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Abstract. The Proximal Stochastic Average Gradient (Prox-SAG+) is a pri-
mary method used for solving optimization problems that contain the sum of
two convex functions. This kind of problem usually arises in machine learning,
which utilizes a large amount of data to create component functions from a
dataset. A proximal operation is applied to obtain the optimal value due to its
appropriate properties. The Prox-SAG+ algorithm is faster than some other
methods and has a simpler algorithm than previous ones. Moreover, using
this specific operator can help to reassure that the achieved result is optimal.
Additionally, it has been proven that the proposed method has an approxi-
mately geometric rate of convergence. Implementing the proposed operator
makes the method more practical than other algorithms found in the lit-
erature. Numerical analysis also confirms the efficiency of the proposed scheme.
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1 Introduction

In this paper, we deal with the optimization problem to compute an approximated
minimizer of the function which is the summation of the finite number of component
functions. This problem arises in many applications such as machine learning and Data
Mining. This minimization problem is as follows

min P(x), (1)

in which P(x) = F(x)+R(x). The function F(x) is the average of many smooth component
functions such as

F) =) fix) &)
i=1

and the function R(x) can be non-differentiable. A large number of training examples
makes the problem more practical. This problem is also known as regularized empirical
risk minimization [1]. In such problems, we have training examples (ay,by),...,(a,, b,),
where each of 4; € R? is a feature vector and b; € R is the desired response.

Now, let us mention some methods which have been proposed by some researchers.
One of the methods used for solving (1) is the Proximal Full Gradient (Prox-FG) [7].
Now, let us mention some methods which have been proposed by some researchers.
One of the methods used for solving (1) is the Proximal Full Gradient (Prox-FG)
(see Equation (6), [15]). In this method, in each iteration k =1,2,..., an i is chosen
randomly from {1,...,n}. Shwartz and Zhang [11, 12] proposed an effective function
filx) = q,‘)l-(aiTx), for solving the problem (1) which is choosing Fenchel conjugate func-
tions of ¢; and R . The Fenchel conjugate function is

f )= sup ('x-f(x)),

xedomf

where f* is a closed and convex function and
dom(f) := {x € RY|f (x) < +o0).

The inner product which is used in the previous equality is a vector space V over
the field F, which is a map
(,): VxV —>F.

Assuming R(x) is p-strongly convex, they indicated that a proximal stochastic dual
coordinate ascent (Prox-SDCA) method has the same complexity as the other meth-
ods. Le Roux et al., set R(x) = 0 and offered a new Stochastic Average Gradient
(SAG) method [4]. Another scheme that was proposed by Johnson and Zhang, is called
Stochastic Variance-Reduced Gradient (SVRG) [3]. The SVRG method uses a multi-
stage plan to gradually reduce the variance generated through the stochastic gradient.
Later, the various reduction in SVRG was extended, so the method was developed to
a Proximal SVRG (Prox-SVRG) [15]. Also, in this method, uniform sampling of the
component functions was applied. Then, Li and Li proposed another method that was
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termed Prox-SVRG+ [5]. Although this algorithm is based on variance reduction, it
does not have the geometric convergence in expectation.

Recently, a method that is called Prox-GEN [17] has been proposed, in which the
regulator can be non-smooth and non-convex. It uses a unified framework for stochastic
proximal gradient descent and shows that the whole family has the same convergence
rate. For more detail, refer to [13, 14, 16].

Let us consider two following assumptions that are necessary to use as the primary
rules [15].

Assumption 1. Suppose that R(x) is a lower semi-continuous and also convex function
with a closed domain dom(R) := {x € R¥|R(x) < +oo}. All fi(x) for i = 1,...,n , are
differentiable on a supposed open set with dom(R), and their gradients are Lipschitz
continuous. For Lipschitz continuity, there exists L;, such that for all x,y € dom(R) we
get

IVi(x)=Vim s Lillx-y . 3)

Assumption 2. Suppose that P(x), the cost function in (1), is strongly convex, then
there exists T > 0 such that for all x € dom(R) , y € R? and dP as a partial derivative
of P satisfy. We obtain

P(y) > P(x)+ CT(y —X)+ % Il v —x||?, VCeaP(x). (4)

In this paper, we propose a proximal method of the SAG approach which makes it
more practical. Applying a proximal operator in this method implies that our method
executes easier than the original SAG method in the case of R(x) # 0. The mentioned
operator can help us to achieve the optimal value readily.

