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Abstract

Adaptive update schemes for penalty parameters are crucial to enhancing robustness and practical applica-
bility of penalty methods for constrained optimization. However, in the context of general constrained stochastic
optimization, additional challenges arise due to the randomness introduced by adaptive penalty parameters. To
address these challenges, we propose an Adaptive Single-loop Stochastic Penalty method (AdaSSP) in this pa-
per. AdaSSP employs a single-loop algorithmic framework with dynamically updated penalty parameters based
on the behavior of iterates. It combines a recursive momentum technique along with clipped stochastic gradient
computations to potentially reduce the random variance caused by stochasticity. We present a high-probability
oracle complexity analysis for AdaSSP to reach an e-KKT point. We also investigate the in-expectation global
convergence regarding the KKT residual at iterates when the penalty parameter sequence is unbounded and
bounded, respectively. Finally, preliminary numerical results are reported, revealing the promising performance
of the proposed method.
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complexity - Global convergence
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1 Introduction

In this paper we focus on the nonconvex stochastic optimization with deterministic constraints:

fnin - f(z) = E¢[F(;¢)]

s.t. c(x)=0, 1€E&, (1)
ci(e) >0, €I,
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where ¢ is a random variable in the probability space =, and independent of &, £UZ = [m] and ENZ = ). For any
fixedé € =, F(;£): R” 5> Rand ¢; : R” — R,i € EUZ, are continuously differentiable and possibly nonconvex.
Such problems are prevalent in various fields, such as optimal control [5], PDE-constrained optimization [35],
constrained maximum likelihood estimation [13,19], resource allocation [4,37], and constrained deep neural
network training [32,34].

For general convex stochastic optimization with deterministic constraints, Xu [44] proposes a single-loop
primal-dual stochastic gradient algorithm leveraging the linearized augmented Lagrangian and studies the
convergence rate of the algorithm. Bollapragada et al. [] consider problems with linear deterministic constraints
and propose a double-loop augmented Lagrangian method (ALM) with an adaptive sampling strategy to control
the accuracy of the stochastic gradient. For nonconvex stochastic optimization problems with deterministic

constraints, there are also several classes of algorithms. Na et al. [31] propose a fully online stochastic sequential
quadratic programming (SQP) method and establish the iteration complexity required to achieve e-stationarity.
Shi et al. [38] present a linearized ALM based on momentum [17] with an improved oracle complexity in order

O(e™) to find an e-stationary point or an e-KKT point under an extended variant of Mangasarian-Fromovitz
Constraint Qualification (MFCQ), where the oracle complexity refers to the total number of stochastic gradient
evaluations. Recently, Lu et al. [28] propose an algorithm based on a truncated recursive momentum scheme
and establish the oracle complexity in order @(6_3). Within the framework of a proximal point method,
ICPPC [9] and LCSPG [10] aim at inequality-constrained optimization, with O(¢~*) oracle complexity to find
an /€ type-I KKT point and (1/€, v/€)-KKT point, respectively. The SPD method [23] adopts a single-loop
primal-dual algorithm framework for stochastic optimization with many deterministic constraints and owns
the oracle complexity in order O(¢~®) to find an e-stationary point. The STEP algorithm [24] is targeted at a
class of constrained optimization whose objective is a composition of two expected-value functions. The cubic-
regularized primal-dual algorithms are studied in [40] for finding second-order stationary points in nonconvex
equality-constrained optimization, with oracle complexity bounds established for problems with deterministic
and stochastic objectives, respectively. It is worth noting that all above algorithms use fixed (deterministic)
parameters during their iteration process.

