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Abstract—Sparse learning is a very important tool for mining
useful information and patterns from high dimensional data. Non-
convex non-smooth regularized learning problems play essential
roles in sparse learning, and have drawn extensive attentions
recently. We design a family of stochastic proximal gradient
methods by applying arbitrary sampling to solve the empirical
risk minimization problem with a non-convex and non-smooth
regularizer. These methods draw mini-batches of training ex-
amples according to an arbitrary probability distribution when
computing stochastic gradients. A unified analytic approach
is developed to examine the convergence and computational
complexity of these methods, allowing us to compare the different
sampling schemes. We show that the independent sampling
scheme tends to improve performance over the commonly-used
uniform sampling scheme. Our new analysis also derives a tighter
bound on convergence speed for the uniform sampling than the
best one available so far. Empirical evaluations demonstrate that
the proposed algorithms converge faster than the state of the art.

Index Terms—Stochastic algorithm, proximal methods, arbi-
trary sampling.

I. INTRODUCTION

High dimensional problems in data mining are challenging
from both the statistical and computational analysis. Many
successful applications for high dimensional problems rely
on regularization for sparsity. For example, genomic analyses
use sparse regularization to identify (a sparse set of) genes
contributing to the risk of a disease [1] and smartphone-based
healthcare systems use sparsity regularization to learn the most
important mobile health indicators [2]. In this work, we consider
the following non-smooth non-convex regularized empirical
risk minimization (ERM) problems, which have been widely
used in high-dimensional data analyses:

. 1<
min F(z) := f(z) +r(z) =~ ;fz(x) +r(@) (D)
where f(x) is the average over a large number of non-convex
smooth functions f;(z), i € [n] := {1,2,...,n}, and the
regularizer r(z) : R — R is possibly non-differentiable or
non-convex, or both (e.g., the I; norm, {, (0 < p < 1) norm
and quantization function). Particularly, {,, (0 < p < 1) are one
of the most widely-used sparsity constrains, which introduce
non-smoothness and non-convexity to Problem (1). Due to NP-
hardness of non-smooth and non-convex regularizer [3], the
goal of this work is to find an e-stationary point z satisfying

E|dist(0,0F (x))] <,

where OF (x) is Fréchet subgradient of F(z) and dist(-,-) is
the Euclidean distance metric (formal definitions can be found
in preliminaries section).

Non-convex loss functions have been observed to give better
generalization performance, such as the Savage loss function
[4], Lorenz loss function [5] and the objective functions used
in deep learning models [6], due to better robustness to noisy
sample data or representation capabilities. Non-smooth non-
convex regularizers also become popular recently since they
have been shown to reduce bias in parameter estimation in
comparison with their convex relaxation counterparts, such as
the [y norm penalty [7], smoothly clipped absolute deviation
[8], or minimax concave penalty [9].

Problem (1) with a non-smooth convex regularizer r(x)
has been extensively studied for both convex f(x) [10], [11]
and non-convex f(x) [12]-[15], but solving non-smooth non-
convex regularized problems is still underexplored. Previous
analyses, depending on the convexity of r(x), can no longer
be applicable. For a non-convex regularizer r(x), to our best
knowledge, [16] is the first paper to provide non-asymptotic
theoretical guarantees for finding an e-stationary point. Stage-
wise Stochastic algorithm and its variance reduced algorithm
have been proposed for Difference of Convex functions (SSDC)
- SSDC-SPG and SSDC-VR with computational complexities
0] (6’8) and O (ne*4), respectively. Both algorithms are
designed based on multi-stage analysis of the following
difference of convex functions

. 1,
;relﬁxr}if(w)Jrﬂllwll — Ry(x),

where R, (z) = mex +y'e — o0 |lyll* — r(y) is convex and

comes from the Moreau envelope of 7, (x):

1
ru(x) = min 5y — x| +r(y).
Rather than using stage-based analysis in [16], [17] provides
a simplified analytic procedure and presents the mini-batch
stochastic gradient descent (MBSGD) algorithm and variance
reduced stochastic gradient descent (VRSGD) algorithm, with
computational complexities O (e=°) and O (n?/3¢3), respec-
tively. These methods improve performance by reformulating
the objective function F'(z) at each iteration k as follows:

f(z) + iw — Ru(a®) — (proza(a®), (z — o)),



where proxy,(x) := argmin {ﬁ”x — |3+ r(y)} is a prox-
yERd

imal operator. Previous analysis on non-convex non-smooth
regularized problems heavily relies on the Moreau envelope
of r,(z), which can slow down the convergence due to the
approximation error introduced at each iteration or stage.
Furthermore, an extra parameter p for smoothness has been
introduced, which requires expensive tuning in practice and
prevents the algorithms from broad utility. To overcome
these issues, [18] directly solves Problem (1) with the Mini-
batch Stochastic Proximal Gradient (MB-SPG) and Stochastic
Proximal Gradient with SPIDER/SARAH (SPGR) methods,
and proposes new theoretical analysis to guarantee convergence
for non-convex non-smooth regularized problems with the state-
of-the-art computational complexities O (674) for SPG and
O (n'/?e2 4+ n) for SPGR. All of these analyses use the
standard uniform sampling in the stochastic process, which
results in high variance of the estimator, and hence has a
negative effect for the convergence of proximal algorithms.
Effective sampling techniques can enhance all these methods,
which we will explore in this work.

When sample size in the statistical learning problems boosts,
subsampling is commonly used to extract useful information
(subsets S) from the massive whole data set [n]. To improve
computational efficiency, subsampling is often implemented by
sampling the full sample with a replacement or via a specific
distribution. Later, arbitrary sampling has been introduced
and shown a more general and relaxed sampling without any
additional assumptions, and has been analyzed for popular
stochastic algorithms [19], and coordinate gradient algorithms
[20]. However, there has no prior work investigating arbitrary
sampling for non-smooth non-convex regularized problems.
In this work, we study and develop arbitrary-sampling based
algorithms that can more efficiently solve non-smooth non-
convex regularized problems.

A. Contributions
Our main contributions are summarized as follows:

o The scheme of arbitrary sampling is incorporated into
the MB-SPG, (which leads to the mini-batch ProxSGD-
AS), and the variance-reduction versions of SPG: Proxi-
mal SARAH (ProxSARAH-AS) and Proximal SPIDER
(ProxSPIDER-AS) to effectively solve non-smooth non-
convex regularized problems. An analytic strategy is
provided for proximal methods to use any sampling
technique to speed up the process of solving non-convex
non-smooth regularized problems.

o We present a new analytic approach to investigate the
convergence and computational complexity of the pro-
posed methods. Our analysis helps compare the different
sampling schemes. As a concrete example, we show that
the methods with independent sampling can be faster

than the ones with umform sampling by up to a factor

of M=t ’2 or "&izili here (3 and L; are the
(271 Gi) [O3r L) i ) )

measurements of f;( 3 for Lipschitz continuous and

smoothness, respectively.

e When the uniform sampling scheme is employed, we
derive an upper bound, QSLf(F(:il) — F(z*)), on
the convergence speed of these methods, especially
ProxSARAH, which is tighter than the latest bound by
a constant factor. The latest bound given in [18] is:
P2 LV (R(3) — F(a*)) (where 0 < ¢ < 1

3
248c—2
52 > 46.67).

« Experimental evaluations also demonstrate that the pro-
posed arbitrary sampling, specifically the independent
sampling method, helps the stochastic proximal methods
to decrease the objective value faster than the state of the
art.

and

B. Other related work

Stochastic gradient decent methods. SGD method and its
variants are commonly used to solve the problem

min f(z) := E;wp[fi(z)],

zeRd

)

where both f and f;(z) can be non-convex, and their gradients
and Hessians are Lipschitz continuous. For Problem (2), finding
global or local minimum of f is generally NP-hard [21]. Recent
studies have shown that an e-first-order stationary point z, i.e.,
Ve>0,|Vf(x)|] <eforasmooth non-convex function f,
can be found by the gradient descent (GD) in O(e~2) iterations
and the SGD in O(e*) iterations [22].

Stochastic variance reduced methods. For convex opti-
mization, variance reduced methods have been extensively
studied, e.g., the stochastic variance reduced gradient (SVRG)
[23], stochastically controlled stochastic gradient (SCSG)
[24], stochastic average gradient (SAGA) [25], stochastic
recursive gradient algorithm (SARAH) [26] and stochastic path-
integrated differential estimator (SPIDER) [27] methods, and
they are well-known for faster convergence rates. In non-convex
optimization, variance reduced methods have been proved to
converge to e-first-order stationary points [28].

