraction on a differentiable manifold M is a smooth mapping
Retr from the tangent bundle TM onto M satisfying the following two conditions (here Retrx
denotes the restriction of Retr onto TxM):

1. Retrx(0) = X,VX € M, where 0 denotes the zero element of Tx M.

2. For any X € M, it holds that

o [Retix(© = (X 4+

=0.
Tx M3£-0 €]

Remark 1. Here and thereafter, when we talk about the summation X + &, we always treat X
and £ as elements in the ambient Euclidean space so that their sum is well defined. The second
condition in Definition |1] ensures that Retrx(£) = X + & + O(||€]|?) and DRetrx (0) = Id, where
DRetrx is the differential of Retrx and Id denotes the identity mapping. For more details about
retraction, we refer the reader to [1l, [5] and the references therein.

The retraction onto the Euclidean space is simply the identity mapping; i.e., Retrx(§) = X +¢&.
For the Stiefel manifold St(n,r), common retractions include the exponential mapping [11]

Rer?ee) = (X Qle (1|7 ¢ 0 ]) 6]



where QR = —(I; — XX T)¢ is the unique QR factorization; the polar decomposition

Retr3'™ () = (X + &) (I, + £7¢) 7Y%

the QR decomposition
RetrP () = qf (X +¢),

where qf(A) is the @ factor of the QR factorization of A; the Cayley transformation [2§]

R = (1i— 2©) (1o 2@ X

2
where W (&) = (Ig — 3 XX )X T — XET (I, — $XXT).

In this paper, we adopt the assumption that the retraction that we use is invertible, the same
as what is assumed in existing works [I7, 35]. We use I'}; to denote the vector transport from X to
Y satisfying Retrx(€) =Y. Vector transport I' : TM @ TM — TM, (&,¢) — T%(¢) is associated
with the retraction Retr, where &, € Tx M.

The following assumptions regarding the retraction and vector transport are necessary to our
analysis.

Assumption 1. (i) (see [T7]). All of the iterates {X;}L ' are in a totally retractive neighbor-
hood U C M of an optimum X*: {Retrx, (&)} € U with X1 = Retry, (¢:), ¢ € Tx M.

(ii) (see [17]). Suppose that Expyx : Tx M — M denotes the exponential mapping and Exp)_(1 :
M — Tx M is its inverse mapping. There exist cg,cp > 0 such that |Expy’ (Y)—Retry! (V)| <
cr|Retr " (Y)|, VX, Y € U and |Retr (V)| < cgl€]| if Retrx (&) =Y.

(i1i) (see [3]). For all X € M and £ € Tx M, there exist constants My > 0 and Mz > 0 such that
the following two inequalities hold:

[Retrx (§) — XI| < Mill]l ()
[Retrx (§) — (X + &Il < Mai€]|*. (6)

Assumption 2. (see [17]). The vector transport is isometric on the manifold M, i.e., |[T%(¢)|| =
IC|| for X, Y e M, £, € TxM and Retrx(§) =Y.

Besides, we impose some assumptions on f(X) and its first-order oracle, which are also required
in previous work on smooth Riemannian optimization with retraction and vector transport [17, [35].

Assumption 3 (Upper-bounded Hessian of f). Every individual loss f;(X) is twice continuously
differentiable and the individual Hessian of every fi(X) is bounded as |V f;(X)|| < Ly. f(X) has
upper-bounded Hessian in U € M with respect to the retraction Retrx (-) if there exists Lr > 0 such
that TIRUXCD) < Tp for all X € U, & € TxM with ||€]] = 1 and all t such that Retrx (7€) € U
for all T € [0,¢].

Assumption 4 (Bounded variance). Stochastic gradient oracle of every individual loss f;(X) is
bounded ||V f;(X)|| < G and its variance is also bounded E;[|V f;(X) — V£(X)|]?] < o?.

Moreover, we make the following assumption on the regularization term h(X).

Assumption 5. The regularization function h is convex and Ly,-Lipschitz continuous, i.e., |h(X)—
h(Y)| < Lp|| X = Y|, VX,Y € M.



We now give the definition of the stationary point of problem , which is standard in the
literature, see [32], [§].

Definition 2 (Stationary point). X € M is a stationary point of if it satisfies:
0 € OF(X) := Vf(X) + Projp, p0h(X), (7)

where OF (X)) is the generalized Clarke subdifferential at X (see Definition |5 in Appendix).
The computational costs of the algorithms are evaluated in terms of IFO complexity.

Definition 3. An IFO takes an index i € {1,...,n} and returns (f;(X), Vfi(X)) for the finite-sum
case [3), or (f(X,m), Vxf(X,m;)) for the online case (2)).

3 Riemannian Stochastic Proximal Gradient Methods

In this section, we introduce our Riemannian stochastic proximal gradient algorithms and provide
their non-asymptotic convergence results. Proofs of the theorems are provided in the appendix.

3.1 The Main Framework

The main framework of our Riemnannian stochastic proximal gradient algorithms is inspired by the
ManPG algorithm [§]. The ManPG algorithm aims to solve the nonsmooth Riemannian optimiza-
tion problem by assuming that the full gradient of f can be accessed. Therefore, it is a determi-
nistic algorithm. ManPG is a generalization of the proximal gradient method from Euclidean setting
to the Riemannian setting. The proximal gradient method for solving miny F(X) := f(X) + h(X)
in the Euclidean setting generates the iterates as follows:

X 1= angminy £ (X0) + (VF(X0),Y = X0) + 5[V = X +h(Y), (®)

In other words, one minimizes the quadratic model Y — f(X;)+(Vf(Xy),Y — X¢) + & ||V — X¢| |2+
h(Y) of F at X; in the t-th iteration, where v > 0 is a parameter that can be regarded as the
stepsize. It is known that the quadratic model is an upper bound of F' when v < 1/L, where L
is the Lipschitz constant of Vf. The subproblem corresponds to the proximal mapping of h
and the efficiency of the proximal gradient method relies on the assumption that is easy to
solve. For (1)), in order to deal with the manifold constraint, one needs to ensure that the descent
direction lies in the tangent space. This motivates the following subproblem for finding the descent
direction &; in the ¢-th iteration:

1= argming = (VF(X0), ) + & ]2 + (X0 + )
S.t. fE TXtM, (9)

and then a retraction step is performed to keep the iterate feasible to the manifold constraint:
Xt+1 = RetrXt (ntgt)' (10)

It is shown that the ManPG algorithm (9)-(10) finds an e-stationary point of in O(e2) iterati-
ons. It was shown in [§] that ManPG performs better than some existing algorithms for solving the
sparse PCA problem. The ManPG algorithm was extended successfully later to solving problems
with two block variables [7] such as another sparse PCA formulation [36] and the sparse CCA
problem [13].



