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ABSTRACT. We study the problem of minimizing the sum of two functions.
The first function is the average of a large number of nonconvex component
functions and the second function is a convex (possibly nonsmooth) function
that admits a simple proximal mapping. With a diagonal Barzilai-Borwein
stepsize for updating the metric, we propose a variable metric proximal sto-
chastic variance reduced gradient method in the mini-batch setting, named
VM-SVRG. It is proved that VM-SVRG converges sublinearly to a stationary
point in expectation. We further suggest a variant of VM-SVRG to achieve
linear convergence rate in expectation for nonconvex problems satisfying the
proximal Polyak-Lojasiewicz inequality. The complexity of VM-SVRG is lower
than that of the proximal gradient method and proximal stochastic gradient
method, and is the same as the proximal stochastic variance reduced gradient
method. Numerical experiments are conducted on standard data sets. Com-
parisons with other advanced proximal stochastic gradient methods show the
efficiency of the proposed method.
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1. Introduction. We are interested in the composite minimization problem

1 n
in P =F R h F =— i (w), 1
min P(w) = F(w) + R(w), where F(w)=_ ;f (w) (1)
and each component function f;(w) : RY - R, i = 1,2,...,n, is smooth and

nonconvex, while R(w) : R — R U {400} is a relatively simple convex function
but can be nondifferential (referred to as a regularization term). Problems of the
form (1) often arise in machine learning [3, 8, 29, 32] and statistics [10], known as
regularized empirical risk minimization (ERM).

The proximal gradient descent (Prox-GD) method [19, 22] is popular for solving
composite problems. As a generalization of Prox-GD, the variable metric proximal
gradient (VM-PG) method [2, 21, 23] can achieve better performance with a proper
metric. However, Prox-GD or VM-PG requires to compute the exact full gradient in
each iteration, which is computationally prohibitive in the case where n is extremely
large. One remedy is the proximal stochastic gradient descent (Prox-SGD) method,
which is a variant of stochastic gradient descent (SGD) method that could be dated
back to the seminal work of Robbins and Monro [27]. Specifically, in the k-th
iteration, Prox-SGD chooses i, € {1,2,...,n} uniformly at random and updates
the iterate by

. 1

Wiy1 = arg min {Vfik (wi)Tw + —||w — w3 + R(w)}, (2)
weRd 21,

where V f;, (wy,) denotes the gradient of the ix-th component function f;, at wy and

M, > 0 is the stepsize (a.k.a. learning rate). Given the scaled proximal operator of

R relative to the metric A [23]:

. 1
proxii(w) = arg min {5 ly — wlf’ + R(y) }.

where A € R?X? is positive definite and ||z||4 = V2T Az, the update rule of Prox-
SGD in (2) can be equivalently written as

Wg+1 = pI"OXZg’: h (we — iV fiy, (W), (3)

in which I; € R¥*4 is the identity matrix. When R(w) = 0, relation (3) becomes
the update rule of standard SGD method.

From (2) we see that, at each iteration, Prox-SGD only computes the gradient of
a single component function, and thus its computational cost is roughly 1/n of that
of Prox-GD. Since the random sampling yields a large variance of the stochastic
gradient, Prox-SGD only converges sublinearly under strong convexity. Motivated
by several prevalent variance-reduced stochastic gradient methods such as stochas-
tic average gradient (SAG) [28], stochastic variance reduced gradient (SVRG) [12],
incremental gradient (SAGA) [6], semi-stochastic gradient descent (S2GD) [15], and
stochastic recursive gradient (SARAH) [20], many researchers have devoted atten-
tion to how to use variance reduction techniques to improve the convergence rate
of Prox-SGD. For example, proximal stochastic variance reduction gradient (Prox-
SVRG) [34], a mini-batch proximal variant of S2GD (mS2GD) [14] and variance
reduced stochastic gradient descent (VR-SGD) [29] achieve linear convergence for
the nonsmooth strongly convex or non-strongly convex case. Recently, as the pop-
ularization of deep learning, the nonconvex nonsmooth problem (1) has triggered
off intensive research work. To mention a few of them, Reddi et al. [26] developed



VARIABLE METRIC PROXIMAL SVRG 3

nonconvex variants of Prox-SVRG and Prox-SAGA, and established their linear
convergence under the proximal Polyak-Lojasiewicz (PL) inequality [13]. Li and
Li [17] suggested a variant of Prox-SVRG, called Prox-SVRG+, which converges
sublinearly to a stationary point and achieves linear rate without restart when the
objective function satisfies the PL inequality. A proximal variant of SARAH that
converges sublinearly in the nonconvex case has been proposed by Pham et al. [24].

It is well known that the choice of stepsizes has an important influence on SGD
both theoretically and numerically [3]. The classical SGD and its proximal variants
often employ a diminishing stepsize, or a fixed stepsize tuned by hand. However,
these two types of stepsize rules may be time-consuming in practice. In recent years,
using the Barzilai-Borwein (BB) method [1] to compute the stepsize has attracted
more and more attention in developing efficient SGD methods [18, 30, 35, 36]. For
example, Tan et al. [30] suggested to employ the BB method to automatically
compute stepsizes for SGD and SVRG, and developed the SGD-BB and SVRG-
BB methods. Yu et al. [35] combined the trust-region scheme and BB stepsizes
with SARAH for solving nonsmooth convex composite problems. A remarkable
advantage of the stepsize given by the BB method is that it estimates a scalar ap-
proximation of the Hessian and is not sensitive to the choice of initial stepsizes,
see [, 7, 11] and references therein for more details about BB-like methods. How-
ever, the research on incorporating BB stepsizes with proximal stochastic gradient
methods in the nonconvex nonsmooth case is far less than in the convex case.