II. PRELIMINARIES

Notations. We use uppercase letters, e.g. A, to denote matrices
and lowercase letters, e.g. x, to denote vectors. We use || - ||,
(p > 0) to denote the p-norm of a vector, and || - || to denote
the 2-norm for vectors. For two matrices A and B, A = B iff
A — B is positive semi-definite. In this paper, the notation O(-)
is used to hide all e-independent constants. The operator E[-]
represents the expectation over all randomness, [n] denotes the
integer set {1,...,n}, Vf(:), Vfi(-) and Vf;(-) are the full
gradient, the stochastic gradient over a mini-batch I C [n] and
the stochastic gradient over a single training example indexed
by i € [n], respectively. dist(x,y) = ||z — y|| is the Euclidean
distance.

In addition, we assume that there exists proximal
mapping proxz,,(-) for r(z), such that proz, (z) =

arg minera { ok [ly — 22 + r(y)



Given a non-smooth function f(z) : R? — R, denote its
Fréchet subgradient by O f(z) and the limiting subgradient by

af (), i.e
2 0}7

A 7))~ flz)—v (@ -z
b1t f(E) ~ @)~ (7 )
8f(x):{U:EIxkgx,vkeéf(a:k),vk%v},

: lim inf —
7 — |

T—x

where the subgradient vector v € R?, the notation x}, i> x
means that lim xy = z and hm flzp) = f(x).
k—o0

In order kto make a fair comparison about the computa-
tional performance and avoid the dependence on the actual
implementation of algorithms, we use the number of IFO as
computational complexity, which is a convention of stochastic
optimization.

Definition 1. (Incremental First-order Oracle (IFO) [29]) An
IFO is a subroutine that takes a point x € R¢ and an index
i € [n] and returns a pair (f;(x),V fi(x)).

A. Assumptions

Assume that the function F(z) is lower-bounded by a
constant F'(z*), which is the minimum of the objective.
An assumption commonly used in the related works on
stochastic optimization is that the gradient of f; is G;-Lipschitz
continuous and L;-smoothness.

Assumption 1. A differentiable function f;(z), ¥V i € [n],
satisfies:
1) G;-Lipschitz i(2)|| < Gy, Vo € R4
Without loss of generality, we assume that 0 < G <
2) L;-smoothness, i.e., |V fi(x1) — Vfi(z2)|| < Liljz1 —
2o € RY. Without loss of generality, we assume
that Lh < Loy < --- < L,

Clearly, we can arrive at the following lemma.

Lemma 2.1. With L;-smoothness of each loss function f;(z),
the averaged function f(z) = LS filx) s L-smooth,
where L := 1 Ly L, de,

L
e =l 3)

f(@1) < fla2) +(VF(x2), 21 — 22) +

ITIT. SAMPLING TECHNIQUES

Let S be a sampling scheme, which is a mapping function
from the subsets of [n] to R. Therefore, a sampling S is uniquely
defined by assigning probabilities to all 2" subsets of [n]. Let
S be a random sample drawing with sampling S from [n] with
a sample size of E[|S|] =b.

For each sampling scheme S, we denote its probability matrix
as P € R™"*", where the element in i-th row j-th column is

P'L'j = PTOb({Z,_]} C S)

We denote the diagonal elements of P by p = (p1,p2, ...
and assume that p; < py <

+Pn)
.. < pp. We also define constant

k = max{i : p; < 1}. The sampling scheme S is proper if
p; > 0 for i € [n].

For probability matrix P, we further assume that there is a
vector v € R™ such that

P — pp” =< Diag(p o v), 4)

where o calculates the element-wise product of p and v, and
Diag(x) creates a diagonal matrix with the diagonal entries
equal to x. For any probability matrix P, associated with proper
sampling S, there exists at least one v satisfying Eq. (4), where

{ n(l—p;), fori<k
V; = O

otherwise
Other values of v; exist. For instance, the standard uniform
sampling admits v; = Z—:Zl’ and the independent sampling
admits v; = 1 — p; [19].

We give two specific probability matrices as concrete
examples, which are for standard uniform sampling and
independent sampling separately.

Standard uniform sampling. Each element in S can be
drawn uniformly from [n] with a fixed mini-batch size b. The
probability matrix P is calculated by

i=j

b
Pi,=< - o
’ { fLEl;ill))? i #
Independent sampling. Each i € [n] is independently included

into S with a probability p;, where p; = Prob(i € S). The
probability matrix P is given by
Di, 1= .7

P, = .
! { pipjs 1 F ]

Although this paper provides standard uniform sampling
and independent sampling schemes as concrete examples, the
analysis can be easily extended to other sampling schemes,

such as approximate independent sampling and 7-nice sampling
[19].

IV. THE MINIBATCH PROXSGD WITH ARBITRARY
SAMPLING

The proximal SGD methods have been developed recently
and use the uniform sampling method to solve non-convex non-
smooth regularized problems [18]. The ProxSGD method we
introduced here draws mini-batches using a general probability
matrix P that can be used to characterize any proper sampling
technique. Our analytic method provides a united framework
to study and compare different sampling schemes. For instance,
we have compared uniform sampling and independent sampling
schemes.

We propose to use arbitrary sampling (AS) scheme in the
mini-batch ProxSGD method named ProxSGD-AS, shown
in Algorithm 1. It draws a mini-batch S; of training ex-
amples at each iteration ¢, and the mini-batches are all
sampled from [n] based on an arbitrary distribution P,
with batch size b. After AS, we can aggregate the stochas-
tic gradient information by using g; = > g, o LT fi(xs)
and then conduct proximal operator proz,,(r: — 1g:) =



Algorithm 1 The mini-batch ProxSGD-AS

Require: Number of loop T, initial state 2; € R?, stepsize
1 > 0, probability matrix P
1: fort=1,2,...,T do
2 Draw a subset Sy C {1,...,n} according to P
3 gt = ZZGSﬁ nps sz(xt)
4: Ty = Prozgy (T — nge)
5: end for
6

: return x g, where R is uniformly sampled from {1,...,7'}

arg min, cpa {ﬁ”x — (@t —ng) | + 7’(:17)} at current ¢-
iteration. With AS technique, optimizers have more choices in
subsampling step, while it also brings more challenges in the
theoretical analysis. We provide a general convergence analysis

for the ProxSGD-AS as follows.
A. Unified analysis of ProxSGD-AS

Examine the update in each iteration of ProxSGD-AS:

) 1
Tiy1 € argmin {r(x) + 27\\95 — (¢ — ngt)IQ}
xeRd n

. 1
=argmm{r<x>+ (g0, — 22) +2n||x—xt|2}. )

zER4

Then, we know that 0 € 9r(2,41) + g¢ + %(Jctﬂ —z¢). By
moving the last two terms to the left and adding V f(2¢11) on
both sides, we get

V(@) — g - %mﬂ — 21) € V(2141) + Or(141)

(6)

Before given the main theorem, we first analyze the differ-
ence between consecutive iterates x; and x;1 and give the
following upper bound.

= éF($t+1).

Lemma 4.1. Suppose that Assumption 1 holds, we have that
foranyt > 1,

2
ey =2l < 77 (F (@1) = F (wisa)
n 2
T2l lge =V f ()" (7

Using Eq. (7), we can prove that the expected dis-
tance E[dist(0,F (z7))?] of the mini-batch ProxSGD-AS
is bounded by the sum of two terms: the variance of stochastic
gradient term, E[||V f(x:) — g¢]|*], which can be controlled
by using AS techniques, and the other term associated with
A = F(x1) — F(a*), where z; is the initial state and z* is
the optimal of Problem (1).

Theorem 4.2. (Convergence guarantee for ProxSGD-AS)
Given Problem (1), under Assumption 1, if 0 < n < -

then for all t > 1, ProxSGD-AS (Algorithm 1) has 2
. Ch & C
Edist(0,0F (27))*] < = §:j BV f(xe) = :ll] + A,

1+4l~/n72f12n2 C

T 72 2
In—2L22 = 2R g A =

where Cy = = T ore

F(l‘l) — F(Z‘*)

Proof Sketch. In order to evaluate if O is in the subgradient of
the regularized non-smooth non-convex problem, we compute
the dist(0,0F (x:+1)). By Eq. (6),

. A 1
dist(0,0F (¢41))* < IV f(x141) — g — ;}(Jﬁtﬂ — )2

1
= |V f(@es1) — gel* + ﬁ”l’tﬂ — xy|?

2
- E<Vf(xt+1) — 0t Tt4+1 — zt)-
From the L-smoothness, the unbiased property of stochastic
gradient generated with AS, and subgradient definition in
Eq. (6), and take the expectation on both sides of the above
inequality yields

E[dist(0,0F (x44+1))%] < 2E[|V f(z¢) — g¢]|*]
1+ 2Ln + 2L2n?
+ 7;2 1 21 — ]|

Substituting Eq. (7) into the above inequality further yields
E[dist(0, OF (¢11))]
< CLE[|[Vf (@) = gel*] + Co(F (1) — F(xe11)).