The rest of this paper is as follows. In Section 2, we describe some essential defi-
nitions. Then, in Section 3, we explain the proximal method. Section 4 is devoted to
explaining the new algorithm. In Section 5, the convergence properties are analyzed.
Finally, in Section 6, we illustrate the numerical experiments.

2 Some Basic Definition

We need to describe a special operator. Suppose that h: R” — R U {+co} be a closed
convex function where

epi h={(x,u) € R" x Rlh(x) < u},
is a nonempty closed convex set. Also, the proximal operator [8] prox;,: R" — IRR" is

defined by
proxy(v) = argmin(h(x) + (1/2) || x — v ||%), (5)

where || - ||, shows the Euclidean norm. The function is strongly convex and it is not
everywhere infinite, then it has a unique optimal (minimizer) for every v € R".
We have the scaled function Ah, where
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prox,,(v) =argmin(h(x)+ (1/21) || x—v ||§), A>0.
X
Figure 1 demonstrates that applying this operator causes the red points to converge
to the minimum of the function, even when some points, such as the blue points, are
either within or outside the function’s domain.

Figure 1: Evaluating a proximal operator at different points [8].

The definition of the mentioned operator indicates that prox;(v) is a point that
compromises between being close to v and minimizing k. The proximal operator can
be interpreted as a gradient step for function k. Hence, we obtain

prox,,(v) = v—AVh(v),

once A is small and h is differentiable. As a result, we can see a connection between
proximal operation and gradient methods [8].

3 Proximal Method

In this section, we will describe one of the popular methods used to solve problem (1).
Additionally, we will provide some details regarding this method.

The proposed method used to solve the problem (1) is the proximal gradient method.
An initial point is given as the input of the algorithm. The update rule for the proximal
method is

1
X = argmin{VF(xk,l)Tx +— [l x—x 1P +R(x)}, k=1,2,..., (6)
x€R? 2k

where yy is the step size at the k-th iteration and R(x) = Ay || x |1, R(x) = A,/2 || x ||§,
or the sum of these two forms R(x) = Ay || x ||} +A2/2 || x ||% , in which A; and A,
are nonnegative regularization parameters. The loss function is logistic loss as f;(x) =
log(1 +exp(—biaiTx)) and it can be added to any of the regularization terms. Throughout
this paper, to simplify, we use || - || instead of || - ||,, where it shows the Euclidean norm.

As in the Proximal SVRG in [15], the operator is used as a gradient step, so we can
apply it to the SAG method.
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So, in proximal gradient, we have

Xk = prox,, p(xx-1 — ¥k VF(xk-1)), (7)

where n, the number of component functions, can be very large. Hence, the Prox-
FG method would be too expensive. The alternative method which has a lower cost is
Prox-SG which uses some training examples. Choosing these limited number of training
examples that leads to a limited number of component functions is through a random
process. So, (7) is written as

Xk = Pl’OkaR(xk—1 - Vkaik(xk—l))r (8)

where 7; is chosen randomly among the set of {1,...,n}.
Also, we have

EVf; (xk-1) = VF(x¢_1)- 9)

4 Prox-SAG+ Method

This section is allocated to explain how we get the idea of the new method. Also, the
proposed algorithm is described in detail.

In the SAG method [10] such as the previous methods for solving the problem (1),
the initial point xq is given, and the update rule is defined as follow.

n
Yk
Xyl =X = - E %kx (10)
io1

where i is drawn randomly and ylk computed by

ylk:{Vfi(xk‘l), it Q=i )

ylkfl, otherwise.