Motivated by the success of the ManPG algorithm, when we only have the access to stochastic
gradient of f, we design a stochastic version of ManPG to solve . In particular, each iteration of
our proposed algorithms consists of two steps: (i) finding the descent direction, and (ii) performing
retraction. The basic framework of our proposed algorithm is to simply replace the full gradient in
ManPG by a stochastic estimator to the gradient. This leads to the following updating scheme of
the proposed framework:

Gi=argmingd(Q)i=(Vi, ) + & IICI2 + A(X, +¢)
s.t. (e Tx,M, (11)

and
Xiy1 = Retrx, (n:Gt), (12)

where v > 0 and 7 > 0 are step sizes, and V; denotes a stochastic estimation of the FKuclidean
gradient V f(X;). Specific choices of V; will be discussed in Sections and Note that for
the Stiefel manifold M, the tangent space is given by Tx M = {¢ | ("X + X ¢ = 0}. Therefore,
the constraint in is a linear equality constraint. Since we assume that h is a convex function,
it follows that the subproblem is a convex problem. This convex problem can be efficiently
solved using the semi-smooth Newton method [30]. We refer the readers to [30] and [8] for more
details on how to solve efficiently.

To prepare for the analysis of IFO complexity, we need to define the e-stationary solution and
the e-stochastic stationary point.

Definition 4 (e-stationary point and e-stochastic stationary point). Define

G(X,Vf(X),7) = (X = Retrx(€))/7, (13)

where

£ = argmingey y ((VF(X), €) + 217“5”2 L R(X e},

X is called an e-stationary point of if |G(X,Vf(X),y)|| < e. When the sequence {X;} is
generated by a stochastic algorithm (stochastic process), we call X; an e-stochastic stationary point
if Bl||G(Xe, VF(Xe),Y)|] < €, where the expectation E is taken for all randomness before X is
generated.

Remark 2. Note that & is the solution to with full gradient Vi, = V f(X};). In the Fuclidean
space, Retry, (v§t) reduces to Xi+~& and § = prox,,(Xe =V f(X)) = X. Thus, G(X¢, Vf(Xt),7)
defined in is analogous to the proximal gradient in the Fuclidean space.

3.2 R-ProxSGD: Riemannian Stochastic Proximal Gradient Descent Algorithm

In this section, we design the basic Riemannian proximal stochastic gradient descent method (R-
ProxSGD) by choosing V; as the mini-batch stochastically sampled gradients. More specifically,
in the t¢-th iteration of R-ProxSGD, we randomly sample a mini-batch set S;, and define V; =
|571t| > ies, Vi, (Xt), which is an unbiased gradient estimator with bounded variance. That is,

E[V;] = Vf(X;) and E[||V; — VF(X1)||?] < &—j' Our R-ProxSGD is described in Algorithm Note
that the step size 7; is diminishing in this algorithm.

We have the following iteration and IFO complexity results for R-ProxSGD for solving the
online case problem with f being . The proof is given in the appendix.



Algorithm 1 R-ProxSGD
1: Input: initial point Xy € M, parameters ng >0, v > 0
: fort=0,1,....,T —1do
Compute the stochastic gradient by randomly sampling a mini-batch set S; and calculating
the unbiased stochastic gradient estimator:

w N

V= Vs (X0 = 751 3 V()

1+ €St

4:  Proximal step: obtain (; by solving the subproblem .
5. Retraction step: X;+1 = Retry, (m:(y), with 0, :=no/v/t + 1.
6: end for
7. Output: X, where v is uniformly sampled from {1,...,T}.

Theorem 1. In R-ProzSGD, we set the batch size |S;| := s = O(e72) for all t, and v is chosen to
be sufficiently small. Under this parameter setting, the number of iterations needed by R-ProzSGD
for obtaining an e-stochastic stationary point of the online case problem with f being ,
is T = O(e™*). Moreover, the IFO complezity of the R-ProzSGD algorithm for obtaining an e-
stochastic stationary point in the online setting with f being is O(e7%).

Remark 3. In Theorem since we require the batch size to be O(e~?), the results only hold for
the online case problem, and do not hold for the finite-sum case problem.

3.3 R-ProxSPB: Riemannian Proximal SpiderBoost Algorithm

Note that the convergence and complexity results of R-ProxSGD do not apply to the finite-sum
case problem. In this section, we propose a Riemannian proximal SpiderBoost algorithm (R-
ProxSPB) that can solve both the online case problem and the finite-sum case problem. More
importantly, we can show that R-ProxSPB has an improved IFO complexity comparing with R-
ProxSGD for the online case problem. For smooth problems in the Euclidean setting, there exist
many works that use the variance reduction technique to improve the convergence speed of SGD,
such as SVRG [16], SAGA [9], SARAH [23], SPIDER [12] and SpiderBoost [27]. In particular,
the SpiderBoost algorithm proposed by Wang et.al. [27] achieves the same complexity bound as
SPIDER, but in practice SpiderBoost converges much faster because it allows a constant step size,
while SPIDER requires an e-dependent step size that can be too conservative in practice. Some
of these algorithms have been extended to the Riemannian optimization with smooth objective
functions, such as R-SVRG [33], R-SRG [17] and R-SPIDER [34], [35]. It was found that R-SRG and
R-SPIDER equipped with the biased R-SARAH estimator consistently outperform the R-SVRG
algorithm. Inspired by the SpiderBoost algorithm, we propose a Riemannian proximal SpiderBoost
algorithm, named R-ProxSPB, which is a generalization of SpiderBoost to nonsmooth Riemannian
optimization. When the nonsmooth function h vanishes, our R-ProxSPB algorithm reduces to
a Riemannian SpiderBoost algorithm (R-SpiderBoost) for Riemannian optimization with smooth
objective function, which seems to be new in the literature as well.