Our result is then obtained with properly defined C; and Co
as in the Theorem 4.2. O

According to the result in Theorem 4.2, to minimize the
expected distance E[dist(0,dF (x7))2], we need to choose
the sampling probability at ¢-th iteration, denoted as P?, that
minimizes the variance of the stochastic gradient, E[||V f(z;)—

gill]. ie

min
pt={p;€[0,1]| 327, pi=

D> —sz (21) = V£ (o)

1€St

Since as shown in [19], [szes np;

a7 iy g ll&l? if €1y, ., &, are vectors in RY and £ =
%21:1 &;, Problem (8) is equivalent to solve the following

problem

- €P| <

oy 2 Z tHsz (@* O
However, the solution to (9) is still inefficient since the
distribution P! needs to be updated at each iteration and Eq. (9)
requires to compute the gradient for each sample in [n]. Because
function f; is G;-Lipschitz continuous, i.e. |V f;(x)| < G,
we can optimize the following problem instead:

min
pi={p{€l0,1]| 37, p}

min

U;
ZGQ 10
pt={pt€[0,1]| 31, p!= b}nzz (10)

For the first time, we unify the analysis of Problem (1) for
different sampling schemes. With Problem (10), we are able
to explore and compare the performance of different sampling
schemes.



We examine the specific values for v; in different sampling
strategies. Our analysis also works for other sampling schemes,
such as approximate independent sampling or 7-sampling, etc.
Due to the space limitation, we only cover two commonly
used sampling schemes — uniform sampling and independent
sampling.

B. Mini-batch ProxSGD with uniform sampling

The unified analysis can first cover the special case — uniform
sampling, where p; = % and v; = >= ’1), we are able to get the
following corollary.

Corollary 4.2.1 (Convergence with uniform sampling). Given
Problem (1), under Assumption I, if 0 < n < ﬁ then for
all T > 1, ProxSGD (Algorithm 1) with uniform sampling
achieves

ZGQ 1Cu+ 22,

' . 9 11n-—
Eldist(0,0F (z7))%] < + T

“bnn—1

14+4Ln—2L%n?
n o

In—2L2n2 = ZHALoHALR® g A =

where C; = = T ok

F(.CL‘l) — F(ﬂf*)

We further can obtain the number of IFO calls for computa-
tional complexity to obtain e-stationary points.

Corollary 4.2.2 (Complexity with uniform sampling). Given
Problem (1), under Assumption 1, if 0 <n < ==, T = 20,4

. 2L ’ 62 ’
and a fixed batch size b = M

) ProxSGD (Algorithm
]) with uniform sampling achteves E[dzst(O OF (xR))?] <

. Then, the number IFO calls is W
computational complexity is O }4)

so the

C. Mini-batch ProxSGD with independent sampling

In independent sampling case, v; = 1 — p; and Problem (10)
becomes equivalent to the following optimization problem:

min — — (11)
p'={pe[0,1]| 37, pi=b} N> ; Di

Employing the KKT conditions, we can derive the solution P*
to Problem (11) as follows:
{ (b+k—n)=li— ifi<k
pi =

j=1Gi> - 12
1, ’ if i >k (12
where k is the largest integer satisfying 0 < b+ k —n <
=i
G

i When G s for each ¢ € [n] are significantly different,

k

such as 1 < =7 <2fork6[],thenk::n—b+1and
=t—, fi<n—->b+1

pi=4q =G (13)
1, ife>n—b+1.

When G;’s are similar to each other, i.e., bG,, < Z;”:l G,
k=mnand p;, = Z;jicj for i € [n].

We then present important corollaries for convergence and
computational complexity when the sampling scheme takes on
independent sampling scheme.

Corollary 4.2.3 (Convergence with independent sampling).
Given Problem (1), under Assumption 1 and with the same
setup in Theorem 4.2, ProxSGD (Algorithm 1) with independent

sampling achieves
k
Lo
n2 \b+k—n P

_ 244Ln+4L3n? o
= T nd A =

E[dist(0,dF (z7))?]

14+4Ln—2L%n? C

where Cy = T2l

F(l‘l) — F(l‘*)

Corollary 4.2.4 (Complexity with independent sampling). If
we further assume that G;’s are similar, k = n, T = 222 and

. 2, G20y

a fixed batch size b = ==i=4——, ProxSGD (Algorithm 1)

with independent sampling achieves E[dist(0,0F (zr))?] < €2.
n )2

Then, the number of IFO calls is 4y G) O1C2A

n2e?
computational complexity is O(e%)

, So the

Remark 1. Based on the Cauchy-Schwartz inequality, we
obtain

(e GY)

n_ G7 2 n i G2
o - e

By cross referencing the results with uniform sampling in
Corollary 4.2.2, Eq. (14) implies that the independent sampling
scheme can improve the computational complexity over the
uniform sampling.

/ (14)

V. THE PROXSARAH WITH ARBITRARY SAMPLING

In this section, we first propose the ProxSARAH method
with AS, named ProxSARAH-AS in Algorithm 2. We then
give a unified convergence, and computation complexity of
ProxSARAH-AS under any proper sampling schemes for
non-smooth non-convex regularized problems. Similarly, the
theoretical results for uniform sampling and independent
sampling are also provided. Note that the ProxSARAH [18] is
a special case of our formulation with uniform sampling. Our
new analysis actually helps show a better convergence speed
for the ProxSARAH method with a tighter bound.

In the family of variance reduced methods, there are inner
100;))5 in each outer loop. In the j-th outer loop, a full gradient

is computed (Line 3) for the use of reducing the variance of
the stochastic gradients. In the following inner loops, stochastic
variancelreduced gradient Vt(j ) is calculated using a mini-
batch S, @) that is drawn from [ng according to P, i.e., Vt(j) =
Zzes(” o L (V@) =V fi(22)) + VI, We then update

the variable mtﬂr)l based on stochastic variance reduced gradient

V) and the proximal mapping of r(z).

A. Unified analysis of ProxSARAH-AS

In this subsection, we provide the general convergence and
computational complexity analysis for the ProxSARAH with
uniform sampling and independent sampling respectively.



Similar to ProxSGD, the update of xgi)l in ProxSARAH is:

(’))IIQ} (15)

1 ;
+gllo oI,

then by the definition of arg min, we have

1 ,

xg_)l € argmin {r(m) + 2—||a: - (x,(ﬂ)
zER? n

= argmin {r(az) + (Vt(j), x x,@)

zER4

. N1 ,
0€dr(aph) + V7 + Ll — o).
Hence, fV(J) ( (]) (J)) Gar(xgr)l) implying
N1 N
Vi) -V = ~@fh - a) € Vi) + or(ify)

= OF (zP))). (16)

Algorithm 2 ProxSARAH-AS
Require: Number of outer loops .7, inner loop m, initial state
Z!, stepsize 7, probability matrix P
cfor j=1,2,...,7 do
2 = 5@

W>1zuvm ))
(J) (

1
2
3
4
5: fort_12...,mdo
6:
7
8

Draw a random subset Sﬁj) c{l,..,n}
according to P

VO = % s - (Vi) = Vi)
N e
: t—1

10: xgr)l = prox,, [z, ) _ nV(J ]

11: end for

12 set Tl = J](J)

13: end for

14: return xp, where xp is uniformly sampled from
(M, alDy

Before diving into the proof for the main theorem of
convergence, we first give the following three lemmas as
preparation. Detailed proof can be found in supplemental
material.

Lemma 5.1. Suppose that Assumption 1 holds and con-
sidering updatmg formula m ProxSARAH-AS: VJ =
Yieso e (V il NV fi(@D) VD), then V1 <t < m,
we have that for any j > 1

t

BIVY =V < Q Z Bllla’ — =12,

2
where Q =Y, ;fmg.

Lemma 5.2. Suppose that Assumption 1 holds, we have that
foranyV1<t<m, j>1

. . 11 - .
WV =V f@E?), e, 2Py + 2=~ D)|a¥)) — =

< F(a) -

()12
b

[\
3

F(z?),).

Lemma 5.3. Suppose that Assumption 1 holds, we have that
forany 7 > 1

S Elllaf)) — =)
t=1
1 .
< g P ) = Pl
2( 2 ) 2L
1,1 m
where 5(5—2L)—2—EQ > 0.