Notably, the adaptive updating of merit/penalty parameters in deterministic constrained optimization is
widely used in practical computations to alleviate the need for tedious manual tuning [39] and balance primal
and dual residuals to ensure more stable convergence behaviors [15]. However, when solving stochastic opti-
mization problems, the introduction of randomness and the uncontrollable magnitude of adaptive parameters
can make the theoretical analysis intractable, e.g., considered in [21] for unconstrained optimization. Curtis
et al. [2,14,15] investigate the convergence properties of a stochastic SQP (SSQP) algorithm based on the ¢;
merit function associated with an adaptive merit parameter, highlighting the importance of a merit parameter
sequence that ultimately becomes sufficiently small while remaining bounded away from zero. Na et al. [29,

| explore stochastic SQP algorithms with differentiable exact augmented Lagrangians, which incorporates
second-order information from both objective and constraint functions. Assuming a strong linear independence
constraint qualification (LICQ) condition, they prove the worst-case iteration complexity bound and almost
sure convergence, respectively. Berahas et al. [3] tailor noisy function and gradient estimates to propose a
stochastic step-search SQP (SS-SQP) to achieve a first order e-stationary point with high probability. O’Neill
et al. [33] propose a two stepsize stochastic SQP method with Adagrad-Norm [12] based adaptive stepsizes
and provide an oracle complexity of O(e~%) for stationarity and O(e~1) for feasibility, respectively. Wang et
al. [41] investigate a stochastic penalty method based on ¢2 penalty function with an adaptive penalty strategy
for equality-constrained optimization and establish the oracle complexity to reach an e-approximate stochastic
critical point. As far as we know, however, there has not been any type of ALM that employs an adaptive
parameter update strategy to solve the nonconvex constrained stochastic optimization problem (1). The design
and analysis of such type of methods will cause additional difficulties since the stochasticity hidden in the adap-
tive penalty parameters may lead to uncontrolled behavior. The primary goal of this paper is to propose a type
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of ALM that adopts the adaptive penalty parameter and enjoys a desirable high-probability oracle complexity
to achieve an e-KKT point of (1).

1.1 Contributions

In this paper, we study an adaptive single-loop stochastic penalty method (AdaSSP). AdaSSP adopts an
adaptive mechanism to dynamically adjust the penalty parameter based on the level of constraint satisfaction,
aiming to balance faster objective value reduction and stabler constraint violation reduction while eliminating
the need for manual parameter tuning. Additionally, we employ clipped stochastic gradients with momentum to
tackle the potentially large stochastic variance. Under the local LICQ, we establish the high-probability oracle
complexity of AdaSSP to reach an e-KKT point. Finally, numerical experiments on a quadratically constrained
program and a multiclass Neyman-Pearson classification problem demonstrate the promising performances of
the proposed method.

Detailed comparison with several closely related adaptive algorithms for nonconvex constrained stochastic
optimization regarding oracle complexity is provided in Table 1.

Table 1 Comparison between algorithms with adaptive merit/penalty parameters. Here, we have f(x) = E¢[F(x;¢)], and
Ai > 0 for any i € Z. In SSQP, Tmin is the merit parameter threshold in [14]. SZO and SFO denote stochastic zeroth- and
first-order oracle, respectively. The “strong LICQ” represents that the Jacobian of constraint functions have singular values
that are lower bounded away from zero over a set containing all iterates for all realizations of the random variable.

Algorithm Problem type Stationarity measure Assumptions Complexity
Algorithm 3.1 mingepn  f(x) E[[Vf(z) + Vee (@) Ae ”2] < 627 Oy SFO
[41] st.ce() =0,i €€ Efllce (=) — min, lles(x) + Vee(z)s ] < € i
SSQP mingegn  f() E[|Vf(x) + Ves(z)Ae |[] < e, ) I O(c%) sFO
N s strong Yy T ee—
[14] st.ci(x) =0,i €& E[/Jce(@)[[1] < ¢ O(e=4) SFO
(if Tmin known)
Algorithm 2.1 r:inzeR717 (‘)f(z) . With high probability strong LICQ O(e=4) SFO
5] st-ce(@) =00 € IVf(@) + Ves@Aell < € lleg (@)l < e
$S-SQP mingegn  f(@) With high probability S“g g’g%%?;‘;‘al O(c6) SZO
(3] st.ci(x) =0,i €€ [V f(z) + Vee(@)Aell < ¢, lleg(@)]| < € strong LICQ + O(e™*) SFO