Our R-ProxSPB algorithm is described in Algorithm [2] R-ProxSPB specifies a constant integer
q. When the iteration number ¢ is a multiple of ¢, mini-batch S} is sampled and unbiased stochastic
gradient estimator is used; while for other iterations, mini-batch S? is sampled and R-SARAH
estimator is used. Comparing with R-ProxSGD (Algorithm [1]), a significant difference of R-
ProxSPB is that it allows a constant step size 7 instead of a diminishing step size. That the constant



Algorithm 2 R-ProxSPB
1: Input: initial point Xy € M, parameters n > 0, v > 0, integers ¢, T
2: fort=0,..., T —1do
3:  if mod(¢,q) = 0 then

4: Randomly sample a mini-batch S} and calculate V; = V [fs1(X) satisfying:
2 o
E[[[Vi = VAX)I] < 7oqy
|5
5. else
6: Randomly sample a mini-batch S? and calculate V; by the R-SARAH estimator:
Vi = Vis2(X:) = TX (VSs2(Xi1) = Vi) (14)

7. end if

8:  Proximal step: obtain (; by solving the subproblem .
9:  Retraction step: X1 = Retry, (né).

10: end for

11: Output: X, v is uniformly sampled from {1,...,T}.

step size is allowed is due to the biased stochastic gradient estimator R-SARAH, which leads to
variance reduction of the stochastic gradients, and thus improves the convergence rate. This has
been justified in several variance reduced stochastic algorithms such as SVRG, SAGA, SPIDER and
SpiderBoost and so on. A constant step size usually leads to a faster algorithm both theoretically
and practically. In fact, we can prove the following convergence rate and IFO complexity results of
R-ProxSPB, which indeed improve the results of R-ProxSGD.

Theorem 2. In R-ProxzSPB (Algorithm ﬁ), we set n = min (2( and

1 1 ) _ 2
Lr/2+LpM2)" | f2cp0277 7= 5
|S2| = q for all t, where © is a constant that will be specified in the proof. Under this parameter
setting, we have the following convergence rate and IFO complexity results of R-ProxSPB.

(i). For the finite-sum case problem, i.e., problem with f being (3)), we set ¢ = /n, ISt = n,
for all t. R-ProxSPB returns an e-stochastic stationary point of after T = O(e2) itera-
tions. Moreover, the IFO complezity of R-ProxSPB for obtaining an e-stochastic stationary

point of is O(y/ne=2 +n).

(ii). For the online case problem, i.e., problem with f being (2), we set ¢ = O(e™h), |SH =
O(e72), for all t. R-ProxSPB returns an e-stochastic stationary point of after T =
O(e7?) iterations. Moreover, the IFO complexity of R-ProxSPB for obtaining an e-stochastic
stationary point of is O(e73).

Remark 4. Here we summarize some comparisons of the two proposed algorithms. For the on-
line case problem, R-ProxSPB has a better IFO complexity than R-ProxSGD. R-ProxSPB allows
constant step size n, but R-ProrSGD needs a diminishing step size n.. The convergence results of R-
ProxSPB in Theorem[3 covers the finite-sum case problem, which is still lacking for the R-ProzSGD
algorithm. We also need to point out that, though R-ProxSPB is faster than R-ProxSGD in the-
ory, it involves more tuning parameters and the R-SARAH estimator might be difficult to compute
for certain manifolds. Therefore, for certain applications, R-ProzSGD could be more favorable in
practice.
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Figure 1: Experimental results on the mnist dataset with p = 0.2, 0.8.

4 Numerical Experiments

4.1 Online Sparse PCA Problem

First, we compare our proposed algorithms R-ProxSGD and R-ProxSPB with the Riemannian
stochastic subgradient method (R-Subgrad) on the online sparse PCA problem . R-Subgrad for
solving iterates as follows:

& = —Pron(—QZitZJXt + p sign(Xy)),
Xt+1 = RetrXt (gt)v

where Z;, is a randomly sampled data. Here the projection operation is defined as: Projx(Y) =
Y — X sym(X'"Y) and sym(X) = $(X + X T).

The experiments are performed on two real datasets: c0il100 [22] and mnist [I8]. The c0il100
dataset contains n = 7,200 RGB images of 100 objects taken from different angles. The mnist
dataset has n = 80,000 grayscale digit images of size 28 x 28. We set v = 1073 for both R-ProxSGD
and R-ProxSPB. For R-Subgrad and R-ProxSGD, we use the diminishing step size n; = \/% For
R-ProxSPB, we use the constant step size n as suggested in our theory. Because some of the
problem-dependent constants cannot be directly estimated from the datasets, we perform grid
search to tune 19 and 7 for all algorithms from {5 x 1075,107%,5 x 1074, ...,1}. The best 7o
and 7 on different datasets are reported in the Supplementary materials. For R-ProxSGD, we set
|S;| = 100. For R-ProxSPB, we set |S}| = n and |S?| = ¢ = 100. We use v = 10~° for R-ProxSGD
and v = % for R-ProxSPB based on our theoretical results.

All algorithms are implemented in Matlab and we use the Manopt [3] package to compute vector
transport, retraction and Riemannian gradient. Since there is no groundtruth for comparison, we
run the deterministic algorithm ManPG [§] first, and denote the objective function value returned
by ManPG as F*. We then measure the performance of other algorithms by computing the relative

10



optimality gap: where F' denotes the objective function value returned by the algorithm in
consideration.

The experimental results are shown in Figures In particular, Figures [1] and 2| give results
for r = 10. More specifically, in Figure [I| we report the results on the mnist dataset, and in Figure
we report the results on the coil100 dataset, both with two choices of p: p = 0.2 and pu = 0.8.
Note that p is the parameter in controlling the sparsity of the solution. In the first column of
Figures [1| and [2, we report the relative optimality gap versus the number of IFO divided by n. In
the second column of Figures [I] and [2, we report the relative optimality gap versus the CPU time
(in seconds). In the third column of Figures (1| and [2, we report the variance of gradient estimation

F—F*
[E]

versus the number of iterations, which is adopted in [10].