Using the above lemmas, we can state and prove our core
convergence result for ProxSARAH-AS in Theorem 5.4, where
we let J be the total number of epochs, A = F(3') — F(x*),
where 7! is the initial state and z* is the optimal of Problem

(1) and define a constant Q = >

i=1 plnz

Theorem 5.4. (Convergence guarantee for ProxSARAH-AS)

Given Problem (1), under Assumption 1, n = ﬁ , the
ProxSARAH-AS (Algorithm 2) satisfies "
J m
1 . A ) 1 4mQ
— ZZE[dzst(O,@F (z1))°] £ —( )A
mJ j=1t=1 mJ

Proof Sketch. Let’s try to bound dist(0, 3F(m£i)1)) By Eq.
(29),
1

dwwméFu$A»2=HVfuﬁhw—VF*—Emﬁh 2|2
= ||Vf(P) — VI + 7ﬂn%+1—xtn2
2
= V) =V e, (17)

Then by reorganizing inequality in Lemma 2.3 , we obtain:

(Vi) =V ol — )

Ty — T¢
< Fla) = Foi) = 5 = Dlleh = o)1
— (Vi) = Vi) 2l - a?).

Putting the above result in Eq. (17), and further applying
L-smoothness of f(x) and Young’s inequality, we get,

dist(0, éF(gcgi)l))

<2V — V)|
2 .

+#HﬂW—FH&D

By summing over ¢ = 1,...,m, using the result in Lemma
2.2, and taking the expectation,

- 3L .
+@ﬁ+?wmﬂ—ww

zm: E[dist(0,0F (z?),))?
t=1

- 3, , ,
ngwﬁ+Wzmm&xmm
t=1

2 4 -
+ ZE[F@E{) - )

n Fle



Next, plugging in Lemma 2.4 for the term ;" E[||:Jc§i)1 -

29|12,

m

> Bldist(0,0F (1))

t=1
2Qm + 2L? + 3L L2
1,1 T mQ
sy =20 =5 1

Let %% = 2L + ”}Q, then > L+ mEQ, we get the final
result. O

We further analyze the computational complexity of the
ProxSARAH-AS and obtain its computational complexity in
terms of the IFO calls. Note that this part of our analysis does

not need to go down into a specific sampling scheme, since

we have a unifying form of ) for different sampling schemes.

Theorem 5.5. (Complexity for ProxSARAH-AS) In order to
achieve an e-accuracy solution, i.e., E|dist(0,0F (xg))] < e,
the number of epochs required is J = m162 (24i + %)A,
where A = F(z') — F(z*). The computational complexity in
terms of the number of IFO calls is %’31’(2413 + %)A.

B. ProxSARAH with uniform sampling
For uniform sampling, we have p; = % and v; = Z—:ll’ With
Theorem 5.5, we are able to get the following corollary.

Corollary 5.5.1 (Complexity with uniform sampling). In order
to have E[dist(0,0F (xr))] < ¢, the number of epochs J =
oz (241 4 A3 LB=b (ST | L2))A, where A = F(Z') —

F(x*). If we further assume b = m = \/n, the number of IFO
calls is upper bounded by ‘F(24L+ 55(2?:1 L?2))A, so the

computational complexity is O( 6—2)

Remark 2. If all L;’s are the same and equal to L, the
computational complexlty is QSLﬁA Comparing with the

results in []8], i 2)/5(1 JC)L‘FA where 0 < ¢ < %
Because (%

+ 8¢ —2)/(1 — 3¢) > 46.67, our bound is the
tightest one so far.

C. ProxSARAH with independent sampling

For independent sampling case, we have v; = 1 — p;. To
minimize E[dist(0,0F(xr))?], again we need to optimize the
following problem for the best P*:

min =) L (18)
p={pi€l0.1]| i, pi=b} n? ; p

Based on the KKT condition, the solution P* to the above
optimization problem is:

{ (b+k —n)set—

ifi <k
j=1 %3
1, ifi>k

Di =

19)

where k is the largest integer satisfying 0 < b+ k —n <
% If L;’s for i € [1,n] significantly differ one another
k

sothat1<%<2fork:e[n],thenk‘:n—b—i—land

Li o ifi<n-—b+1
p; = j=1Li o (20)
1, ifi>n—0b+1.
If L;’s are similar to each other, so bL,, < Z L;, then

k—nandplzzw for i € [n].
We also obtain the. followmg specific corollary for indepen-
dent sampling:

Corollary 5.5.2 (Complexity with independent sampling). In
order to have E[dist(0,0F (zg))] < € the number of epochs
is

k
1 -~ 4m C 1 9
= —(24L = —_ L;)*A). 21
J me2( A L 2b+k’—n(2; ) A) @h
If we further assume bL, < ijl Lj, and b = m =

\/n, the number of IFO calls is bounded by g(%i +
%%(Z?ﬂ L;)2A), so the computational complexity is O(Z% ).

Remark 3. Results in Corollaries 5.5.1 and 5.5.2 imply that
the independent sampling scheme improves the computational
complexity, because

(Xiea L?)/(Z?:l Li)?

n n?

n 2

_ n%i:l L¢2 > 1.
(21:1 Li)

VI. THE PROXSPIDER WITH ARBITRARY SAMPLING

In this section, we further propose a new method,
ProxSPIDER-AS to speed up the convergence process of
solving non-convex non-smooth regularized problems. We also
provide the convergence and computational complexity results
under our unified analytic approach.

The details of ProxSPIDER-AS are given in Algorithm
3. The key difference between Algorithm 2 and 3 is that
ProxSPIDER-AS, unlike ProxSARAH-AS, avoids computation
of the full gradient, which can be computationally prohibitive
for massive datasets. Instead, it calculates a batch gradient
over a mini-batch S for variance reduction. Specifically,
at the beginning of each outer loop iteration j, we estlmate
the gradient ), ¢ ;) T LV fl(xo )) over a random subset SU
with batch size B, which are sampled from [n] based on an
arbitrary distribution P’. In the following inner loop iterations,
we construct the stochastlc gradlent estimator V; () based on
a subset data samples S ) draw from [n] according to a
probability matrix P, i.e., V(]) Zzes(” 7sz( fi(z (J)) —

\% fz(xt 1)) Vt(j)l In order to handle the possible non-
smoothness, we then g)erform a prox1ma1 gradlent step to update
the variable, i.e., 2/ Y = proty, 29 — V).

A. Unified analysis of ProxSPIDER-AS

In this subsection, we will provide the general convergence
analysis for the ProxSPIDER-AS, which can cover any proper
sampling. Before showing the convergence result of the



Algorithm 3 ProxSPIDER-AS

Require: Number of outer loops .7, inner loop m, initial state
Z!, stepsize 7, probability matrices P, P’

1: for j =1,2,...,7 do

2: .Téj =70 4

3 Draw a random subset S C {1,...,n} with
4 size B, according to P’

s W = Dieso g Vi)

6 xgj) (J)

7: fort—12 .,m do .

8 Draw a random subset St(J) c{l,..,n}
9 with size b, according to P

10: vt“) = s - (Vi) = Vi)
11: —i—Vt 1 ‘ ‘

12: xg_)l = proxy,.[x EJ) — th(])]

13: end for

14: set 7+ = :L(])Jr

15: end for

16: return xr, where xgr is uniformly sampled from

{x(l) ...,xg)}

ProxSPIDER-AS, we first provide the following preparation
lemmas to help the understanding of main theorem. Detailed
proof can be found in supplemental material.

Lemma 6.1. Suppose that Assumption 1 holds and con-
sider updating formula in ProxSPIDER-AS: Vt(j)

j n viL?_
Sies i (VA =V i ) +VDL @ = T, 2,
then V1 <t < m, we have for any j > 1

t

<QYF

E[VY - Vi)

Ellled — 212 +

n v, L? / n  v,G?
where Q =3 | % and Q' =37, o
Lemma 6.2. Suppose that Assumption 1 holds, for j > 1, we
have Y, Elle)y — x7|?) < mg EIF («f) ~

1
T 3(5—20)- %2
F(xgnl_l)], where 5(5 —2L) — "21—? > 0.

With the above preparations, we are able to derive the
following generic convergence result of the ProxSPIDER-
AS for any proper sampling using A, @ and @', where

A F( ) ( )Q Z’L lpnj’andQ/ 2?1;722'

Theorem 6.3. (Convergence guarantee for ProxSPIDER-AS)
Given Problem (1), under Assumption 1, let n = 1/(AL +
2mQ/L), then for V1 <t < m, j > 1, the ProxSPIDER-AS
(Algorithm 3) achieves

J m
1
7221@ [dist(0,0F (217),))?]