With high probability

[Vee(z)eg (x) + Vez(z)lez(@)]+ | < ¢, <
( ‘ Hcf(m)u+||[ci(m)]fu o ) mean-squared | O(¢™*) SFO

AdaSSP mingegn f(x) N ( ) smoothness (Theorem 1)

‘ e T | (195@) + Ve@)A] < e e (@) + [ez(@)]+ ] < o,
(this paper)

] Ai=0if ¢i(x) < —cforalli e Z
ci(x) <0,i €l

With high probability mean-squared O(e*) SFO
V(@) + V@Al <€ llee (@) + llez(@)]+]] <, smoothness, .
Ai=0if ci(x) < —eforalliel local LICQ (Theorem 2)
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1.2 Notation and organization

We use e to represent the base of the natural logarithm function log(-) and || - || to denote the Euclidean norm
of a vector without any specification. For brevity, we introduce [k] := {1,...,k} and ¢kl = {€',...,&F} for
any positive integer k. For any u € R, we define its positive part as [u]+ := max{0,u}. For any u € R",

[u]+ is referred to as a component-wise application of the operator [-]+. For a,b € R™, a = b denotes that
a; > bi,i =1,...,n, and for A € R"*", A = 0 denotes that A is positive semidefinite. The gradient of f
at @ is denoted by V f(x). Given a closed set C C R", the distance between x and C is referred to d(z,C).
Given random variables £ and ¢, E¢[-] represents the expectation w.r.t. £ and E¢[-|(] represents the expectation
w.r.t. £ conditioned on ¢. The inner product of «,y € R™ is denoted by (x,y). We define cg : R™ — RI€| with
components being ¢;(-), i € £, and Veg : R® — R™*I€l with columns being Vei(+),i € €, and so forth for ez,
Vez, Az and Ag. For convenience, we abbreviate c(wk) to ¢*, and similar abbreviations VeF, Vc’§ and Vc%
are used. For a positive integer k, we define Zf:_kl - =0 and Hf:_kl -=1.

For a general nonconvex constrained optimization problem, it is normally impossible to locate its global
or even a local minimizer. Instead, main research stream focuses on a more trackable solution, KKT point.
A feasible point & is called a KKT point of (1), if there exists a vector A* € R™ with A7 > 0 such that
Vf(x*)+ Ve(x®)A" = 0 and the complementary slackness condition holds: A;jc;(x*) = 0,Vi € Z. Under certain
constraint qualification conditions [43], a local minimizer of the original problem is a KKT point. Throughout
this paper, we assume that a KKT point of (1) exists and we aim to find an e-KKT point defined as follows.

Definition 1 (e-KKT point) Given a constant € > 0, a point & € R™ is called an e-KKT point of (1), if
there exists A € R™ with Az > 0 such that

IVf(®) + Ve@)Al| <€ e(@)] + llle(@)]+]| <6 Ai=0if ci(x) < —¢Viel

The rest of this paper is organized as follows. In Section 2 we introduce an adaptive single-loop stochastic
penalty method for solving problem (1). In Section 3 we present auxiliary lemmas that are essential to the
subsequent theoretical analysis. In Sections 4 and 5 we investigate the high-probability oracle complexity of the
proposed method to reach an e-KKT point and the global convergence properties of the proposed method, when
the penalty parameter sequence is unbounded and bounded, respectively. In Section 6, we present preliminary
numerical results on two test problems. Finally, we give conclusions.