Motivated by the success of the marriage of BB stepsizes and SGD in the convex
case, we propose a variable metric proximal stochastic variance reduced gradient
method in the mini-batch setting, named VM-SVRG, for solving the nonconvex
nonsmooth problem (1). The method employs a diagonal BB stepsize, which is
the closed-form solution of a constrained optimization problem and can easily be
calculated. Moreover, in each iteration our VM-SVRG method has the same com-
putational cost on gradients as Prox-SVRG. It is proved that VM-SVRG converges
sublinearly to a stationary point in expectation. By employing the proximal Polyak-
Lojasiewicz (PL) inequality [13, 26], a variant of the VM-SVRG method achieves
linear convergence rate in expectation. In addition, the complexity of VM-SVRG
is lower than that of Prox-GD and Prox-SGD, and is the same as Prox-SVRG.
Numerical experiments on standard data sets including ijcnnl, rcvl, real-sim and
covtype show that our proposed VM-SVRG performs better than some advanced
mini-batch proximal stochastic gradient methods and their variants including Prox-
SVRG, mS2GD, mS2GD-BB, mSARAH (a mini-batch proximal variant of SARAH
n [20]), and mSARAH-BB (a mini-batch proximal variant of SARAH-BB in the
literature [18]).

The rest of this paper is organized as follows. In Section 2 we propose our VM-
SVRG method. In Section 3 we analyze the convergence and complexity of VM-
SVRG under different conditions. Numerical experiments are reported in Section
4. Finally, we draw some conclusions in Section 5.

2. The VM-SVRG method. Notice that Prox-SVRG updates the stochastic
gradient as follows
k ~
Uf _ vf’bt (wt ) — vflt (wk) + VF('UN}]C),
qi, M
where i; € {1,2,...,n} is chosen randomly according to . Such a stochastic gradi-
ent provides an unbiased estimate of the full gradient VF(wF). A great advantage
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of v is that its variance is much smaller than that of the stochastic gradient used
by Prox-SGD. Moreover, the variance of vF will gradually converge to zero. Con-
sequently, Prox-SVRG with a constant stepsize achieves linear convergence rate as
oppose to a sublinear rate of Prox-SGD.

Our VM-SVRG method, presented in Algorithm 1, calculates the stochastic gra-
dient in a mini-batch form of v} used by Prox-SVRG. We mention that v} in VM-
SVRG is also an unbiased estimate of the full gradient VF(wF). In fact, conditioned

on wf, we take expectation with respect to I; and obtain

i) = 3o VRO VRO) g,

i=1 @
= VF(wf) — VF () + VF(dy,)
= VF(up),

where the second equality follows from the fact VF(wf) =1 3" | Vf;(wf).

Algorithm 1 VM-SVRG (w°, m, b, Up)

Input: Maximal number of inner iterations m, initial point 1y = w® € R?, initial
metric Uy, mini-batch size b € {1,2,...,n}, probability Q@ = {q1,42,.-.,qn};
1: for k=0,1,..., K—1do

2:  Calculate 0 = VF (wy).
3: Set w’g = Wg.
4:  Choose ti, € {1,2,...,m} uniformly at random.
50 fort=0,1,...,ty —1do
6: Choose mini-batch Iy C {1,2,...,n} of size b, where each ¢ € I; is chosen
from {1,2,... n} randomly according to 2. Compute
vy =3 Z [ an (Vfi(wf) = V fi(@r)) | + O (4)
i€l

—1
: Compute wf, | = proxg"’ (wF — Upok).
8: end for
9:  Set wiy1 = wfk
10:  Compute Uy from (6).
11: end for
Output: Tterate w, chosen uniformly at random from {{wf}! 131 o

Clearly, when Uy, = aily with o being a scalar stepsize, our VM-SVRG method
reduces to mS2GD for ¢; = 1/n, ¢ = 1,...,n, and to Prox-SVRG if we set b = 1
and t; = m. Furthermore, if Uy is an approximation of the inverse Hessian, VM-
SVRG transforms to a stochastic proximal quasi-Newton method, see [31, 33]. As
suggested in [25, 31], w, is chosen uniformly at random from {{w¥ i’“ o M which
can use all the information from both the outer and inner loops.