3

Proof Skeich. Let’s try to bound dist(0, OF (x),)). Similar
with the analysis of ProxSARAH-AS,

dist(0, éF(xgﬁl)f <2V —Vf(x
7>||a:5221 — 2|2+

By summing over t =1, ...,
3.2, and taking the expectation,

o

- 2 .
+ (207 + 5<F<ac§”> F(z?),)),

m, using the result in Lemma

ZE [dist (0, 8F(xt+1))2]
t=1
LS 6
S Elaf) - a
t=1

F(z9 )]+ 2m@)’

< (2Qm +2L% + 912

2 .
+ EE[F@:&”) -

Next, plugging in Lemma 3.3 for the term ) ;" | [||a:§i)1 -

29|12,

Em: Eldist(0, F (z9),))?]

t=1
2Qm +2L2 + 3L 9
—F DB(F@) = Flepl)] +2mQ
2( ) 2L T]
Therefore:
1 m
ijZEdzst 0,0F x,(fi)l)) ]
j=1t=1
1 2Qm+2L2+3L o
< _ '+ 2)E[F(zY) — F(z*)] + 2Q".
2
Let %% — oL + miQ ,then %% > L+ mi and we get the final

result. O

For simplicity, we use the same sampling scheme, either the
uniform sam?lmg or independent sampling, for drawing both
SU) and S, G

B. ProxSPIDER with uniform and independent sampling

Again, we obtain the following corollaries on computational
complexity if a specific sampling scheme is used.

Corollary 6.3.1 (Complexity with uniform sampling). Given
Problem (1), under Assumption 1, if B = 2 (3" G?), m =
b=+vB, A=F(&')— F(z*), then the number of IFO calls
to achieve E[dist(0,0F (zg))] < 2‘F(24L—|—

(ZZ L L2)A, and the computational complexity is O(Z).

For the independent sampling scheme, we further assume
there is no significant difference in G;’s and L;’s (i.e., bG,, <
> =1 Gy and bL, < 377 | L; ), we obtain the following
result.

Corollary 6.3.2 (Complexity with independent sampling).
Given Problem (1), under Assumption 1, if B =
22 G m=b= VB, A = F(&')—F(x*), then the
number of IFO calls required to achieve E[dist(0,0F (xg))] <



(a) covtype + I, norm

( b) australian + 'o norm

(c)ijennt + I0 norm

10° 10° N T T
—_ SSDC-VR SSDC-VR 10 [ SSDC-VR
"""" = = =VRSGD ! = = =VRSGD % = = =VRSGA
'R s N [ poxsad’ |1 TX\ e e Prox-SGDY ‘l AN | Prox-SGDY
107! Prox-SARAHY Prox-SARAHY a1 Prox-SARAHY
L ! = = = Prox-SPIDERY = = =Prox-SPIDERY w10 h = = =Prox-SPIDERY
= '| Prox-sGD' |’ Prox-SGD!' R Prox-SGD' |
fing . Prox-SARAH' Prox-SARAH' I v N e, Prox-SARAH'
102 ' Prox-SPIDER! Prox-SPIDER' |~ 102 F N Prox-SPIDER' |,
\ S -
1 e ———— 102
0 1 2 3 4 5 0 1000 2000 3000 4000 0 2 4 6 8 10
#1FO x10° #1FO #1FO x10°
(d) covtype + 1, ; norm . (e) australian + 1, . norm (f)ijenn1 +1j . norm
10 Pl I N AN SR
SSDC-VR SSDC-VR ! SSDC-VR
= = =VRSGD = = =VRSGD B = = =VRSGA
.......... Prox-SGDY seessennes Prox-SGDY 5 seessennes Prox-SGDY
Prox-SARAHY Prox-SARAHY 10! I Prox-SARAHY
w = = =Prox-SPIDERY w = = =Prox-SPIDERY w 1 = = =Prox-SPIDERY
= Prox-SGD' = Prox-SGD' = “ e, Prox-SGD'
g Prox-SARAH' g Prox-SARAH' g N Prox-SARAH' [T
Prox-SPIDER! Prox-SPIDER' |~ 102 AN T Prox-SPIDER' | -
~
‘—\ - S -
107 10" 10°
0 2 4 6 8 10 0 2000 4000 6000 8000 10000 12000 0 2 4 6 8 10
#IFO <10* #IFO #IFO %10°

Fig. 1: Comparisons of Prox-SGDVY, Prox-SARAHVY, Prox-SPIDERY, Prox-SGD’, Prox-SARAH’ and Prox-SPIDER’, with SSDC-VR and
VRSGD on [y and lo.5 regularized problems. F'* is a lower bound of function F'(x).

€ is bounded by 26—2@(24@ + 72 (i Li)®)A. so the

computational complexity is O(E%)

VII. EXPERIMENTS

We empirically compare the proposed algorithms against the
state-of-the-art methods: SSDC-VR [16], and VRSGD [17].
For clarity, we use the superscript U to denote the methods
with uniform sampling (Prox-SGDY, Prox-SARAHY, Prox-
SPIDERVY) and the superscript I to denote those with indepen-
dent sampling (Prox-SGD!, Prox-SARAH’, Prox-SPIDER).
Three benchmark datasets are used in our experiments: covtype,
australian and ijennl, all of which can be downloaded from
the LibSVM website!.

Following the convention in the stochastic optimization
literature, we use the number of the IFO calls to measure
the computational complexity. This can make the computa-
tional complexity independent of actual implementation of an
algorithm. For a comprehensive comparison, we also include
the decrease of function values over the number of iterations
into our comparison. The parameter p for SSDC-VR and
VRSGD is chosen by grid search from {10, 1,0.1,0.01,0.001}.
The stepsize 71 for each algorithm is set by a grid search
from {10,1,1071,1072,1073,10~*}. All the algorithms are
initialized with the same () for the same dataset.

In our experiments, we use different algorithms to solve the
following problem for classification tasks:

min {F(z) := f(z) + Ar(z)}.

z€ERY

Thttp://www.csie.ntu.edu.tw/cjlin/libsvmtools/datasets/

We adopt the following smooth but non-convex regression
function f(z) to be the classification loss function: f(x) =
s (1 =y (a;rm))2 where o (-) is the sigmoid function.
This function has been extensively used to test stochastic
algorithms with different sampling techniques because G;’s
and L,;’s for this function can be computed via ||z||2. These
parameters may be estimated, for some more complex problems
[19]. The non-smooth and non-convex [, norm is used as the
regularizer (z) where 0 < p < 1, which are commonly used
in sparse learning. More specifically, p = 0 and p = 0.5 are
tested due to their well-studied proximal operators.

In our experiments, both SSDC-VR and VRSGD do not
perform well for covtype data and VRSGD also reduce function
values slower than other algorithms for ijennl data. Compared
with the SSDC-VR and VRSGD methods, the Prox-SARAH?!
and Prox-SPIDER’ show obvious improvements over the
counterparts with uniform sampling. We can also see that
the proposed Prox-SPIDER’ algorithm is the fastest among the
algorithms across the different tasks. An interesting observation
shown in Figure 1 (e) is that the Prox-SPIDER’ can not only
reduce the loss function quickly at the beginning stage, but also
escape narrow stationary points in the later stage, which may
benefit from the variation of the batch gradient in the outer
loop. Based on the experimental results, it is safe to conclude
that all methods using the independent sampling technique tend
to be faster than their corresponding methods with uniform
sampling. These empirical observations are consistent with our
theoretical results.



VIII. CONCLUSION

To solve the sparse learning problems with nonconvex nons-
mooth regularization, we propose a series of stochastic proximal
gradient methods, including ProxSGD-AS, ProxSARAH-AS,
and ProxSPIDER-AS, that replace the original methods by
a new data sampling scheme. The proposed methods draw
mini-batches based on an arbitrary probability distribution
when calculating the stochastic gradients. A unified analytic
approach is developed to examine the convergence and com-
putational complexity of these methods when an arbitrary
sampling scheme is adopted. This theoretical framework helps
us compare the different sampling schemes, and we show
that these proximal methods tend to perform better when
independent sampling is used rather than uniform sampling.
Furthermore, even for the uniform sampling, our new analysis
derives a tighter bound on convergence speed than the best
one available so far. Empirical studies confirm our theoretical
observations. As a future direction, since the current research is
focused on e-stationary points, further exploration for escaping
saddle points or converging to local minimal might be of great
interest for non-convex problems.
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APPENDIX
I. MINIBATCH PROXSGD WITH ARBITRARY SAMPLING

We have stated the update of ProxSGD in main paper, here we restate the main results we may use in prove procedure:

) 1
Ti41 € argmin {r(m) + %Hx — (zt — 779t)||2}

rER4
1
:argmin{r(ac)—i— (gt, @ — x4) +||x—xt2}, (22)
z€R4 27’
1 . .
V(@) — gt — E(mﬂrl —x1) € Vf(@e41) + Or(x441) = OF (T441), (23)
Lemma 4.1. [distance bound]
2n Ui 2
Tiy1 — T F(x;) — F(x 4 — —Vf(x .
fvss =l < T (F o) = F o) + e loe = 9 )
Proof. Considering equality (22), we obtain:
1
7 (2eg1) + (g, Togp1 — ) + m i1 — ae])® <7 (20) (24)