. c0il100, u = 0.2 . c0il100, p = 0.2 10t coil100, p = 0.2
10 —R-ProxsGD| ] 10 [—R-ProxsGD] ——R-ProxsGD
—— R-ProxSPB — R-ProxSPB ——R-ProxSPB
% R-Subgrad % R-Subgrad
o =) —
2 2 10°
g £ :
= -1 = -1 c
= 10 = 10 ks
o o 3
2 2 ' =10
[T} Q
14 14
102 102} 107
0 5 10 15 20 0 5 10 15 20 25 100 200 300 400 500
#IFO/n Time [sec] Iterations
c0il100, u=0.8 coil100, p = 0.8 . c0il100, p = 0.8
. : . 10 T : )
‘ — R-ProxSGD ——R-ProxSGD —— R-ProxSGD
10° —RPrOXSPB|{ 10° ——R-ProxSPB ——R-ProxSPB
% R-Subgrad © R-Subgrad
o > 10°
2 2
3 g g
E £ £ 1
g 1 g & 10
- X 3
[} 10 [ 10 >
= =
< <
% IS 1072
4 14
1072 102 10°
0 5 10 15 20 0 5 10 15 20 25 100 200 300 400 500
#IFO/n Time [sec] Iterations

Figure 2: Experimental results on the coil100 dataset with 4 = 0.2, 0.8.

All the results in Figures indicate that both R-ProxSGD and R-ProxSPB consistently out-
perform R-Subgrad in terms of CPU time and the number of IFO calls. Moreover, these figures
show that R-Subgrad is not able to reduce the optimality gap to a desired accuracy, comparing
with R-ProxSGD and R-ProxSPB. Furthermore, these results also show that R-ProxSPB usually
performs much better than R-ProxSGD, which is consistent with our theoretical results on the
complexity bounds. Figures [l| and |2 also imply that R-ProxSPB is effective to reduce the variance
of the stochastic gradient on both datasets.

We perform grid search to tune 7y (used in R-Subgrad and R-ProxSGD) and 7 (used in R-
ProxSPB) from {5 x 107°,1074,5 x 107%,...;,1}. The best 19 and 1 on different datasets are
reported in Tables [3] and [4]

Figures |3| and |4] presents more experimental results. In particular, Figure |3| shows the results
for the case r = 10 and p = 0.4 and the meanings of the figures are the same as Figures [I| and
Figure |4 gives more results on the case r = 15 and p = 0.2, 0.4, 0.8, and here we only present the
relative optimality gap versus the CPU time. These results further justify the advantages of our
proposed R-ProxSGD and R-ProxSPB algorithms.
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1

0.2
0.4
0.8

R-Subgrad R-ProxSGD R-ProxSPB
0.01 0.005 0.005
0.01 0.01 0.005
0.05 0.005 0.005

Table 3: Chosen 79 (for R-Subgrad and R-ProxSGD) and 7 (for R-ProxSPB) for the reported

results on mnist dataset.

I

R-Subgrad R-ProxSGD R-ProxSPB

0.2
0.4
0.8

0.005 0.01 0.005
0.01 0.01 0.005
0.005 0.01 0.005

Table 4: Chosen 7y (for R-Subgrad and R-ProxSGD) and 7 (for R-ProxSPB) for the reported

results on coil100 dataset.
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#IFO/n
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Figure 3: Experimental results on the mnist and coil100 datasets with » = 10 and p = 0.4.

4.2 Robust Low-Rank Matrix Completion

Robust low-rank matrix completion is closely related to the robust PCA problem. The robust PCA
aims to decompose a given matrix M € R™*" into the superposition of a low-rank matrix L and a
sparse matrix S. Robust low-rank matrix completion is the same as robust PCA, except that only
a subset of the entries of M is observed. The convex formulations of them are studied extensively
in the literature and we refer the reader to the recent survey [20]. A typical convex formulation of
robust low-rank matrix completion is given as follows:

min || Lfl« +7[[Sl1, st Pa(L+5) = Pa(M), (15)
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Figure 4: Relative optimality gaps versus runtime on two datasets with » = 15 and p = 0.2, 0.4,
0.8.

where ||L||. denotes the nuclear norm of L and it sums the singular values of L, € is a subset
of the index set {(4,j) | 1 < i < m,1 < j < n}, and the projection operator Pq is defined as:
[Pa(2)ij = Zij, if (i,5) € Q, and [Pa(Z)]i; = 0 otherwise. Due to the presence of the nuclear
norm in , algorithms for solving usually requires computing the SVD of an m x n matrix in
every iteration, which can be time consuming when m and n are large. Recently, some nonconvex
formulations of robust low-rank matrix completion were proposed because they allow more efficient
and scalable algorithms. In [I5], the authors proposed the following nonconvex formulation of
robust low-rank matrix completion:

Po(UV — M+ S P (UV)||? Pa(S)1, 16
UeGr(mr)VrrelermSERme!\ o + 9%+ = || a(UV)|IE +7PalS)|1 (16)

where Gr(m,r) denotes the Grassmann manifold, which is the set of r-dimensional vector subspaces
of pR™. In , the low-rank matrix L is replaced by UV with U € R™*" V € R"™" and r is the
estimation of the rank of L; the term %||Pq(UV)||% is added as a regularizer and A > 0 is sufficiently
small indicating that we have a small confidence of the components of UV on ) being zeros; the
constraint U € St(m,r) is added to remove the scaling ambiguity of U and V. The nonconvex
formulation (16) was motivated by some recent works on Riemannian optimization [4, [6]. Note
that, for fixed U and S, the variable V in can be uniquely determined. By denoting

. 1 A
fUV,8) = 5lPa(UV = M + 9)|E + 5 [Pa(UV)F, (17)

and
VU,S = argminv f(Uv V7 S)a and f(U7 S) f(U VU57 ) (18)

13



we can rewrite as

. 1
vt g £ U 5) Pl (19)

which is a Riemannian optimization problem with nonsmooth objective. Note that although the
manifold is the Grassmann manifold instead of the Stiefel manifold, our algorithms discussed in
Section [3| can be directly applied to . To see this, first note that as suggested in [4], without
loss of generality, we can restrict matrix U as orthonormal matrix. Therefore, we have

IPo(UV)IIE = IUV I — IPallf = IVIE — [ Pall?,

and thus we can rewrite f(U,V,S) and f(U,S) as

_ 1 A A
FUV,8) = S[Pa(UV = M+ 9)|[7 + SIIVIE = S 1Pa(UV)I[7- (20)