Notice that the quasi-Newton method captures the second-order information by
requiring Uy to satisfy the secant equation sx = Upyx or Uxsy = yi, where s =
W —Wk—1, Yp = VEF (W) —V F(g_1). The first secant equation approximates Uy, to
the inverse Hessian while the second one approximates it to the Hessian. However,
computing a full dense approximation matrix Uy may be extremely expensive in
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large-scale setting. Motivated by the diagonal approximation strategy in [23, 37],
we suggest to compute Uy, as follows

min sk — Uyl +w||U = Ur-1%

u€R?
s.t. gk]ld < U <X agly, (5)
U = Diag(u),
where w > 0, || - || r is the Frobenius norm and 0 < o, < @, are two stepsizes given

by users. In [37], for the convex case of (1), problem (5) is employed to update the
metric for a stochastic recursive gradient method and provide very promising results.
Apparently, problem (5) provides a solution U}, satisfying the secant equation sy =
Uryy in the sense of least squares and w controls the closeness to the previous metric
Uj—1. This is different from the one in [23], which constructs Uy by using the secant
equation Ugsy = yg, i.e., replacing the objective in (5) with ||s; — Uyx||3 + w||U —

Ug—1l%-
An important advantage of problem (5) is that it has a closed-form solution
Uy = Diag(uy) € R™*? with uy = [u,(cl),u,(f), A u,(cd)], where
(), (D) 4 . (D)
ay, if Sk yk' +;Juk—1 <y
(y(l)) +w
(@) (’3>+ ()
. . wu _
u(z) _ Qs if Sk ykv SIS 7, (6)
k (y,(f)) +w
(), () 4 o (D)
S’“y’?)#, otherwise.
(") +o
Here s,(:) and y,(:) are the i-th elements of si and v, respectively.

T
For @, and «y, we would like to employ af = ”;i”g in [4] and PP = ZZZF% in
[1], which have been applied in SGD methods, see [30, 35, 36] for example. To avoid
negative values of the stepsize and consider unbiased gradient estimators added to

wg in the inner loop, we use the following two variants

20 |skll2
Qp = —
m o [|ykll2
and
_ 20 st sy
Qp = — - T .
m ‘Sk Ykl

Clearly, both @ and oy are nonnegative and «; < @ always holds due to the
Cauchy-Schwarz inequality. To chop extreme values of @y and «y,, we project them

into some interval [a, @] so that u,(;) (i=1,...,n) will be bounded for all k.
3. Convergence analysis. In our subsequent analysis, we make the following two
common assumptions.

Assumption 1. The function R(w) : R — RU{+o0} is proper closed and convexz,
but can be nondifferentiable.

Assumption 2. FEach component function f;(w) : R = R, fori=1,2,...,n, is
L;-smooth. That is, there exists L; > 0 such that

IV fi(w) = Vfi(v)|z2 < LijJw—v|2, VYw,v € R<.
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Denoting L = £ 3" | L;, by Assumption 2, we conclude that F(w) = 23" | fi(w)
is L-smooth and Ly > L, where

L:
Lo = max L.
i=1,2,...,n Ng;
We need the notations u};** and umm as
up™ = max {u,(j)} and up'™ = min {u,(c])}. (7)
j=1,2....d j=1,2....d

3.1. Sublinear convergence. In this subsection, we establish sublinear conver-
gence of VM-SVRG. We first present some intermediate results.

Lemma 3.1. (Lemma 8 [37]) Consider P(w) defined in (1). Suppose Assumptions
1 and 2 hold. Let w' = pro:c}%fl(w — A(), where A € Siﬁd is a symmetric positive
definite matriz and ¢ € R%. Then,

Pluf) < P(2) + (' — 2T (VF(w) = O+ g’ ~ wlfyr, -4,

1 1
+ §||Z - wH%LQ]IdJrA—l) - §||w/ —z|4-1, V2 € R

Now we derive an upper bound on variance of vf in the following lemma.

Lemma 3.2. Let Assumptions 1 and 2 be satisfied, and choose b € {1,2,...,n}.
Then,
k ky(2 L522 2
Ellvf = VF(wp)|3] < =2 lwy — axll3.

Proof. Let I = {iy,...,ip} and define

@M—l

b ~
Z L ,» where oF = Vfi(w; )qanfz(wk).

Following from the fact F(w) = 23" | f;(w), we have

[Z%J] VF(wf) = VF (). (8)

Therefore,
E[|jof — VF(wp)|3] = E[l¢} + VF(ix) = VF(w))|3]
= E[l¢} — El¢}]l3]
2
2]

b
Z (pt 1] Cpt z]])
=V, k) = Vs i)

1

— E E

b =1 qi; "

b2 § [ 2||wt wk”%]

= b2 ZE ||90t i @tz;]” ]

IA

]

I /\
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L2
Q ”wt - wk”Qa

where the second and third equahtles hold due to (8), and the fourth equality
follows from the fact E[||21 +. ..+ 23] = E[||z1]|3+. ..+ ||2-]|3], in which 21, ..., 2,
are independent random variables with mean 0 and the first inequality comes from
E[||z — E[2]||3] < E[||z]|3], the second inequality employs the L;-smoothness of f;,
and the last inequality is due to Lg > L;/(ng;) for i =1,2,...,n. O

Lemma 3.3. Let ¢} =0 and ¢f = cf, (14 B) + u™ L /(2b) with 8 = b/n and

m = [n/b| fork =0,...,K. Assume that b < n?/3 and 0 < uP>* < b%/2/(3Lan).
Then, the following inequality holds

1\ L 1
(otﬂ(l + ,6’) + 2“) Lo < 5U (9)