Since f(-) is L-smoothness, we get:

J(@ep1) < fze) +(Vf (@), 001 — 2) + 3 o1 — 2| (25)

Combining inequalities (24) and (25), we finally get:
1 ~
(ge = Vf (@e) 241 — @) + 5 (/0 = L) [|2e41 — w|* < F (20) = F (2441)
Then,

%(1/77 — L) loer1 — 2e)|? < F () = F (we11) — (g6 — Vf (@), 0er1 — 24)

1 L
< F(xg) = F(w11) + Y lge = Vf (z)|* + = ||l‘t+1 — x|

The last inequality holds due to —(a,b) < o-|lal|* 4 £[|b||%. Therefore we achieve the bound of distance of parameter z,

= 2c

2n 7
F(xy) — F(x 4+ —
1—2Ln( (z¢) (zt+1)) YD

lgs =V f (2l

|2t1 — xt||

O

Then we give the details of proof of our main results in Theorem 4.2.
Theorem 4.2. Considering Problem (1) under Assumption 1, if 0 < n <
will have,

2L, then for all 7" > 1, ProxSGD-AS (Algorithm 1)

T

Eldist(0,0F (21))*] < % ST E(V () — P+ %A,

_ 1+4in72[~/2n2 _ 2+4Zn+4i2n2 _ _ *
where Cy = T2l Cy = o A = F(xy) — F(a*).

Proof. Let & = V fi(x¢), then from Lemma D.1,

E[Qt}ZE[Z&

no;
1€ESy Pi

| =é=vse, 26)
and

1 & V;
Ellg = V(@)l*] < — Z — IV filo) |- 27)
=1 Z



From the above analysis, in order to measure the sub-gradient of regularized non-smooth non-convex problem, we now
considering dist(0,0F (x+1)). By Eq (23),

. A 1
dist(0,0F (2441))* < ||V f(2141) — g — 5($t+1 —zy)|?

1 2
= |Vf(@ir1) — gel> + ?th+1 — x| - HWf(xtH) — g6, g1 — Ty)

Taking the expectation on both sides,

Eldist(0,0F (x111))]
< E[||Vf(xit1) — g:)?] + iE[thH —z|?] - %EKVf(ﬂ?tH) = Gt, Te1 — Tt)]

= B[V f(xe41) — V() + VI(ze) — gel*] + %E[thﬂ — z4||]

~ (V@) = Vi) = o)

< 2BV f(ze1) = V@) P] + 2E(IV f(20) — g:]”] + %E[me — ]

2||Vf(xt+1) Vi@ lzee — il

- 1 2L
<2L2B|[we1 — x|®] + 2B[[V f (2e) — g:]1*] + ?E[thﬂ —a?] + 7||$t+1 — ||

1+2Ln + 20202
P22 gy — 2

E[Vf(ze) — gl*] +

+ 0| < 2[|al|? + 2||b]|*> and —(a,b) < |/a||||b], the third inequality holds due to

the second inequality holds due to ||a

L—smoothness.
Put in the distance bound for |1 — 7¢]|? in Lemma 4.1, we get

E[dist(0,0F (z441))?] 3 ~
1+2Ln+2L%% 27 (F (z4) — F (2441))

<2B[|Vf(x:) = g:l*] + _
< 2BV f(z1) ~ 0] A
L+2Lnp+2L%2 ,
+ = = - Vf(z
772 I — 2L277 ||gt f( t)”
1+4L77 Q.Z/Q 2 5 2+4E77+4I~/2772
= Ln — 2022 VE[IV f(ze) — gel”] + ( Y 20 V(F(z¢) — F(x441))

= CLE[|Vf (1) = gell*] + Co(F(x¢) — F(2441))

22 2,2
whereO<77<2E letC:%C:%A Fla
Therefore, we get the final result,

. A 2 Cl d 2 CQ
Eldist(0,0F (xg))*] < - > ElIVf(z1) = g:[*] + = A.

1) — F(x*), where * is the optimal of Problem (1).

O

A.  Mini-batch ProxSGD with uniform sampling
Corollary 4.2.1. Considering Problem (1) under Assumption 1, if 0 < 7 < 57 then for all T > 1, ProxSGD (Algorithm 1)

with uniform sampling will have,

E[dist(0,0F (z1))?] < 2;2_ : ZG2 )Ch + == 02

1+4L7; 2/:2772 _ 2+4Ln+4L27]2 *
where C] = Tooaiae > C2= = 0 s , A= F(x;) — F(z*).

Proof. For uniform sampling, )
n—




and

Di

Il
Sl

n

T
1 i
Z IVFGe) = ) &= 25 > Vil

=1

H \

we can get the desired result. O

Corollary 4.2.2. Considering Problem (1) under Assumption 1, if 0 < n < L, T = 22—§A and a fixed batchsize b =

" 2 2L°
(2 Z'i:l Gi )Cl
ne?

, ProxSGD (Algorithm 1) with uniform sampling will have,
. 2
E {dist (o,aF (xR)) } <é.

Then, the computational complexity is

A1, GY)C1C2A

net

Proof.

bnn—1' 2 bt pat 2
RNC) vyer)
ne2
CQ 62 202
— AL —=T>—7A
T — 2 €2

47, GHC1CoA with

net

. 2
Then, we get E {dist (0,8F (xR)) ] < €2, And the total computational complexity is 7' * b =
0<n< 3 0O

B. Mini-batch ProxSGD with independent sampling

Corollary 4.2.3. Considering Problem (1) under Assumption 1, if 0 <7 < 57 then for all T > 1, ProxSGD (Algorithm 1)
with independent sampling will have,

k

s ¢ 1 e
E|dist(0,0F (x7))%) < ﬁm(ZG) + A,

14+4Ln—2L%n> _ 244Ln+4L3%n? _ _ %
where C; = T2l T Cy = Y , A =F(x1)— F(z*%).



Proof.

R C T n ) C
. 2 1 2 :2 : i ~2 2
E[dlst(o,aF(xT)) ] S ﬁ et EGl + ?A
O~ 1—pi 5, O
iy, GitTh
1 Zn 1 o O - 5 O
f— —_— - 7A
n? = i ¢i 2 Zi:1 Gi+ T
ko k k
Ci 1 9 Co
- — A
22 \ bt k—n Zl (jzzl G5)Gi ; G+
c 1 b il C
1 2 2 2
n? <b+kn ZFIG’) Zz=16'1>+ T
k
& 1 5 Oy
e &2 5
=2 b+k—n(;Gl) T

O

205, A
2

Corollary 4.2.4. Based on the above corollary, we further have that G; are similar, k =n, T = and a fixed batchsize

_ 2, Gi)PCh . c . . .
b= ==i=—~—, ProxSGD (Algorithm 1) with independent sampling will have,

E {dist (o, oF (xR)ﬂ < e

Then, the computational complexity is
k
4( E i=1 Gi)chch

nZet

Proof. Since k = n,

Eldist(0,0F (z1))?) < ﬁl(z Gi)* + @A,

— n? b4

C1 1, 2 Cr 2 &
! (ZGi)2§%:>b:—l—(ZGi)2

n2b

48, GHC1CA

n2et

. 2
Then, we get E [dist (O, OF (x R)) } < €2, And the total computational complexity is T * b =

II. PROXSARAH WITH ARBITRARY SAMPLING

We then give the analysis of ProxSARAH with arbitrary sampling (Algorithm 2) under non-smooth non-convex regularized
problems. Before proving the main Theorem 5.4, we have some prepared lemmas.
Similar to ProxSGD, the update of 931(:1)1 in ProxSARAH is:

4 ) 1 , .
xﬁheammm{ru>+%ﬂx(ﬁ”n%”)z}

reRd
. . 1 ,
= argmin {r(x) + <Vt(J),x — xgj)> + —|x— x£])||2} (28)
reRd 277

then by the definition of argmin, we have
R . . 1 .
0€or(ei) + V7 + (@i = o).
Hence,

. 1 . . . .
V= L -l € o),



implying

. 1 ) A
Vi) - vtm—;(aciﬁl 2) e V() + or(z?))

OF (z{)). (29)

Lemma 2.1. Considering updating formula in SARAH: V(j) ZzES(J> —(Vf,( (J)) Vi ( )) —|—V(7) , then V1 <t < m,
7 > 1, we have

t
BV = Vi IP) = DBV = v ) ZEHW )= VAL
k=1
Proof. Since V") = 32, o 75 (V filw”) = Vfi(a)) + V7, then

L (@) - iED)] = VD) - VD).

np;

BV v =Bl Y

ies{?)