2 The AdaSSP method
The augmented Lagrangian (AL) function of problem (1) takes the standard form as described in [30]:

Lp(x,A) = f() +bp(c(x), A), (2)

where A € R™ is normally referred to as a dual variable, 8 > 0 is a penalty parameter, and

1
(2, 0) =3 iz + §z?} + 55 2P+ Azl = AT
€€ 1€T
It is easy to obtain that the gradient of Lg with respect to  can be expressed as

Vals(®,A) = V(@) + ) (A + Bei(@))Vei(@) + [N + fei()]+ Vei(@). (3)
= i€T
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Since the computation of exact gradient information of f is costly and sometimes even prohibitive, we assume
that a stochastic gradient at any inquiry point can be accessed. More specifically, at current iterate a:k, for
k > 1, we compute the stochastic gradient of f through

glc = ozkgk*1 + (1 - ak)Gk + ozk'uk7 (4)
where

k _ s k. ¢k
G —mln{ ’7\\VF(m EUH}VF("B &7,
v* = sz min {1, opgren Seper ey | (VF(@"65) — VR 1i¢h),

By, Dy >0, ap, € (0,1) for k > 1, fk is a random sample generated from =, G* is the clipped gradient of F(:; fk)
at ¥ and v* denotes the clipped momentum term. Here, we leverage the momentum technique to efficiently
reduce variance with only one sample ¢ per iteration, following the methodology of [17,46,38]. Meanwhile,
inspired by [27,16], we employ a clipped stochastic gradient and a clipped momentum term to mitigate extreme
events, thereby enabling us to establish high-probability theoretical results. Then we (approximately) solve the
following subproblem to obtain kL

. h
min - Qu(w) = (g% @ —a®) + v, (" + (Veh) T (& — 2*), \) + T |l — =¥

st e —a| < m, ()

where () is a positive penalty parameter and hy, € (0, H], for some H > 0, is a regularization parameter. Note
that the objective of (5), Qx (), is a stochastic approximation to Lg, (z, A¥) and d* := VQy,(z¥) is a stochastic
approximation to VgL, (", A*), where

F=g" Y O+ Bei(@®) Veila®) + i + Bei(@®)] 4 Ve ().

i€E i€L

For theoretical analysis purposes, it is sufficient to solve (5) until the following condition is satisfied:

Al

me g+ = Qe — Qu(a®), ©)

1 .
—3 min{ny,

where G, = max; ¢ {[|Vei(z")||}. This condition (6) can be efficiently satisfied using the approach detailed

in Section 6. For the update of A¥, we employ the following scheme [38,23,24] by computing
k+1
AL — )R Cs(w )
TPk | max{ez (@), “NE/By) Q
with pi > 0.

In Algorithm 1, we present main steps of an adaptive single-loop stochastic penalty method, AdaSSP,
to solve problem (1). In this method, the penalty parameters {8y} are updated adaptively based on the
iterative progress. Due to the stochastic nature of {gk}kzl, the penalty parameters are inherently random.
This character significantly differs from many stochastic approximation methods for constrained optimization,
which use predetermined penalty parameters. Motivated by [6,7] we define V¥t := max{ez(x"*1), =A% /81 }
for k > 2, with V! := max{cz(ml), 0}, to measure the violation and complementary slackness of inequality
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constraints at "1, The penalty parameter stays the same when an average of constraint violations at a group
of history iterates is improved, i.e.,

k
1
k=1 or == > (lleel@ ™) +IV*)
[K/2] 7
k-1

<Y llee (@) + IVEHY)), ®)
=D 55 2 ( )

where 7 € (0,1).

Algorithm 1 AdaSSP

1: Input: ! € R®, 51, I,9,H >0 1 € (0,1), and parameters { B, ni > 0}, {px € (0,51]},{axr € (0,1), hy € (0, H]}.
2: Let A' =0, g° =0, and V! = max{cz(z!),0}.

3: For k=1,2,... do

4:  Calculate g* through (4).

5:  Calculate "1 by solving (5) such that (6) is fulfilled.

6:  Calculate A*+1 through (7).

7:  Calculate VF+! = max{cz(z**1), - AL /B,}.

8

9:

. If (8) is satisfied, set Bx4+1 = Bk; otherwise, set Bry1 = (,6’,1/19 + /9)9,
End For

To simplify notation, we introduce Al =Aland NF ¢ R™ k > 2, defined by

3k Br_1ce(x®) + AE7!