1 A A
F(U,8) = Sl1Pa(UVis = M + )7+ SIVusllE = 5 1Pa(UVis)|7- (21)
From we know that Vy f(U, Vu,s,8) = 0. Therefore,
Vuf(U,8)=Vuf(UVus,S)=Vif(UVus,S),

where

U Vus, S) = *||7)Q(UVUS*M+S)HF* *HPQ(UVUS = Y [0 Vs, S),  (22)
(4,5)€9

and
R 1 A
15U Vus, 8) = 5(UV,s = M + S)y = f<UVU,s>%j-

That is, f in . ) has a natural finite-sum structure, and a stochastic gradient approximation to
Vo f(U,S) is given by VlfU(U Vu,s,5) with randomly sampled index pair (¢,7) € Q. It is easy to
verify that

Vlfz-j(U, VU75, S) (u v — sz + Sz] )\U;F'Uj)‘_/jTa

where uZT denotes the i-th row of U, and v; denotes the j-th column of Vj; g, and
Vj:[o 0 - v - 0]_

That is, V; € R™™ is a matrix whose j-th column is v; and all other columns are zeros. Clearly,
when computing V fi;(U, S), we only need to access uzT and v; and we do not need to access the
whole matrix U and Vi g and compute the matrix multiplication UVy g, and this is very useful
when m and n are large.

We applied our R-ProxSGD and R-ProxSPB algorithms to solve the robust low-rank matrix
completion problem on some synthetic data and we again compared their performance with
R-Subgrad. The synthetic data were generated in the following manner. First, the groundtruth
U* € R™*" and V* € R"™*" were generated as Gaussian matrices and we set X* = U*V*. We then
randomly sample a subset of indices to obtain €2, and then sample the entries of X* from () to get
M. A sparse matrix S* was then added to M. In R-ProxSGD, we randomly sample 4% of the
known entries as a batch in each iteration. In R-ProxSPB, we set |S}| = |, |S?| = 100 and ¢ = 5.
The initial step sizes ng are tuned in /107, i = 1,2,...,5, 7 =0,1,...,4.
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Figure 5: Relative Difference versus the first-order oracle complexity for the online robust low-rank
matrix completion problem on different cases. The base case (a) has the parameters m = n = 5000,
r = b, Sparsity = 10%, |Q|/(mn) = 10%.

In Figure |5, we present the experimental results on the problem with various settings. To

compare the performance of different algorithms, we calculate the relative difference at iteration k:
[UFVE—X*|F
1X*1r

for m = n = 5000, r = 5, Sparsity = % = 10%, |2|/(mn) = 10%, and we call this the base case.
Figures 5| (b)-(f) report the results where there is one parameter that is different with the base
case. For example, Figure |5| (b) shows the result where the sparsity is changed to 5%, and other
parameters are the same as the base case. Results in Figure [5] clearly show the advantage of our
R-ProxSPB algorithm over R-Subgrad algorithm.

versus the number of stochastic Riemannian gradient. Figure |5/ (a) shows the result

5 Conclusion

In this paper, we considered the nonsmooth Riemannian optimization problems with nonsmooth
regularizer in the objective. We designed Riemannian stochastic algorithms that do not need
subgradiet information for solving this class of problems. Specifically, we proposed two Rieman-
nian stochastic proximal gradient algorithms: R-ProxSGD and R-ProxSPB to solve this problem.
The two proposed algorithms are generalizations of their counterparts in Euclidean space to Rie-
mannian manifold setting. We analyzed the iteration complexity and IFO complexity of the pro-
posed algorithms for obtaining an e-stationary point. Numerical results on solving online sparse
PCA and robust low-rank matrix completion are conducted which demonstrate that our proposed
algorithms outperform significantly the Riemannian stochastic subgradient method. Future work
includes extending the current results to more general Riemannian manifolds.
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A Auxiliary Definitions and Lemmas

In this section we give a few lemmas and definitions that are necessary to our analysis. These
lemmas are proved in existing works, so we do not include the proof here.

Definition 5 (Generalized Clarke subdifferential, see [14]). For a locally Lipschitz function F on
the manifold M, the Riemannian generalized directional derivative F°(X,() at X € M in the
direction C is defined by

sup 2 €71 G0) + DO — £ 0 67 (6(1))

Y —X,tl0 t
Here (¢,U) is a coordinate chart at X. The Clarke subdifferential OF(X) at X € M is:
OF(X) ={¢ € TxM: (&, V) < F°(X,(), ¥ € TxM}.

Lemma 3. Suppose g; is the unbiased and variance-bounded stochastic estimator of g on randomly
sampled instance i, i.e. Ei[g;] = g and Eq[||g; — g||?] < 0?. Then we can conclude that the estimator
gs = ﬁ Y ics 9i based on randomly sampled mini-batch S is also unbiased and variance-bounded:

2
Eslgs] =g, Eslllgs — g% < “;7 (23)

The following lemmas from previous works [I, 17, [35] under Assumptions 1-5 regarding re-
traction and vector transport are very useful.

Lemma 4 (Retraction Lr smoothness, Lemma 3.5 in [I7]). If f(X) has an upper-bounded Hes-
stan, there exists a neighborhood U of any X € M and a constant Lr > 0 such that VX,Y €
U,Retrx(§) =Y, € TxM:

fY) Sf(X)+<Vf(X),€)+%H£H2- (24)

Lemma 5 (Lemma 3.7 in [I7]). Under Assumption 1(ii), there exists a constant 8 > 0, such that
the following inequalities hold for any X,Y € U:

IT¢ = Pl < 0liéllxlinllx, 1T, = By tel < @lixlixlnlx,
where &,m € Tx M, x € Ty M, Retrx(n) =Y.

Lemma 6 (Lemma 4 in [35]). Given X € M that does not depend on the update sequence {X;},
the following inequality about the retraction and vector transport holds:

E[ITY, (Vfi(X0) = TX,_ V(X)) < 20%|Retry! (X0)]2, (25)

where ©2 = 02G? + 2(1 + cg) L% and 0 is defined in Lemma E’i]
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Lemma 7 (Lemma 1 in [35]). Let ny = [t/q], (ny — 1)qg < t < myq, to = (ny — 1)q, where [a]
denotes the smallest integer that is larger than a. Mini-batches S}, S? are selected as described in
Algorithm [3  Under the Assumptions the estimation error between the R-SARAH estimator
Vi generated by Algorithm@ and full gradient V f(Xy) is bounded by:

2

B{|Ve — VAKX < HISH < n)- g + 3

2

=1 g
?E[\\Retr}}(XiH)HQ},

2|7

where I{-} denotes an indicator function.