Our method (Prox-SAG+) has been done even in the case where R(x) # 0. In the
case of R(x) = 0, algorithms are complicated, especially for implementing test problems.
We propose a proximal method that is equipped with the proximal operator

Xk = Proxy, r(Xk-1 = YkVk) (12)

v = vp_1 —vF + VS, (x), (13)

where is obtained from [11].
Now, let us introduce the Prox-SAG+ algorithm.
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Algorithm 2 Prox-SAG+ algorithm
v=0,9=0 for i=1,2,...,n
for k=1,2,... do

Sample i from {1,2,...,n}
Vg = Vg1 i + VSi(x)

vi = Vfi(x)
Xk = Proxy, p(Xx-1 — Yk vk)
end for

5 Convergence Analysis

To analyze the convergence of the new method, we express some lemmas. These lemmas
are used to prove the principle theorem.
The following lemmas are similar to the ones in [15].

Lemma 1. P(x) is considered as satisfied in (1) and (2). Let Assumption 1 holds,
x* =argmin,P(x) and Ly = max;L;/n. So

Y VAR - VAP < 2Ls[P(x) - PO}
i=1

Proof. Consider the following function
Yi(x) = fi(x) = fi(x") = V() (x = x).
It is easy to check Vi;(x*) = 0, so min,;(x) = P;(x*) = 0. As Vip;(x) is Lipschitz
continuous with constant L;, and from (Theorem 2.1.5, [6]), we have
5 VIR < 0= min 9) = )= 1) = ),
This implies that
I Vi) = VAP < 2Li[fi(x) = filx") = Vi) T (x = )],

Now by multiplying the last inequality by 1/#, in addition to summing over i =1,...,n,
it is obtained that

=Y IV - VGNP < 2L [F() - F() = VEG) (-}
i=1

As x* is the optimal point,

x* = argmin P(x) = argmin{F(x) + R(x)},

there exists {* € dR(x*), which dR is a partial derivative, that VF(x*)+ C* = 0. Then

F(x)—F(x") = VF(x")(x —x") = F(x) = F(x") + C"(x — x7)
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< F(x) — F(x") + R(x) — R(x")
=P(x)— P(x").

In the previous inequality, the convexity of R(x) is supposed (from Assumption 1).
So we have

Y V() - VAP < 2Ls[P() - PO))
i=1
]

Corollary 1. Let vy be as defined in (13) (Corollary 3, [15]), suppose that at the point
of x;_; we have Evy < VF(x;_;) then

E || vg = VE(xg_1)II* < 4Ls[P(x3_1) — P(x*)] + M.

Proof. Conditioned on xj_q, it is taken expectation concerning i, to gain

E[VF (k)] = Y2V (k) = VE G

i=1
Now, the following inequality can be achieved

E || vg = VE(xo)II” = E || vt = 95 + Vi, (xi-1) = VE(xez)I1?
< 2E || vg1 = 9112 + 2B || V£, (x4-1) = VE(xp-1)II?
< 2E || et = 9FIP + 2E || VA, (e )IP = 2 | VE (xge-)II2
< 2E || vy = vFIP + 2E || VA, (xe)II
=2 || vg =97+ 2B (| VA, (1) + Vi, (67) = V(O
< 2| vpy —FIP +4AE || Vi, (xet) = V(NP + 4[| Vi ()]
<M + 4E || V£ (x61) = V£, ()]
<ALg[P(x_1) - P(x")] + M.

In the first and fourth inequality, we used || & + B]|*> < 2 || a||* + 2 || BI|* and finally, the
second equality is achieved from Lemma 1 and, the fact that for any random vector
xj € RY, we have E|| € - E&|I” = E || €I~ || EEII”. O

We need two more lemmas to use and complete proving the convergence theorem
(Section 31, [9]).

Lemma 2. Consider R being a closed convex function on RY and also x,y € dom(R).
So

Il proxg(x) — proxg(y) [l x=p I

To obtain a lower bound we use the next lemma (Lemma 3, [2]).