T [Br—rez(z®) £ AETL ©)

In theory, A will play a role as the vector of multipliers at kth iteration. The lemma below provides some
insights on how V¥ affects the feasibility and complementary slackness error at zk.

Lemma 1 For any k > 2 and € > 0 such that ||Cg(mk)|| + ||Vk|| <'e, it holds that ||Cg(:1)k)|| + H[cz(mk)}JrH <,
and \F =0 if ¢;(x¥) < —e for all i € T.

Proof From A' =0, p, € (0, B1) and (7), we obtain that A% > 0 for & > 1 by induction. Then we have

V| = [max{ez(z"), =A7 " /Br-1}] = [ez(a")]+,

which implies

llee @) + [llez(@))+ ]| < llee (@) + [VF] < e.
Moreover, for any i € Z it holds that max{c;(z*), = A\F"1/8,_1} > —e. If ¢;(zF) < —¢, =NF"1/B_1 > —€ >
ci(x®) and thus By,_1c;(z¥) + AF~1 < 0. Hence, it yields that \F = [Bx_1ci(2") + AF 714 = 0, which completes
the proof. 0O

Let (£2,F,P) be a probability space defined on the stochastic process {;}r>1. Then, with fixed initial
parameters, each realization of a run of the algorithm generating {mk"'l, Bk+1}k21 is associated with some
w € 2. For simplicity of notation, we omit this dependence in subsequent discussions. We introduce the
following set of random variables and the corresponding o-algebra as

M=, ¢%..., ") and Fr=o(¢™), k>1.
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From the framework of Algorithm 1, it follows that for any k& > 1, all xFt1 and ¥ are Fi-measurable.
For simplicity, we introduce the notations

" i=g" - V@),
/L (Vf(wk) - Vf(:ck_l)) = Z}' + Z{ with

Zi ="~ Bewl*] and 2} = B v"] - Lizz (VS (") - V(@)
0y, := G* — V(") = 0} + 6} with

0% == G" —E¢n[G"] and 6}, := Ecu[G*] — Vf(2"),

where e* denotes error of gk, Z), denotes error of the clipped momentum, and 6y refers to error of the clipped
gradient. In the lemma below, we represent the error e* in terms of Vf(x'), {Zs}s<k, and {0s}s<k. This form
of representation is widely used in the related literature [20,27] and serves as a useful tool for analyzing the
rate at which e* diminishes.

Lemma 2 For any k > 1, it holds that
k k k k k
| CA/CIES 910 EEARS o (R 1 N 10
=1 s=1 \i=s s=1 i=s+1

where Hf:k+1 a; = 1 in convention.

Proof Using the definition of 8y, Z;, and e* we obtain
e' =1’ + (1 —a1)G' —Vf(z') = —aa V(") + (1 —a1)6:.

Suppose (10) holds for kK — 1 > 1, then

e’ = arg" ' + (1 — ap)G* + apv” — Vf(zF)

= Oékekil + apZy + (1 - ak)Ok

k k—1 k k—1 k
= — Hoszf(;pl) + Z (H OtiZs> + ((1 — Oés) H aies)

s=1 1=s+1
+ apZy + (1 — ag)b,

which completes the proof by induction. O

Moreover, it follows form [27, Lemma 10] that

2

k k
> [z

s=11i=s

< + (11)