Proof. By the definition of cF, recursing on ¢, it is easy to obtain

ko wp LG (L+ p)* "t —1
¢ 2b B

<&l

S

LQ (6 — 1)
< e
where the first inequality holds due to u"®* < b%/2/(3Lgn) and 8 = b/n, and the
second inequality follows from ¢, < m = |n/b]. In the last inequality we use the
fact that (i) lim;_ 4o (1 +1/1)! = e; and (ii) (1 + 1/1)! is an increasing function for
I > 0 (here e is Euler’s number). It follows that

LQ Lg(e—l) n LQ
cipa(1+1/8) + 5 S W(H_ g) t5

Lon(e—1) Lg

= 332 2
_ 3Lgn [2(6— 1) N ﬁ]
203/2 9 3n
3Lon /4 1 3L 1
<Blond 1y Son 1
203/2\9 3 203/2 = 2qnax

where the second inequality follows from n/b > 1, the third one is due to n > b3/2
and e < 3, and the last inequality holds because up®* < b3/ 2/(3Lgn). Since
0 < U 2 up®1y, we have

Lq _
[Ct+1(1 +1/8) + 7]Hd 29 max]Id = *U
This completes the proof. O

Since the objective function is nonconvex and nonsmooth, we can not use the
optimality gap P(w)— P(w.) as for the convex case or the gradient norm |V F(w)||2
as for the smooth case [8, 16, 25] to measure the convergence procedure. A popular
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alternative measure is the gradient mapping [9, 26]. Here, we define the following
generalized gradient mapping:

Ga(w) = Ail(w—prongl(w—AVF(U}))), (10)

where A is a symmetric positive definite matrix. Clearly, G4-1 (w) reduces to VF (w)
when R(w) = 0. From [33], we know that G -1 (w) = 0 if and only if w is a solution
of problem (1).

Theorem 3.4. Suppose Assumptions 1 and 2 hold, and b < n?/3. Let 0 < U <
b2 /(3Lan) and m = |n/b|]. Then, for the output w, of Algorithm 1, after T
iterations, we have sublinear convergence in expectation

E (16, 1 (w7, ] < SEE) = Ple),

where T = ZkK:_Ol tr and w, is an optimal solution of problem (1).
Proof. Recalling that the iterates of the proximal full gradient are computed by
_ Ut
Wiy = proxg" (wi — UpVEF(wy), (11)

which is not actually computed in our VM-SVRG method. Applying Lemma 3.1
to the above relation (with v’ = @y, ,, w = z = wy, A = Uy and ( = VF(w})), we
take expectation and obtain

E[P(0f;1)] < E[Pwf) + |lofr = wf g, o)) (12)
Notice that the iterates of VM-SVRG in the inner loop are computed by
Ut
wfﬂ = proxg" (wf — Upvy). (13)

Again applying Lemma 3.1 to (13) (with v’ = wf,,, z = wf ,, w = wf, A = U,
and ¢ = vF), we take expectation and have

E[P(wfﬂ)]
1. _ 1
<E[P<wt+1> Sk = whI2, oy + 5l = Wb,
Slhukey — okl iy — @) T (VF () — o). (14)
Summing up (12) and (14) yields
_ 1
]E[P(wt+1)] < E|:P<w1]£€) + ||’U)f+1 - wf”?LQ]Id_%kal) + 7wa+l wy H(LQ]Id Uy )
k

1 _
*”wf-i-l - wt+1||2U,1 + (wf+1 wt+1) (VF(wt) — U )} (15)

Let I'f = (wy,, — wf )T (VF(wf) — vf). Then the expectation on I'f can be
bounded above by

1 _ 1
E[}] < SE[llwfy — 02| + SE[IVF@f) - o3, |
1 ~ umaxLZ
< SB[k —@fa 2| + A RE lwf —alf),  @6)
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where the first inequality follows from the Cauchy-Schwarz and the Young’s in-
equalities, and the second inequality uses the definition of u;** and Lemma 3.2.
Substituting (16) into (15) yields that

E[P(wf,)] < E|[P@wh) + ok, —wbl?, ;)

1 k k|2 Q k ~ 12
stk = w2 o+ R et — 3] a7)

In order to further analyze (17), we set up the following auxiliary function:
Ty = E[P(wf) + cf|lwf — wgll3],
where ¢} is defined in Lemma 3.3. Then Y¥,; can be bounded by
T
=E[P (wfﬂ
P (wfﬂ

= E[
= E[P(wz{/€+1
< E[

+ C:I:CH ||wf+1 — 1w ||3]
+ Cfﬂ ||wf+1 —wy + wf — ]3]
+ et (lwhyy — will3 + llwf — @xll3 + 2(why, — wi)" (wf — @)

+ e (L+1/B)wipy — w3 + ety (1+ B)llwy — 3]

—_— — — —

k
Plwiy,
2

k —k k|2 k k
<E|P(wy) + ||wt+1 — Wy H(Lﬂﬂd,%ljkfl) =+ ||wt+1 — Wy ||(cic+1(1+1/ﬁ)]ld+LTQ]Id_%U;1)

ko1 upLg ko~ 2
+ Ct+1( +8) + % ”wt w3

2 k k2 k up* L3, k 2
< B[ PO) + s = oy + (a0 8) 4 550 ot = )

=05+ E[lof — b, s (18)

where in the first inequality we use the Cauchy-Schwarz and the Young’s inequal-
ities, the second inequality follows from (17), and the last inequality holds due to