26 A Proximal Method of Stochastic Gradient ... / COAM, 8 (1), Winter-Spring 2023

Lemma 3. Consider P(x) = F(x)+ R(x), in which VF(x) is Lipschitz continuous with
its parameter L. Also, F(x) and R(x) has strong convexity parameters ¢ and tg. For
any x € dom(R) and arbitrary v € R?, we define

Xy = prox,g(x—yv),
d=2(v-x,)
A=v-VF(x),
where 0 <y <1/L is a step size. Now for any y € R?, we have
P(y) > Plx)+d" (p =)+ D11l + L Ny =xP+ 2y -, P+ AT (x, ).

Now, consider the following convergence theorem.

Theorem 1. Let Assumptions 1 and 2 are satisfied, and x* = argmin, P(x) and Lg =
max;L;/n. Furthermore, suppose that 0 <y <1/(4Lg) and

2y-2

—1_
0 8y2Ls

<1. (14)

Then, the Prox-SAG+ method has the geometric convergence in expectation
EP(x;) - P(x") < p¥[P(x0) — P(x")]. (15)
Proof. The stochastic gradient mapping is defined for convergence

1 1
dy = ;(xk—l - X) = ;(xk—l = ProX,r(Xk-1=yvk)),

then the proximal gradient step (12) can be rewritten as
Xk = Xg_1 — ydy.
To complete the proof of Theorem 1, we need to know the distance between x; and x*.

2 2

Il Xk = x7N"= [ xpe—1 = y i = X7
2 T 2 2
=P otr = X7|° = 2pd (e = x7) + 7 | il

Using Lemma 3 with x = x3_q, v = vy, x; = x, d = dj and y = x", we have
+ + TF * TR * +
—dT (1 =)+ D1l < P = Pl =l =P = 2 o =P+ AT (-5,
in which Ay = vy — VF(x;_1). By using the assumption in theorem 1 we get
n<1/(4Ls)<1/L

since Lg > (1/n) Y. { L; > L. As a result,
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lxg —x 1% <l xpoy =X = yee | g = X1 = yg g — X1
- 29[P(xg) = P(x")] - 2y AL (x; — x*)
<l xog = X P=29[P(xg) = P(x)] = 2y AT (x — x°). (16)

Then, we find an upper bound —ZyAZ(xk —x*). In addition, we mention the proximal
full gradient updates as

Xy = proxyr(xg_1 — ¥ VF(xk-1)),
which is independent of the random variable i;. So,
=2y A (g = )= =2y AR (e = %) = 27 Ag (%~ )
2y 1| Ag Il xg = % 1| =2y AT (% — x7)

<
<2y 11 Al xey = yvi) = (xioy = Y VE() | =27 AL (% = x7)

=297 | Al =2y Af (3 - x°),

where the Cauchy-Schwarz inequality was used in the first inequality, and in the second
inequality, Lemma 2 was used. Combining with (16), the following result was obtained

| xp =12 <l xg_g = X2 =29[P(xx) = P(x)] + 292 | Agll? = 2y A (% — x7).
E |l xg — x| < | xp_y — x| = 2y[EP(xy) — P(x")] + 2p°E | Agll> = 2y E[A] (% — x.)]

<l kg =21 =29 [EP(xg) = P(x)] + 2y *(4Ls [P (x51) — P(x") + M].

Now, by taking expectations again over the last inequality we obtain the desired
result

E |l xx1 = x'II* = 2y [EP(xg) = P(x")] + 2p* x 4L [EP(x;_1) = P(x")] + 2y *M
< lxo = x"II> = 27[P(x) = P(x")] + 8y *Ls[P(x0) = P(x")] + 2y ° M,
and then by using the last inequality, we have
8 Ls[EP(xi-1) ~ P(x')] < |lx0—x|I* = 2y[P(xo) = P(x")] + 8y *Ls[P(xo) - P(x)]

In addition, we have || x — x*||* < %[P(xo) — P(x*)]. Therefore,

8 Ls[EP(xx_1) - POO)] < (5 = 2 + 8 Ls)[Plxg) ~ P(¥')]

(2-2y+8y%Ls)
8y2Ls

EP(xg-1) - P(x") < [P(x0) - P(x7)]

2y-% .
=(1 L )[P(x(» - P

_2
Now, [1 - ;;’2 LTS] can be defined as p. Therefore,

EP(xg_1) - P(x") < p* '[P (x0) - P(x")].