Let’s further bound E[||[VY) — V£ (27)||2),

BV = V)2 = BV v + V2, = Vi) + V@) - VD)
BV VP + BV, = V)P + BV @) - V)]

+2E[<v§” Vol — V()]

+ 2BV V2, Vi) - Vi)

+ 2BV, = V), Vi) - Vi)

BV VP + B[V, = V)P + BV @) - VD))

—2B[|Vf(={)) - V()]

= B[V - t_1|u+EH|v<” V)P - BNV @) - V)]

=N B[V — v 117 - Z E[|Vf(?) V).
k=1 k=1

Lemma 2.2. Considering updating formula in SARAH: Vt(j) = Zlesm o (Vfi(z (])) Vfi(z _1)) —l—th)l, then V1 <t < m,
7 > 1, we further have

t

BV -V f(x <QY B2y — =17,

k=1

where Q = i,

pn2'



Proof. Let & = ;- (Vfi(z{)) — Vfi(x{,)). then

E[VY - fo'hnﬂ — VS0 = VD))

= B Z (Vfile?) = Vfile DIP = Z[Vﬁ( N = VD)
1€S(J) Di i=1
Femme P ST &) —||foZ||2

icS)

Lemma D.1

Z UzszngQ
— 7V(])_v ) 2
vzpzll (Vi) = VfizZy)l
i=1 "pi
<Y Eile = P 2 QU — il
= VP
The last inequality holds due to L;-smoothness assumption. Then we use Lemma 2.1,

B[V =V 12 = V@) = V)17

Mﬁ

B[V = Vi) =

~
Il

IN
O
(-~

Elllzf? -2, 112).

b
Il
—

Lemma 2.3.

. . . 11 - . . ;
W = Vi) iy - o) + 5C = Dy - oI < Fay) = Feh).

3

Proof. From updating rule (28), we also have

; 1
r(efh) + VD el — a2y +

ozt = eI < ria).

By Lemma 2.1 that f(z) is L-smoothness, we further obtain that
i) < F@?) + (Vi) afh - ) + ||x§21 |

Combining these two inequalities, we obtain the result.

Lemma 2.4.

> EBllefh -2 IP) € tr—7—mg EIF @) - Flay))],
t=1 n

where %(% —2L) — 7;—? > 0.

Proof. By Lemma 2.3, we obtain that

— D)||z{)) — |2

1 ; . 11 - ; ;
IV = V)P + G ey =1 - 5 = Dl = o)

1 ; : - . )
= 57 IV = VI - 5<5 —2D)ljey — |,

j j j 1.1
Ff) - Fi) < -0 - Vi) ol - o) - 50

IN

The second inequality holds due to —(a,b) < 3||al* + 3]|b]|>.

(30)

3D



Taking expectation on both sides and plugging Lemma 2.2 in, we get:

; 1 . . 11 - ; X
EIF (i) = Fa)) < 2 BIVY = VI = 56 = 2D Elllei o |
Qv G) &) L1 = @ )2
< = Elllz;y — =« — — (= =2L)E|||x —x
S o =2y IP) = 5, = 2D Bl = 27|,
Re-adjust m and add one more term, we get
BlF (e ) = F@)) < o2 373 Bllla) — 2,17 = 50 = 20) Y Bllley — =)
2L t=1 k=1 77 t=1
Q m t 1 1 m ) )
< fz Elllz), — 2?21 - 5(= = 20) Y Blllaf), — o]
2L = = 2 n =
m . . 1 1 .
< o 2 Blle -l - 5 - Z [ty — =11

1,1 - & ; ;
- <m—9 - 45 —2L) Y Bl — o
t=1

2L 2
By noticing that 2§ = 2{"), we get
m ) ) 1 ,
> Bllathy =2 17) £ 17— =g BIF @) = Pl
=1 205 —20) = 5
where %(%—2E)—7;—§ > 0. O

Theorem 5.1. Considering Problem (1) under Assumption 1, then V1 <t < m, j > 1, ProxSARAH-AS (Algorithm 2) will
have,

1 J m . . () \2 1 4mQ) 1 *
m—jZZE[dzst(O,&F(xtH))] W( 7 JE[F (%) — F(z")],

j=1t=1

2
where Q = >, ;Lﬁz

Proof. Let’s try to bound dist(0,0F (z/),)). By Eq (29),

dist(0,0F (v)))” = |V f(aily) = v - n(ziﬁl—xiﬂw
. . . 2 . .
= V(i) - vf”nuﬁnxﬁi’lfx§”||27<w<x§21> Vi 2l — )

Then by reorganizing inequality in Lemma 2.3 , we obtain:

. . . 11 - . .
~(Va) =Vl o) S F) = Faph) - 50 = Dl — )P
i.e.,
. B ] . 11 - . ;
~(VI@E) = vl = o) S Pa) = Pl = 5 = Dlleh - 07|

<Vf(37t+1) Vf(xtj))v 371(51)1 - $§j)>-



Plug in the above result,

dist(0,0F (27)))?

< |Vf@Z) - vﬁ“nﬂgnwiﬁl s + n( Fa) - F(z)))

n<w<xt+1> Vi), el — i)

<[V - vl + nnw&fﬁl x§”||2+§<F<m§”> F(z)))

f||Vf<xt+1> VI — )

< |VFEZ) - VPP + nnx&i)l w7 + n(F( ) - F<x£21>>+é||w§21—x§”||2
) — v+ B, a2 ¢ %(F(xﬁ”) — F(z)))

<2 VSa?) = VI + 2095 a) - V)P + el = ol + Z(Fa?) - Felh)

. . - 37, . . ) )
<2V = V@ QL Dl - a4 L (Fa) = Fah)),

where the third inequality and the last inequality are due to ||V f (acgr)l) —-Vf (a;? )) I < I~/||x§i)1 -
is due to Young’s inequality |la + b||* < 2||a|* + 2||b]|%.
By summing over t =1, ...

acgj ) I, penultimate inequality

,m, using the result in Lemma 2.2, and taking the expectation,

m

> Bldist(0,0F (x})))’]
t=1
L, 3L & | Sy 2 |
< (Qm 207+ 5 3 Ellleil — a7 4+ L) = F(e)
t=1
- 3, ) ) ) )
= (@Qm+ 2L+ =5 3 Blllaih o I + L BIF() = Flaga))
t=1
Next, plugging in Lemma 2.4 for the term )", [||:EtJr1 — xtj)H I,
3" Eldist(0,0F (z),))?]
t=1
2Qm + 2L? + ﬂ 2
i wg BFG) — )l + 5 BIF (@) ~ F(e)
2(7 —2L) - 2L
2Qm+ 202+ 3L 5 ,
=(T1 57 mg S)EIF(af) - Flag))]
3y —2L) =5 0
Therefore:
J m 2 3L
1 1 2Qm+2L + 2
—— "N Eldist(0,0F (x)))?) < —— &+ -)E[F(E') — F(a")).
mJ o e mJ —(— —2L) — 2L 7




Let 5, = 2L+ ™2 then o > L+ ™2 and we get

(2Qm +2L? + 3L) L2

LT 0 1
— D2 Bldist(0,0F (x(h))) = ——

j=1t=1 mj %% 7
< ij(mi + %)E[F(il) — F(a7)]
. 4mQ 1y *
=7 VE[F (&) — F(z7)]
where Q@ = Y"1, ;ﬁi -

A. ProxSARAH with uniform sampling
Corollary 5.1.2. In order to have E[dist(0,0F (xg))] < e, the number of

J= (24L+4—m11" ZLQ — F(z*)] (32)

epochs is required. The computational complexity (number of IFO calls) is

(n+mb), . - 4m 11n 9
—(24L + L) — F(z)). 33
me? ( bnn—lZ (")) (33)
Proof. With uniform sampling, v; = Zj and p; = % and further let it less or equal to €2, we ge the desired result. O

B. ProxSARAH with independent sampling
Corollary 5.1.3. In order to have E[dist(0,0F (zg))] < e, the number of

1 =~ 4m 01 1 2
= —(24L ST m— L?) — F(z*

J mez( T L n (b—i-k—nz Z (@]
epochs is required. The computational complexity (number of IFO calls) is

(n + mb)

k
) (24 + 4fncl ! ZL ~ S )E[FE) - F(a")].
=1

me 2b—|—k;—n

III. PROXSPIDER WITH ARBITRARY SAMPLING

Besides ProxSARAH, we are also interested in studying ProxSPIDER method. Similar to ProxSARAH, the following formula
still holds for ProxSPIDER:

1 ; R
Vi) =V = i = al) € V) + oraih)

= 0F (xt-s-l)

Lemma 3.1. Considering updating formula in SPIDER: Vt(j) = Zzesm o (Vi (j)) -V (x,g])l)) —|—Vt@1, then V1 <t <m,
7 > 1, we have

t
E[IVY - V@) ZEHW’ VO - ST E(Vf @) - VD))
k=1
+va[§” ~ Vi),

Proof. Since Vi =32, o) 22-(Vfi(al”) = Vi) + V2, then

EVY =V =B}

iesd)

L (@) - iED))] = Vi) - VD).

np;

Let’s further bound E [||Vt(J vy (mij ))||2], notice that the full gradient calculated in SPIDER is a bit different from SARAH,



B[V = V@@)?) = BV = v + V) = VD) + V) - Vi)
= E[|[V? — V212 + BIVE, - VD) 1A + BV () - VD)2
+2E[(V — vt”l,vﬂ ~Vf(x ‘”1»1
+ 2BV — VI, V@) — V)]

+ 2BV — V (@), V() - V)]

= B[V = V2 P) + BV = V2017 + BV i) = V1))
= 2BV (i) = VI )] | |
= B[y - t,1||2}+En|v£”1 V@) - B[V (@) — Vi)

t
=Y EVY - v ZEHW I = v @D )2+ BV - V).
k=1

Lemma 3.2.

t

B[V — V(=02 < Z Elllzf — =11 + Q.