k k
> ez
s=1i=s

k
+ 2> Ee
s=1

k
[[enzy
1=s

and

k k

Z (1—as) H ;05

s=1 i=s+1
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k k 2 k k
2) Eeo |||(1—as) [ o6y 1—as) [ eo?|f, (12)
s=1 1=s+1 =1 i=s+1
where
s—1 k
0, ifs=0o0r > []aZj =0,
. ) ) i=1i=j
Us s=1 _ @ 1] ;11 a2y
sign | > U} | == :J_ — , otherwise;
Jj=1 Il a;Zy
j=1i=j
s—1 k
o, ifs=0o0r > (1—a;) [ «6} =0,
Jj=1 i=j+1
rk
U, s—1 _ (2;(1 a) 1‘[ a@",(l as) nlaew
sign [ > U]lv ot , otherwise,
Jj=1 ) H ;0%
j =ikl
and
k 2 k 2
HaiZS —Egs HO&Z'ZS 5
i=s i=s
i ) i ) (13)
(1—as) H ;05| —Ee [[[(1— as) H a0y
1=s+1 1=s+1
By [16, Lemma 10], {U¥} and {R¥} are martingale difference sequences and
0| < z!), [ok] < ) H ] (14)

3 Preliminaries

1=s+1

In this section, we provide auxiliary lemmas to prepare the oracle complexity and global convergence analysis
in subsequent sections. We first lay out assumptions that are used throughout the remainder of this paper.

Assumption 1 Let X CR"™ be a compact convex set containing all the iterates {wk} Functions f and c¢;,i €
[m] are continuously differentiable with L-Lipschitz continuous gradients over X. The objective function value
of (1) is lower bounded by C*. Moreover, there exist C,G > 0 such that for any x € X, |c;(x)| < C,Vi € &;
ci(x) <CVi € Z; |Vf(x)| <G, and [|[Vei(z)|| < G,Vi € [m].

Assumption 2 For any ® € X, E¢[VF(x;¢)]

V@) < o

= Vf(x) and there exists o > 0 such that E¢[||VF(x;&) —

Assumption 3 (Mean-squared smoothness) F(:; &) is continuously differentiable for each & € = and there
exists L > 0 such that for any u,v € X, E¢[|VF(u; &) — VF(v;8)%] < L?|Ju — v||*.
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Remark 1 In the literature, the assumption that F(-;§) has L-Lipschitz continuous gradients almost surely is
usually used, such as in [17,25,27]. Sub-exponential error assumptions, known as light tail distribution, are also
often posed to induce the high probability result [3,11,22]. However, thanks to the incorporation of clipping
technique in our method, we can realize this goal when only assuming the heavy tail variance boundedness (see
Assumption 2) and mean-squared smoothness (see Assumption 3).

The lemma below straightly follows from [38, Lemmas 1, 2, and 4], which demonstrates upper bounds of
AF and the smoothness of Lg (:c, )\k) in x.

Lemma 3 Under Assumption 1, it holds that for any k > 1,

k—1 k—1
NISCY p, Vi€ & 0<A <CY ps, Vie T INH = AP < piC, Vi€ EUT,
j=1 j=1

where C 1= rnax(%7 C) and 22:1 p; = 0. Moreover, it holds that, for any 8 > 1 and u,v € X,
Vol (u, A¥) = Vals(v, N)| < Lau—vll, k=1, (15)
where Lg := BL with L = %lzzilpk +mG? + mCL.
The following lemma provides a bound for d”, which is a stochastic approximation to VaLag, (xk, )\k).

Lemma 4 Under Assumption 1, it holds that for any k > 1,

[l
mG?8, + H

E+1

min{7g, HId™ || < 2(Cs, (", A%) = L, (@™, X)) + 1 Lg,, + 20i]|€”]. (16)

Proof From Lemma 3, (6) and ||z x"|| < ny, we obtain
L
Loy @A) — Lo (@8, A) < (Valp, (@, 0, 47— ab) 4 208 g1 o

L
_ <dk _ ek,a)k+1 _ wk> + ﬁk ||$k+1 _ wkHQ

< (dF @ — o) et 4+ LT

2

< Qula™) - Qulat) + milleh] + LT

Lo ] L,k
<-= i —r k
< —gminfin, o I el + =

. ] L,k
<= — =0 _d :
< —gminne, g A ellet + =,

where the third inequality is due to the convexity of Qi(-) with VQu(2*) = d* and last inequality is from
G, = maxie[m]{HVci(mk)H} < G by Assumption 1. Thus the conclusion is yielded after arranging the terms.
O

The next lemma shows an upper bound on the accumulation of differences between the augmented La-
grangian function values at two consecutive iterates.
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Lemma 5 Suppose that Assumption 1 holds, then for any K > 1,

K
3 (Lo (@A) — L, (@A) < My o+
k=1

m025K+1
2 )
where My := Lg, (x', ") — C* — %251 +2mC? Y pr.