(9)-

Summing (18) over t = 0,1,...,t; — 1 yields that
tp—1

Tfk < Tg + Z E{”ﬂ)f+1 - wa?LQI[d—%U;l)}. (19)
t=0

The facts cfk =0 and Wg41 = wfk indicate that
Tf, = E[P(wf,)] = E[P(@11)]

Note that TE = E[P(wk)] = E[P(@)] holds by the fact wk = . It follows from
(19) that

tr—1
E[P(d511)] < E[P(dr)] + Z o] [ A (20)
t=
Summing (20) over k =0,..., K — 1 and rearranging terms, it is easy to obtain

K—-1tr—1

S S B[k - wfl2 oy, | < P0) - Plik) < P) - Pw.), (21)
k=0 t=0

where the second inequality holds since P(wy) > P(w,) for all k € {0,1,...,K}.
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Applying (10) with A = Uy and w = w}, and by (11), we have
_ Ut - _
gUgl(wf) Ut (wiC — proxg" (wf — UkVF(wf))) =U, 1(wf - wf+1).

Since 0 < ul™ < b3/2/(3Lgn) and b < n?/3| it follows that
0= Uk = ufenade =< 1/(3LQ)Hd.

Therefore,
Hw5+1 B waéUEl—LQHd) - HngU{l(wf)H?%U{l—LQHd)
1
= gUk—1(wf)TUkT(§Uk t- Lszﬂd)ngUk—l(wf)
1
= gUk—l(wf)TUl;[(gUk 1)ngyk—1(wi€)

1 By 112
= gHgU;l(wt)HUk‘
Combining the above inequality with (21) yields that

K—1tr— 1

> cB[llGy b7, ] < Plo) - Plw.).

k=0 t=0

Since the output w, is uniformly chosen from {{w}} ! K_ and T = Z ks
we obtain
K—1tp—1

[IlGU_ (wa) ||Uk} - Z Y 16y “’f)HZk < 6(P(wo)T— P(w*))’

kOtO

which completes the proof. O

3.2. Linear convergence under proximal Polyak-Lojasiewicz inequality.
To achieve the desired linear convergence, we assume that P(w) is a nonconvex
function satisfying the proximal Polyak-Lojasiewicz (proximal-PL) inequality [13,
31], i.e., there exits a constant v > 0 such that

1
5 Dalw, VF(w),Ia, L) = 7(P(w) - P(w.), (22)
where Dg(w, g, B, @) is given by
. «
Da(w,g, B, a) = ~2a min {g"(y = w) + 5 |y — wl} + Ry) - R(w)}
y€ERd 2

with a >0, g € R%, and B € Siid.

It has been shown that the operator Dg(w,g, B, ) is nondecreasing in « for
fixed w, g and B, see [31] for example. Here we recall the monotonic result in the
following lemma.

Lemma 3.5. (Lemma 2.3 [31]) For differentiable function F and convex function
R, we have

DR(wvnga(SQ)ZDR(wvng751)v v52251>07
S(-it,-Xd

where w, g and B € ST\ are fized.

Our linearly convergent method PL-VM-SVRG is presented in Algorithm 2,
where VM-SVRG is employed as a subroutine.
Using the same arguments as the one in Lemma 3.3, we get the next lemma.
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Algorithm 2 PL-VM-SVRG(w®, m, b, Uy)

Input: Number of inner iterations m, initial point @y = w® € R?, initial metric
Uy, mini-batch size b € {1,2,...,n};
1: for s=0,1,...,5—1do
2. w*tl = VM-SVRG(w*, m, b, Uy).
3: end for
Output: w?®.

Lemma 3.6. Let ¥ =0 and & = F, (14 8)+L3/(2b0) withm = |n/b], B =b/n
and 0 = Lon/b%/? for k = 0,...,K. Assume that 0 < u®>* < b%/2/(6Lgn) and
b < n?3. Then, the following inequality holds

0 Lq 1 4
= < Z .
(ct+1(1+ﬁ>+2+ 2>]Id2Uk (23)
Theorem 3.7. Suppose Assumptions 1 and 2 hold, and 0 < up*** < b3/2 /(6Lan).

Let m = |n/bl, b < n?3, B =0b/n, § = Lan/b%? and T = Km. Further assume
the proxzimal-PL inequality (22) holds with the parameter v > 0. Then, we have

[on(un VFwa 1 1 )| < ZBlP) - Plw.)]

Proof. Tt follows from the L-smoothness of F'(w) and the fact L < L, that
F (wf+1)

Lo
< F () + VF@) (g —wf) + 22ty —

La
= F(wy) + (Uf)T(wa —wy) + 7||wf+1 —wy |3+ R(wfﬂ) - R(wy)
+ (VF(wy) — vf)T(wa —wy) + R(wy) — R(wf-l—l)

1
= F(wr) + (o) (wi}y —wy) + §||wf+1 —willf 1+ R(wiyy) — R(wy)

Lg
+ = 9 ||wf+1 wy H% - 5”“’54—1 - wf”?]k—l

+(VF(wy) = vf)" (i, —w) + R(wf) — R(wry,)

= P(wl) + nain {08 = w) + 5y = wf 3 + R — RGub)}
Lg
+ 5 lwiey = wil = Sllwi — willg
(VF(wt ) — ”f)T(warl —wy) + R(wy) - R(wf+1)a
where the last equality follows from the definition of wf,; in VM-SVRG.