For the ease of presentation, we adopt the following notation, which is consistent with the ones

used in (9) and (L1).
G 1= argminger, pq{0e(¢) == (Vi Q) + 217”<12 + h(X: + ()}, (26)
§ = argminger . p{(Vf(Xe), ) + ;ny”Q +h(Xe + )} (27)

Moreover, note that according to the definition of F;, when we take conditional expectation
E[- | Fi=1], X; in both R-ProxSGD and R-ProxSPB has been realized.

B Necessary Lemmas for Proving Theorem 1

Lemma 8. The solution (; defined in satisfies:

Bfou(n6)| Fioa] — 010) < 2 DG\ (28)
Proof. Note that ¢;(¢) is (1/7)-strongly convex with respect to ¢. For (1, ¢ € Tx, M, we have:
0G2) 2 61(G1) + Dn(2). o = ) + e = Gl (29)
Note that the optimality conditions of are given by 0 € Projp, (9¢:(¢). Therefore,
(001(G1), &2 = G1) = (Projp m04(C1): G2 = C1) = 0,¥1, G2 € Ty, M. (30)

Letting (1 = (; and (2 =0 in , and combining with , we have

61(0) = 64(C1) + ;,yIICtF,

which is equivalent to:

1
h(Xt + C) — h(Xe) < (=Vi, G) — ;HQHQ- (31)
According to the definition of ¢¢, ¢¢(17:¢:) — ¢+(0) can be written as:
2
Gu(G) = 1(0) = Vi, )+ 51 RO+ miGe) = h(Xo) (32)
From and the convexity of h: h(X: + n:Ce) < meh(Xe + G) + (1 —ne)h(Xy), e € (0, 1], we have
A+ ) = B < —mefVio @) = G (33)

Combine and and take expectation conditioned on F;_; on both sides, we get the desired
result. O
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The following lemma justifies why G(X, V f(X),~) is valid for defining the e-stationary solution.
Lemma 9. If G(X,Vf(X),v) = 0, and the retraction is given by the Polar decomposition:

Retrx(§) = (X + &I + {Tf)fé, then X is a stationary point of problems (1)), i.e., 0 € Vf(X) +
Projr, p0h(X).
To prove Lemma [9] we first need to show the following Lemma.

Lemma 10. Consider X € M, M is the Stiefel manifold and £ € Tx M. If X = Retrx (), where
the retraction is given by the Polar decomposition: Retrx (§) = (X +&)(I + §T§)7%, then £ = 0x.

Proof. It X = Retrx (&) = (X + &€)(I + £7€)"2, then we have

X+&6=X({I+€ ). (34)
Since XX =1, leads to
XX+ X=(I+¢¢):3 (35)
and )
X'X+XTe=U+¢T¢)z. (36)
Since € € Ty M, we have £' X + X ¢ = 0. Adding and gives 2T = 2(I + £7¢)2, which
implies £ = 0x. O

Now we are ready to give the proof of Lemma [0

Proof. If G(X,Vf(X:),7) = 0, we have & = 0x, because of Lemma According to [32], the
optimality conditions of are given by

1 .
0€Vf(Xy)+ ;& + Projr, mOM(X: +&).
Thus, G(X, Vf(X:),7) = 0 leads to that 0 € Vf(X;) + ProjTXtMé?h(Xt), which means X; is a
stationary point of problem . O

The following lemma shows the progress of the algorithm in one iteration in terms of objective
function value.

Lemma 11. Denote X, := Xy + m(;. The following inequality holds:

F(Xt41) = F(Xt) < W\|Ct||2+h(Xt+1)h(Xt+) + t(nee) — ¢:(0) +ne(V f(Xe) — Vi, Gt)-

Proof. Consider the update X;y1 = Retry, (n:(;). By applying Lemma {4 with X = X, Y = X34y
and § = (¢, we get

F(Xes1) = F(X0) < m(VF(X), G) + Lg”tg Gl
which leads to:
F(Xei) = FX0) < G2 4 (9 (X0),G) + h(Xigr) = B 37)
Denote X;r := Xy + m(¢. The definition of ¢; indicates:
WV G) = 5 = 610) = ZLIGIP ~ )+ A 39
Combining and gives the desired result. O
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The following lemma gives an upper bound to the size of G(X;, V f(X¢),7).

Lemma 12. With §; and & defined in and [27), for G(X¢, Vf(X¢),7) = %(Xt — Retrx, (&)),
it holds that

IG(Xe, V£ (Xe), )P S2MF (TGl +47([Ve = V £ (X)) (39)
Proof. Let G(Xy, Vi, 7y) = %(Xt — Retrx, (7¢;)). We first have the following trivial inequality:
1G (X, VF(X0), MIP < 201G (X, Vi 1) IP + 2/ G(Xe, Vi v) = G( X, VI (Xa), ) (40)

The first term on the right hand side of can be bounded based on the property of retraction
in Assumption 1(iii):

1
1G(Xe, Vi, )P = ﬁl\Xt — Retrx, (VG II* < ME|GI*. (41)

The second term on the right hand side of can be bounded as:

21| X — Retr 2 2
1606 Vi) = 6% VG P < AR RGO 21 - pey el (a2

which further implies
G (X, Vesy) = G(Xe, V(Xa), DIP < 2ME([1G1* + 11€01%) < 2MPBIGIP + 2016 — GIIP). (43)

The optimality conditions of and are given by (see [32]):
1
0eVi+ ;Ct + ProjTXtMﬁh(Xt + Ct>7 (44)

0e Vf(Xt) + igt + ProjTXtMﬁh(Xt + Et) (45)