2 /2
where Q = >, ;lﬁé and Q' =", ;ﬁ;

Proof. Follow the same line of proof with Lemma 2.2, but have one more last term E[||V(§j ) vy (mgj ))||2], which can be
bounded correspondingly. O

Lemma 3.3.

> Bllath — o < 1 TR BIF(a) = Pl
t=1 2 2L

1,1 T m
where 3 (5 —2L) — 2? > 0.

Proof. For ProxSPIDER, Lemma 2.3 still holds, and we can obtain that

F(xgi)l) F( (J)) <V(J) Vf(xgj)),xgi)l _ x£])> . i(ﬁ )”xt+1 (])”2
LITNIE : L. ¢ oz 1,1 4
< 577 = VAP + Slaih 2 IP = 56 = Dl - 2|
1 j ; 1.1 . . .
= 57V = VI = 50 = 2D el — 2P,

Taking expectation on both sides and plugging Lemma 3.2 in, we get:
. 1 . .
BIF(eh) = F)] < =BV = V)P = 5

Q < )
— E X l‘
o7 2 Bllel? = o) -

—2D)E[[l2)) — |

l\DM—‘ [\D\»—A
3\’—‘ I |~

J) Q
I+ 55

IN

(= —20)E[[29), -«



Re-adjust m and add one more term, we get

) - @ v G G) L1 - mQ’
E[F(zy) ) - F@i) < %> > Ellla — 2,17 - 5 2L) N B[z, — 212 +
2L t=1 k=1 77 t=1 2L
Q v 0 0y L - D) _ 02 mQ’
< = T —(= E x
< 2L§:: 2 Elllz)), — 2 1] - 5 i ; Nz — 2 117] + 5
il 02 L1 - G Gy, mQ
< EE:: t?H_xtJ”]_i; ;E til xt]”}‘f'f
mQ 11 G Gy, mQ
= —=(= - Ell|zy, — + —
(2L 2(77 )); gy — 2 [I7] 5
By noticing that z{) = 2\, we get
- ; : 1 ; 1 me’
SB[l — 22 < = E[F(@§)) — F(«0,))] - s :
mQ 0 Lmnt1 mQ
P 1 —2L)- 25 1t -2L)- =9 of
1
< ———— B[F(z{) — F(a), )]
%(% —2L) - 21%2
where J (1 —21) - 22 > 0. O

Theorem 6.3. Considering Problem (1) under Assumption 1, then V1 < ¢ < m, j > 1, ProxSPIDER-AS (Algorithm 3) will
have,

1 J 2 1 4mQ 1 * /
m—jZZEdzstanm’H_l))] 7( 7 VE[F(37) — F(z")] +2Q',

j=1t=1

where Q = >, piﬁQ and Q' =",

Proof. Let’s try to bound dist(0,0F (z{’),)). Similar with the analysis of ProxSARAH,

pnz.

2

dist(0,0F (z)))? < 2|V - V()| + (202 + n)me £”||2+5<F<x§”> F(z)),

By summing over £ = 1, ..., m, using the result in Lemma 3.2, and taking the expectation,

> Eldist(0,0F (x()))’]
t=1
-y 3L & : : 2 :
< @Qm 2L+ 50 3 Bl — o] + SEIF@Y) = Flaghy)] +2mQf

Next, plugging in Lemma 3.3 for the term ;" , E[||x£i)1 - xtj)H I,

3" Bldist(0,0F (z),))?]

t=1
20m + 2L2 + @ ; '

< ?m 3w PF ) — s+~ EIF@) - Pl )]+ 2mQ
a\y — 2L
2Qm+ 202 + 3L o j

GO 2 ) - P, )+ oma

1 Q
5 (7’] — 2L) mz/ n
Therefore:

1 J m ) 1 2Qm+2L2—|— 3L 9 B ) /
g 2 2 Eldist(0. 0P a2)F) < 2 (oo m sl + DI - Pl + 20

2L



Let %% =2L + mTQ,then %% > L+ mTQ and we get
njjjfjémdm(o dra < L2 f? i ) BlF@) - Pt + 20
< mij(mi + %)E[F(il) — F(z")] +2Q’
-1 M@\ plp@E) - Fa™) + 20

mJ

A. ProxSPIDER with uniform sampling

With uniform sampling, we obtain the computational complexity:
Corollary 6.1.1. Considering Problem (1) under Assumption 1 and same setup with Theorem 6.1, B = %(EL G?),
m = b = /B, the computational complexity to achieve F[dist(0,0F(xr))] < ¢ for uniform sampling of ProxSPIDER is

2B 7 LTSS o e - oL
—(24L + — n(;Li))E[F(w) F(z")] = 0(5)
Proof.
RS ()
m—jZZE[dzst(o,aF(xtil))Z]
j=1t=1
1 Am1l .~ oo 1y 11 2)
< (ALt = n(;Li))E[F(x) + ZG
Then,
11 o € 2 G e
EH(; 1)§5:>B_@(; i)
g LSS
g UL+ F 5L OO LIEIFGE) - Fa')
dm1l S, o .
=T 2 AL+ o (Y L2)EIF@EY) - P
=1
Then, we get the final result by (B *mb) x J. O

B. ProxSPIDER with independent sampling

With independent sampling and further assume there is no significant difference in G;’s and L;’s, we obtain the computational
complexity:
Corollary 6.1.2. Considering Problem (1) under Assumption 1 and same setup with Theorem 6.1, B = #(Z?:l G,)?,
m = b= /B, the computational complexity to achieve E[dist(0,dF (xr))] < e for independent sampling of ProxSPIDER is

2B 4m1 1

L+ (3 LDEIFGEY) - F)] = 0

3
€
i=1

).

Proof.

J m
1
722Edzst (0, OF ch_)l)) ]

m -
Jj=1t=1

1 m 11 . . 11
<AL+ = b(g L)YEF(EY) = Fa")] + —5 5 (3 G)*

Similar line of proof, we get the desired results. O



IV. TECHNIQUE LEMMA

For completeness, we include the proof for Lemma D.1 here.

Lemma D.1. [19] Let &, &, ..., &, be a vectors in R? and let fz %Z?:l &. Let S be a proper sampling ( i.e., assume that
p; = Prob(i € S) > 0 for all 7). Assume that there is v € R™ such that

P — pp” < Diag(p1v1,pava, ..., Pavn). (34)
Then
& ] >
E =¢, 35
[; | =6 (35)
[Il > f £||2] < Z ||£LH2 (36)
= i

where the expectation is taken over sampling S. Moreover, inequality (34) can always be satisfied by

v :{ n(l—p;) i < k(S)
¢ 0

otherwise

where constant k(S) = |{i € [n] : p; < 1}| = max{i: p; < 1}. More specifically, the standard uniform sampling admits

v; = 2=b and the independent sampling admits v; = 1 — p;.

n—1

Proof. First, let’s define indicator functions:

[ 1 ifies
€570 0, if otherwise

L[ ifijes
€S TN 0, if otherwise

Then, we have the expectation:

=E

lz £

€S npi

gz _ - fz
npl zE ] _;npiE zES Zgz—

and the variance:

[n; o g =E[2;f||} - e
[25 S5, es] - P

npi n

&5 e
fZ Pii oy~ €1
N, €4 &g
_lz]: np; n;j Zz: nrz

fi §j
il P — pip;) ==L
7 Z< b = i)

1
= ﬁe—r ((P —ppT> o ETE) e,

where e is the vector all of ones in R", = = [%, f}i . f)"] € R¥™ and o is element-wise production operator.
Since we assume P — pp" =< Diag(p o v), we have

"(P-pp")o="E)e<e’ (Diag(pov)oETE) =3 Z ||§z||2



Therefore, we have

iz 1
BT -de| < Y el
=1

ies Wi —1 Pi
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