By shifting the term R(wf, ;) to the left side and using the definition of P(w),
we have

Pwlin) < POut) + min {0 (y —wl) + L lly —wh]? s + R(y) — R@wt)}

yE]R
Lo [T T k)2 k E\T (. K k
+ ||wt+1 wy || — *Hwtﬂ - Wy ||U—1 + (VE(wy) — )" (wip — wy)

<P<wt>+mm{<vf) (v —wh) + glly — wh I+ Rly) — ROut)}

yERd
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Lo 1
+ = ||wt+l wrlls — 5wa+1 - wf”?]k—l

0
*lIVF(wt) — i3+ *llwfﬂ —wr'l3

= P(wt) + min {07 — wf) + Ly — vt} + R() - R(wb))

yERd

L 0
(52 G ek = w1 = ke —wblEos + g5 IVPG) = o,
(24)
where the second inequality follows from the Cauchy-Schwarz and the Young’s in-

equalities. By noting E[vf] = VF(w}) and using the definition of Dg, we take
expectation on both sides of (24) conditioned on w} and obtain

1 _ 0 Lq
BIP(ut)] < BIP(ut)] - 3Drof, VF(h). U7 1)+ (5 + 5 Bl - utl
1 1
~ LBl — wf 2 ]+ BV E @) o3
k 1 k ky 77—1 0 Lo k k2
< E[P(wy)] — §DR(wt VE(wy), U, 1) + 5T Effwyy —wi 2]
1 L3
— LBl — b2+ 2 3 (25)

where the last inequality follows from Lemma 3.2.
In order to analyze the convergence rate of PL-VM-SVRG, we consider the fol-
lowing auxiliary function

U = E[P(wr) + & |wy — o 3],

where ¢ is defined in Lemma 3.6. Then we can derive an upper bound on ¥, as
follows.

Uy
=E[P(w}y,) + & lwfyy — @xll3]
= E[P(le) + Ct+1(||wt+1 f”% + ||wf - mk”% + 2(wf+1 - wf)T(wf — W))]

< E[P(th) + Ct+1(1 + 1/6)||wf+1 - wf”% + E?H(l + 5)”“};€ - wk”%]

<E {P(wf) + <6,’f+1(1 +6) + i

1 _
3 It — 13 - 5DR<wf,VF<wf>,Uk L)

0 Lo _
# (54 5+ a4 /8) )Elluta - wh) - GEluk, - oI -]

1
= \117]5C - §IDR(wfavF(wf)a Uk_la 1)

0 Lg
# (54 22+ a1+ /8) )Ellut - wh) - SEluk, - w1
1
< \IJ;? - §DR(’LU5,VF(U]§), Uk_la 1)) (26)

where the first inequality is due to the Cauchy-Schwarz and the Young’s inequali-
ties, the second inequality follows from (25), the last inequality holds because the
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sequence of & satisfies (23) while the last equality uses the definition of U¥. Rear-
ranging terms of (26) yields

’DR(wfa VF('[U?), Ulgla 1) < 2(\111]5C - \Ilwal)‘ (27)

Summing (27) over t =0,1,...,m — 1, we get

m—1

Z IDR(wz{ca VF(wéc)a Uk_la 1) < 2(\1118 - \Ijﬁm) (28)

t=0
Since ¢k, = 0, from the deﬁmtlon of w41 in VM-SVRG, we have Uk = E[P(wk))] =
]E[P('U.Jk-+1)] Recall that wf = 1y, we get Uk = E[P(wlg)] = E[P(wk)] Therefore,
it follows from (28) that

m—1
Dr(wy, VF(w;),U; 1) < 2E[P(wy,) — P(g41))- (29)
t=0
Summing up (29) for k = 0,1,..., K — 1, and multiplying both sides with & T, We
have
= 2
T Z Z r(wWF, VF(wk),U;1,1) < FEP (i) = P(t)]. (30)
k=0 t=0
By umln]I j U j Ik?ax]ld, we have ||y Wy ||U 1= umm Yy — wy ||2 for any y € Rd
Then,

VE(w;) (y — wy) + Hy wil|f - + R(y) — R(wr)

< VE(wi) (y —wy) + ly = wi |3 + R(y) — R(wy)

2up
1
< VE@wi) (y = wi) + 5olly = wil3 + Rly) = Rlwp),

where the last inequality is due to u™™ > a. Note that if f1(y) < f2(y) for all y,
then min, fi(y) < min, f>(y). Consequently,

min { V(i) (v~ wf) + 5 |y — ufl 0 + R) - Rwb)

yERd

: k\T k k|2 k
< min { V@) (v~ wf) + 5oy = wl + R) - R}

It follows from the definition of Dg(wf, VF(wF), U, !, 1) that
DR(’UJ?:,VF(’LU?) Uil 1)

> — 2 min (VP (g~ wf) + 5.y~ wf B+ Rw) - R(ub)}

yeR
1
= OéDR (wt,VF(wt) ]Id, ) (31)
Combining (30) and (31) yields that
a K—1m-—1
T > Z Dr (wt,VF(wt) Hd,)
k=0 t=
K—-1m-—1

IN
el

Dr(wy, VF(wf),U; ", 1)

=
Il
o
o~
Il
o
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< ZE[P(wo) — P(wk)]-

Since the output w, of VM-SVRG is uniformly chose from {{w¥ };lBl}kK;ola we have

K—-1m-1

E[DR (wa,VF(wa)7]Id7 ;)] = % ; ; Dr (wf,VF(wf),ﬂd, ;)
< - E[P(@0) - Plax)
ggngu%up)—}%uuﬂ, (32)

where the last inequality follows from the fact that P(w) > P(w,) for any w € R?
and w? = . O

Notice that both Theorems 3.4 and 3.7 show the sublinear convergence of VM-
SVRG. However, Theorem 3.7 employs a different measure which is useful in estab-
lishing the linear convergence of PL-VM-SVRG.