Let XJ =X, +& and X, = X; + . and indicate that for any u € Tx, M, there exist
pt € Oh(X;") and p' € 8h(XJ) such that
(3G + Vi + Projp, pqp™,u—X;) >0, (46)
(L& + VF(X) + Projpy, up,u - X[) > 0. (47)
Let u = XZ in and u = X, in ([47). Since XtT — X, and X;F — X;r both lie in T x, M, we have
<Pr0jTXtMp+,Xt+—XtT> = <p+,Xt+—XtT> and <Pr0jTXtMpT,XJ—Xt+> = (pT,XtT—XtJr). Therefore,
(46) and reduce to:
LG+ Vi+pt, X[ - X1 >0, (48)
(L& + VX)) +ph X - X)) >0, (49)
i i + x+ _ xI +) _ T Tyt oxt
By using the convexity of h(X), we have (p™, X, — X|) > h(X;") — h(X}), and (p', X — X;") >
h(X;r) — h(X;"). Therefore, and reduce to:
Vi, X[ = X77) > 346, X = XD+ h(X) = (X)), (50)

1
¥
(VFX), X = X1 > Le, xT = X)) + h(X]) = h(X7). (51)

1
5
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Summing up and gives: (note that XtT - X, =4 - G):

1 1
IM—Vﬂ&Wmﬁ—ﬂﬂ2M—Vﬂ&%ﬂ—Xﬂ2;@—@J§<ﬁ7=j%ﬁ£¢W@%

which further implies || — G| = HX;L — X || € 9IIVi — VF(X,)|. We hence have:
IG(Xe, Vi v) = G(Xe, VF(Xe) NP < 2MF 311>+ 2016 —GelI?) < 6MT | GelI* +4M7 || V=V £ (X0) |,
which combining with and completes the proof. O

The following lemma shows the progress of R-ProxSGD in one iteration in terms of objective
function value.

Lemma 13. The sequences {X; tT:Jrll and {¢; Y, generated by R-ProxSGD (Algorithm satisfy
the following inequality:

E[F(Xos1)— F(X0) < (B — Snp + DE[Ic2+ ES
t+1 t)l > t ’y t 2 t 2|St|7

(53)

where L = (Lr/2 + Ly My).

Proof. Denote X, = X; + 1;(;. Assumptions 1(iii) and 5 yield the following inequalities:
M Xiy1) = B(X) < L[| Xe1 = X5 < L Mon? || G,

which together with Lemma [I1] and Young’s inequality gives

Lrni  nf

F(Xi1) — F(Xy) < ( 2 2

1 n?
+ L M} + 2) IG1* + IV F(X0) = VAl® + @u(me) = 61(0)-(54)
Taking expectation conditioned on F;_; to both side of , we get:

2
E[F(Xtq1) | Fio1] — F(Xy) < <L777:2 + ;) E[I¢e]1? | Feoa] + %E[va(Xt) —Vi|?| Feea]  (55)
+ E[ge(meGe) | Fier1] — ¢(0),

where L := LTR — % + Lp M. Using Lemma and taking the whole expectation on both sides of

(55) completes the proof. dJ

C Proof of Theorem 1

We can re-arrange terms in as follows for 0 < n; <1 (note |S;| = s for all ¢):

2 2

1 ~ 1 nio
(S = Ln = 3)ElIGI?] < EIF(X0)] — E[F (Xer)] + =5 (56)
If we choose v small enough such that v < # forallt=0,...,T — 1, then
i+
1 7 L m
—m—Ln}—->=t=0,...,T — 1. 57
,/lt un 9= 9 ) ; ( )
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Combining and yields:
E[F(Xy)] - BIF(Xer1)] | mo® _ EIF(X))] — E[F(Xer)] | mo®
M 2s nr 2s ’

where the second inequality is due to 1, = n9/+/t + 1. Denote Ag := F(Xo) — F(X*), where X* is
a global optimal to the problem . Summing up fort=0,...,T — 1 and dividing both sides
by T', we get:

E[l|¢:lf*] <

(58)

O‘ 2T 2A a?n 1
*ZEIIQII = () (59)

where the first inequality is due to E[F(Xy)] — E[F(X7)] < Ag. Moreover, indicates that

1 T-1 0_2
=Y BV - VAP < T (60)
t=0
Combining , and yields:
1 20g ooy 1
= Y EIIG(Xe, V(X)) < 147 (220 + TR) — 4 8007 s,
T3 "o s /T
which together with Jensen’s inequality and the convexity of || - ||? implies that:
= 2
( T Z |G (X, VF(X), )H]) (61)
=0
= 2
<E (T \|G<Xt,w<xt>,v>||>
t=0
=
<7 > ElIGX, V(X))
t=0
2A0 0'2770 1
<14M2<—+ >7-i-8.7\42 o?/s.
1 0 3 \/T 17 /
By setting s = (16 M?2y0?)e =2, we know that as long as
20g ooy \’
T>4 <14M1 (—0 + 770)) e, (62)
o S

the right hand side of is upper bounded by €2, that is:

< ) <e. (63)

Therefore, for an index v that is uniformly sampled from {0, ...,7—1}, we have E[||G(X,, Vf(X,),7)|l] <
€, i.e., X, is an e-stochastic stationary point of problem . Condition shows that the number

of iterations needed by R-ProxSGD for obtaining an e-stochastic stationary point is T = O(e™%),
which immediately implies that the total IFO complexity is O(e~®). This completes the proof of
Theorem 1.

T

Z (X:, VF(X0), )l

=0
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D Necessary Lemma for Proving Theorem 2

Similar to Lemma the following lemma gives the progress of R-ProxSPB in one iteration in
terms of the objective function value.

Lemma 14. The sequences {X,}1_' and {(; YL, generated by R-ProzSPB (Algomthm@ satisfy
the following inequality:

o2 t O2p3cp
BF(Xeer) = FOG] < (B = JBIGI+10SH < mhgigm+ 30 SBllGl’l (60
i=(nt—1)gq

where L = Lp/2 + Ly My and 7 = 277

Proof. Similar to the proof of Lemma E 13| by using Lemma Assumptions 1(iii) and 5, and
Young’s inequality, we have:

F(Xiy1) — F(X) (65)

2
<t - o+ L+ DG 4 Ve = VK| + 0u(nGe) = u(0).