We have successfully proven Theorem 1. O
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6 Numerical Experiments

In this section, the numerical results of the proposed method are described. To get
the desired result, we used the regularized logistic regression problem for binary clas-
sification. We are given training examples of (aj,b;),...,(a,,by,), where a; € R? and
b; € {~1,+1} and b; € {0,1}. The aim is to find the optimal point x € R? as a predictor
by solving

min — log(1 +ex bax +— x |5+ A1 || x|y,

min - Z g(1+exp(=ba] %)+ Z2 [ x I3+ Ay Il xll
where A; and A, are regularlzatlon parameters. The component functions can be one
of the following forms

A
filx) = log(1 + exp(=biaf x)) + 57 |l x I3, R(x) = Ay || all,
or

A
filx) =log(1 + exp(bia x)), R(x) = > | x I3 +A1 | xlh- (17)

We use MATLAB software for the implementation of all the considered algorithms
(MATLAB v9.9.0 R2020b environment on a PC with CPU Intel Core i5 8500, 3.00
GHz, and 16GB RAM).

We compared the Prox-SAG+ algorithm with the following algorithms:

o Prox-SVRG: Algorithm Prox-SVRG in [15]
o SAG: Algorithm 1 in [10]

o Prox-SG: Eq. (8) in [15]

o Prox-FG: Algorithm 3.3 in [7]

Moreover, we investigate a stochastic dataset and two other datasets called (Ma-
chine Predictive Maintenance Classification) [18] and (Phishing Website Detector) [19].
Moreover, Cross-validation is used for generating and assessing the data. In this tech-
nique, the data divides into two groups 75 percent and 25 percent of the dataset. Then
75 percent of the data is trained for the algorithm and the rest of the data is examined.
In each stage, an error is counted. A; and A, are chosen by the user. During the
execution of the code, a stochastic dataset is normalized. So we have || 4;||, = 1 for each
i =1,...,n, which causes us to get the same upper bound on the Lipschitz constants
L=L;= | a;|5/4. In the implementation, we used (17) and uniform sampling of the
component functions.

In Figure 2, we chose A;,A; = 107 and m = 2n. In addition, y = 0.1/L is our
step size. We consider a dataset of 100 elements (n = 100). As we can see in Figure
2, in Prox-SAG+ after a few iterations the gap between P(x;) and P* becomes zero,
i.e. P(xg)—P* =0 . For other methods after some more iterations, the objective gap
P(x;) — P* decreases.

Figures 3 and 4 illustrate that the objective gap P(x;)— P(x") is lower for Prox-
SAG+ than all other methods. Hence, it has better performance in comparison to
other examined methods.
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Table 1: Datasets and regularization parameters

Data sets n d | source | A, A

Random | 100 | 6 107410
Pre 10000 | 6 | [18] |107*| 107*

Phishing | 11054 | 31 | [19] | 107* | 107*
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Figure 2: Comparing the objective gap of some methods with Prox-SAG+.

0.5
————— Prox-ASG+
04t — — — Prax-SG ]
Prox-SVRG
Prox-FG
03T + X
o
=
= 0.2 A A
o
=3
O i
B S
i
=
3 or
£
O
0.1
0.2
03 . . . . . . .
0] 5 10 15 20 25 30 35 40 45 50

Number of effective passes

Figure 3: Comparing the objective gap of some methods with Prox-SAG+ on the Pre dataset.
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Figure 4: Comparing some methods with Prox-SAG+ on the Phishing dataset.

7 Conclusion

We proposed a new proximal stochastic method that uses a proximal operator to im-
prove the SAG method. Additionally, the algorithm is simpler when the regularization
function is not zero (R(x) * O) . Furthermore, it outperforms Prox-SVRG since it does
not require a multi-stage approach. Using the multi-stage approach makes the method
more complicated than the newly proposed one. Prox-SAG+ has a geometric conver-

gence in expectation, allowing it to solve optimization problems in machine learning
effectively.
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