Theorem 3.8. Under the same conditions as Theorem 3.7, and set T = [2/(va)],
then we have linear convergence in expectation

E[P(w®) = P(w.)] < (27%)(P(w°) — P(w)).

Proof. Recalling that in each iteration of PL-VM-SVRG w? is the input of VM-
SVRG while w®*! is the output. By replacing w® and w, in (32) with w*® and w**t!,
respectively, we obtain

IE[DR (w‘S*l,VF(ws“)JId, ;)] < QiTE[P(wS) — P(w,)]. (33)

Since up™* < b3/2/(6LQn) and n > b%/2, we have up® < 1/(6Lg) < 1/Lg, which
together with a < u‘,;“i“ < up® < 1/Lq implies that Lo < 1/a. It follows from
Lemma 3.5 and L < Lq that

Dr(wF, VE(wk), 14, L) < Dr(wk, VF(wk),14, Lg)

1
< D (wh, VP10 L) (59

Using the proximal-PL inequality with w = w**! and taking expectation, we have
2E[P(w*) - P(w.)] < E[Dg(w™, VF(w'), I, L)]. (35)
Combining (33), (34) and (35), and substituting the specific value of T', we obtain

1 2 )
%@E[P(w ) = P(w.)]
1

= g BIP @) = Plw.)

< SE[P(w’) — P(w,)]

E[P(w*") — P(w.)] <

Applying the above inequality recursively we will get the desired result. O
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3.3. Comparisons of complexity. In order to measure the efficiency of a prox-
imal stochastic algorithm, we employ the stochastic first-order oracle (SFO) and
proximal oracle (PO) complexity. In particular, for a given point w € R%, an SFO
takes an index 7 € {1,2,...,n} and returns V f;(w) [9], and a PO returns an output
of a proximal problem [26].

From Theorem 3.4, we conclude that VM-SVRG requires O(1/¢) total number
of inner iterations to achieve E[||QU;1(wa)||%]k] < e. Hence the PO complexity is

O(1/€) as one PO is involved in each inner iteration. Let b = n?3. Then the
SFO complexity in all inner iterations is O(n?/3/e). Recall that VM-SVRG takes
n SFO to compute the average gradient in an outer iteration and 7 is at most a
multiple of m. By summing the total cost together, we obtain the SFO complexity
of VM-SVRG is O(n + (n?/3/e)).

When the objective function satisfies the proximal-PL inequality, Theorem 3.8
indicates that, for b = n?/3 and T = O(k) with kK = Lq/, to achieve E[P(w®) —
P(w.)] < ¢, the SFO and PO complexity of Algorithm 2 are O((n+xn?/3)log(1/¢))
and O(klog(1/€)), respectively.

TABLE 1. Comparison of the SFO and PO complexity.

Complexity Prox-GD Prox-SGD Prox-SVRG VM-SVRG
SFO O(n/e) 0(1/e2)  O(n+ (n2/3/e)) O(n + (n2/3/e))
PO O(1/e) 1/€) O(1/e) 1/e€)

o( O(
SFO(PL)  O(nklog(1l/e)) O(1/€?)  O((n+ xn?/3)log(1/e)) O((n+ kn?/3)log(1/e))
PO(PL) O(rlog(1/e)) O(1/e) O(rlog(1/e)) O(rlog(1/e))

Table 1 lists the SFO and PO complexity of different methods for the above
cases, where PL represents the proximal-PL inequality case. It is easy to see that,
for each case, the SFO and PO complexity of VM-SVRG are lower than that of
Prox-GD and Prox-SGD, and are the same as Prox-SVRG.

4. Numerical experiments. In this section, we present numerical comparisons of
VM-SVRG and some recent developed proximal SVRG methods on four standard
data sets listed in Table 2, which can be downloaded from the LIBSVM website *.
For fair comparison, all methods are implemented in Matlab 2018b under Windows
10 operating system on a laptop with an Intel Core i7, 1.80 GHz processor and 16
GB of RAM.

TABLE 2. The information of data sets.

Data sets n d
ijennl 49,990 22
revl 20,242 47,236
real-sim 72,309 20,958
covtype 581,012 54

Ihttps://www.csie.ntu.edu.tw/~cjlin/libsvmtools/
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We focus on two standard testing problems in machine learning, i.e., the elastic
net regularized logistic regression (LR) problem

1 A
LR min P(w) = —3 log(1 +exp(~cia w)) + . [w]3 + Mifwli,  (36)

Rd
we i—

and the sparse nonconvex support vector machine (SVM) problem with a sigmoid
loss function

SVM  min P(w) =

weRE

S|

Z(l — tanh(c;al w)) + A |Jwl|1, (37)
i=1

where A1 and Ay are two nonnegative regularization parameters, and {(a;, ¢;)}7, is
a set of training examples with a; € R? being the feature vector and ¢; € {—1,+1}
being the corresponding label.