Taking conditional expectation on both sides of conditioned on F;_1, we have:
E[F(Xt+1) | Fi1] = FI(Xy) (66)

<n(Ln+ ) NGl? | Feea] + E[Hvt VXD | Feer] + Elge(nCe) | Feoa] — 64(0),

where L := LTR —9 + Ly Mj. Taking the whole expectation on both sides of (66) . yields:

E[F(X41) — F(Xy)]
(@ -
<n(Ln -

(i)
<n(Ln-

E[IG:I1 + SE[V: — V(X))

2 =

qm

ElG ]+I{\slw<n}2‘sl +22,82| [IRetry! (Xis

@i 1
< (L = 2)EIGIT + I{s)| < n}o]

O2p3¢
Z OB RGP

2\81 2|S?|

where (i) is from Lemmalg] (ii) is due to Lemmal[7} and (iii) is due to the update X;1 = Retrx,(n¢)
and the Assumption 1(ii). This completes the proof. O

E Proof of Theorem 2

Let ny = [t/q],to = (ny — 1)g. Since the length of recursion of V; is ¢ in R-ProxSPB, we calculate
the telescoping sum of from tg = (ny — 1)g to t + 1 < myq:

B () = FXe) (67)
o?  ©2
<n (Ln - ) SOElGIE + 30 1t < nhajer + 2|‘j§2” P!
i=tg i=to Jj=to i=to
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By noting Z;‘:to z w0 BlIGIP < a3 EIIGI%, 7 = 29/(2 =) = 1/2 (since 7 = 2/5), and

|S?| = q for all t, (67]) can be reduced to:

E[F(Xi1) — F(Xg)] < ZI{|81| <n}!

1=to

cEO? . ¢ )
ILn—2 E|[||¢
e (25 Iy Sl

Moreover, the choice of n: 0 < n < ( —L+ L2+ 2c02?)/(cp©?) guarantees that

CE@2772
2

+Ln—2<—1.

Therefore, reduces to

t
1Y EGIP] < —E[F(Xer1) — F(Xy)] + ZI{|St| <n}!

1=to 1=to

2|$1|

E.1 Finite-sum case

(68)

(69)

In the finite-sum case, we have |S}| = n, which implies that I{|S}| < n} = 0. Therefore,

reduces to: .
E[F(X(n,—1)q) — F(Xt41)]
E[||¢ ]2 1 .
> "E[GI*] < ;

i=to

We now calculate the telescoping sum for for all length-¢ epochs that t +1 = ¢, 2g, ...,

(K = L%J) and the telescoping sum from ¢t = K¢+ 1 to 7' — 1. This results in:

Kq—1 T—1

Tn nT

T—1
LS EGI = & 3 Bl + Y By | < HE = FAT] B0
t:O

t=0 t=Kq

Moreover, Lemma [7] yields that

2C
BV VR < 3 O qE” EflGI12)

i=to
Summingupovert:0,...,T—1,Weget
T-1t-1 T-1 t
1 1 @2017 1 02c2n?
TZEHVt VIO < 7 >0 BT EG) > =B gGI.
t=1 i=tg t=0 i=tg

Note that Z] —ty D=t E[|I¢]1?] < ng:to E[||¢:]|?]. This together with yields

o T—1

@
- ZE Vi v < S 2 EllGl?)

Now combining Lemma and , we have that:

1T

)_I

Ay Ay
E[||G(X:, VF(X:),7)]?] < 14M27 + 8M2yO2 ey =2 =
t:O
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Kq

(73)

(74)



Again, using Jensen’s inequality and the convexity of || - ||?, gives:

§

T— 2
fz xmm&>ﬂ) (76)
t=0

1T—l 2
<E (T |G(Xe, Vf(Xe), H)
1Tfl .
<7 > ElIG(X:, V(X))
t=0

Ay Ay
§14M1277—T + 8M12’y@2c%77?.
Hence, we know that as long as
A
T > (14M120 + 8M12’y@20%77A0> €2, (77)
n

the right hand side of is upper bounded by €2, which implies that if index v is uniformly
sampled from {0,...,7 — 1}, then

That is, X, is an e-stochastic stationary point of problem . Equation then implies that
the number of iterations needed by R-ProxSPB for obtaining an e-stochastic stationary point of
problem in the finite-sum case is T = O(e~2). Furthermore, the IFO complexity of R-ProxSPB
under the finite-sum setting is:

T+ _

[T/q]-IS!|+ T -|87] < —n + Tv/n = O(/ne > +n), (78)
where the equality is due to ¢ = /n.
E.2 Online setting
In the online case, I{|S}| < n} = 1. Since |S}| is the same for all ¢, we denote s := |S}|. In this
case, reduces to

t t
E[F(X(n,—1)¢) — F(Xe+1)] 1
D ElIGIP) < ———m gz—T (79)
— ;|

i=to
We calculate the telescoping sum for for all length-q epochs that t+1 = ¢,2q, ..., Kq (K = | L)
and the telescoping sum from ¢t = K¢ to T — 1. This gives:

T Kqg—1 T-1

1S g = 7| 2 EG + 3 Bl | < 22 (50)

t=0 t=0 t=Kq

Note that Lemma [7] gives:

@20E17
|S?|

0_2
B[V, - VA(X)IP] < — + Z E[G1),

1=to
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which further implies:

~

2 22

T
BV V) < T S Z & (81)
=0

T 5
t

I
=)

Now combining Lemma and , we have that:

T—

[y

T ; NIG(X:, VF(Xe),VIIP] < (14MF + 8M{1©*chn )7 + Fs (82)
Again, using Jensen’s inequality and the convexity of | - ||?, gives:
| T 2
E|7 Z 1G (X, V f(X2), )HD (83)
t=
. 2
1
t=0
=
Sf E NG(Xe, VF(X0), )]
t=0
A 5902
< (14M12 + 8M127®202E772) =24 M? c.
nT 55
Now, by choosing
2(14M? + 8M2y©%cin?)A 118 M}o?
T:< (14M7 + 8Miy© cpn”) 0>€—2’ and s — 510 =3 (84)
n

we know that the right hand side of is equal to €2, which implies that if index v is uniformly
sampled from {0,...,7 — 1}, then

That is, X, is an e-stochastic stationary point of problem . Equation then implies that
the number of iterations needed by R-ProxSPB for obtaining an e-stochastic stationary point of
problem in the finite-sum case is T = O(e2), and moreover, this needs to require the batch
size |S}| = s = O(e™2) for all t. Furthermore, the IFO complexity of R-ProxSPB under the online
setting is given by:

T+q

[T/q] ISt +T |87 < O(e?) +Tq=0(e),

where the equality is due to ¢ = e~ L.
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