For the LR model, as suggested in [34], the test was performed with R(w) =
Ar]jw|l; and

A
filw) = Tog(1 + exp(—cial'w) + 2wl

where A\; = 107° and Ay = 10~ for ijennl, rcvl and real-sim, and A\; = 10~ and
Ay = 107° for covtype. For the SVM model, as suggested in [31], \; = 107> was
used for all data sets. The Lipschitz constants are set to L; = ||a;||3/4 + \2. We set
L =max;=1. . nL;. Assuggested in [23], we set w = 106,

In all the following figures, the z-axis is the number of effective passes over the
data set, where the evaluation of n component gradients counts as one effective
pass. In experiments on LR model, the y-axis with “Optimality gap” denotes the
value P(wy) — P(w,) with w, obtained by running Prox-SVRG with best-tuned
fixed stepsizes. In experiments on SVM model, the y-axis is the squared norm of
gradient.

4.1. Experiment results on LR. We first tested VM-SVRG with different values
of b on the four data sets listed in Table 2 to investigate the influence of mini-batch
size. Figure 1 presents the results of VM-SVRG with b = 1,2,4,8,16,32. We
see that when the mini-batch size increases to b = 2,4, 8,16, the performance of
VM-SVRG is better than or comparable to the case b = 1.

Then we compared VM-SVRG with mS2GD [14] and mSARAH, which are vari-
ants of Prox-SVRG [34] and SARAH [20] in the proximal mini-batch setting, re-
spectively. We also compared the mS2GD-BB method, which was obtained by
combining mS2GD with the BB method. Moreover, a mini-batch proximal variant
of SARAH-BB [18], named mSARAH-BB, was also run for comparison.

For mS2GD, mS2GD-BB, mSARAH and mSARAH-BB, we set b = 8 which
performs better than other values in our test. In addition, m and initial stepsizes
were tuned by hand to get the best performance. For our VM-SVRG method, we
set b = 4 and used best-tuned parameters. The best choices of m for mS2GD,
mS2GD-BB, mSARAH, mSARAH-BB and VM-SVRG, as well as the best-tuned
stepsizes 1 for mS2GD and mSARAH, are presented in Table 3.

From Figure 2 we see that our VM-SVRG performs better than or comparable
to other four methods.
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10°g T T T 10"‘ T T
—E— VM-SVRG (b=1) —E— VM-SVRG (b=1)
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07F R\ - -]
\ NS —#—VM-SVRG (b=16) —#—VM-SVRG (b=16)
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10 104 F
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Number of effective passes Number of effective passes
(c) real-sim (d) covtype

F1GURE 1. Comparison of VM-SVRG with different mini-batch sizes.

TABLE 3. Best choices of parameters for the methods.

Data sets mS2GD(m,n) mS2GD-BB mSARAH(m,n) mSARAH-BB VM-SVRG

ijennl (0.02n, 1) 0.04n (0.05n, f) 0.04n 0.04n
revl (0.1n, 4) 0.11n (0.1n, %) 0.09n 0.25n
real-sim  (0.12n, %8 0.15n (0.07n, 2) 0.06 0.11n
covtype (0.07n, %) 0.03n (0.07n, f5) 0.008n 0.01n

4.2. Experiment results on SVM. Now we apply VM-SVRG to the SVM model
(37). Since the values of @) and a;, may be extremely large in the nonconvex case,
we project them into [1076,2/Lg] in our test to chop those values.

We also compared VM-SVRG with different mini-batch sizes b. It can be seen
from Figure 3 that, similarly to the LR model, by increasing the mini-batch size to
b=2,4,8,16, VM-SVRG performs better than or comparable to that with b = 1.

Then we compared VM-SVRG with other SGD methods. Since [31] showed that
Prox-SVRG performs better than Prox-GD for solving (37), we do not present the
results of Prox-GD. Figure 4 presents VM-SVRG vs. mS2GD, where we set b to 4
and 8 for VM-SVRG and mS2GD, respectively, and use best-tuned values for other
parameters. Clearly, VM-SVRG outperforms mS2GD in the sense of squared norm
of gradient.
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100‘ T T T d T T T T T
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FI1GURE 2. Comparison of VM-SVRG and other modern methods
for solving LR problem.

5. Conclusion. We proposed a variable metric mini-batch proximal stochastic
variance reduced gradient method VM-SVRG for nonconvex nonsmooth optimiza-
tion, which uses a diagonal Barzilai-Borwein stepsize to update the metric. We
showed that VM-SVRG converges sublinearly to a stationary point in expectation.
Based on the proximal Polyak-Lojasiewicz inequality, the sublinear rate was fur-
ther improved to linear by slightly modifying VM-SVRG. The complexity of the
proposed methods was lower than that of Prox-GD and Prox-SGD, and was the
same as Prox-SVRG under different conditions. Numerical results showed that our
VM-SVRG method is better than or comparable to the state-of-the-art proximal
stochastic gradient methods.
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