Proof Firstly, it is easy to obtain from the definitions of 13 and Lg that

P, (LN g (N < Bt 202

L, (mk+17 Ak+1) — L, (wk+1a )\k) < mpké2-
Then combining (18) and (19) gives

K
Z[‘Cﬁk (wka Ak) — Lp, (warl’ )‘k)]

k=1

[ﬁﬁk( k+17 >‘k+1) - Eﬁk (a:kJrl’ )‘k)

Mw

B
Il

1
(ck+1 )‘k+1) ¢,8k (ck+17 )‘k+1) + ‘Cﬂk (wkv Ak) - £5k+1 (wk+17 Ak+1)]

Br+1

[Ls, (2", X) — L, (&N + 6“12 Bty C? + mpC?

MW*

x>
Il

1

< Lo, (ml’ )\1) - £5K+1 (wK+17)‘K+1) + wmcz + méQ Z Pk -

k=1
Moreover, we can upper bound Lg, (2", A*) — Lgs (P AEH) by
141 k+1 yK+1
‘C’ﬁl(w 7A )_‘C’BK+1(m + 7A * )

< Lp, (@', A1) - C" = [Z[Af‘“cxwk“) + %cﬁwk“n
€€

e T (B 4 naa R - 051

2B 41 ieT
1 1 Z K+1 k+1 Z >\K+1)2
<Lp(x,N) = C"+ ) N e +
i€ o 2Pk
< Lg (', A —C* —I—ZC’QZp] Z czpj
€€ J=1 zeI j=1

< LBl (wlvAl) -C" + mOQZ Pis
j=1

where the third inequality holds by Lemma 3. Thus the result follows after plugging (21) into (20).

(17)
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Motivated by [38, Lemma 7], we give the following lemma that links gradients of the augmented Lagrangian
function in « with those of the minimization problem

1 1
min 5||Cs(w)||2 + 5||[Cz($)]+ll2-

Lemma 6 Suppose that Assumption 1 holds, then for any k > 1, we have

[VaeLls, (" 29)] +%
Bk Br’

[Vee (2" )ee (@) + Ve (2" ) [ez (@] <

where Mz :== G+mCG Y 22 p.

To proceed we need an analyzing tool provided in the following lemma, which can be derived following the
scratch of [18, Lemma 15].

Lemma 7 Given constants a € [0,00) and b € [0,1) with b < a, it holds that 2?21]‘_“ Hf:jJrl(l -t <
k(a, b)k®~%, where k(a,b) := 2exp (ﬁ) + ([max{aﬁ, (%ﬁb)ﬁ}—‘ — 1) exp (szpr”)(a - b)%:
Proof See Appendix B. O

From Assumptions 2 and 3 as well as ||* — 2"71|| < np_1, it yields that for any k > 2, the variance of
VF(z"; ¢F) — VF(2*~1; €%) is bounded by n?_,L?:

Eer[|[VF(z";¢") — VR 1 6%) — (V (=) — V")
=Ea[||[VF(z";€") — VR 5 5P - V(") - ViE" |
< Ee[|VF(z";€%) — VR(" 6917 < ni_ L%

Then according to definitions of 8, and Zy, it is easy to obtain the upper bounds for ||6%]], || Z7 |, Egx AR
and Ee, [|| Z3||?] following [27, Lemma 5.

Lemma 8 Under Assumptions 2 and 3, it holds that for any k > 1,
10%]] < 2Bx and || Z5|| < 2Dy.
Besides, if HVf(:ck)H < Br/2 and ||V f(zr) — Vf(xk—1)|| < Di/2, then
6kl < 20°By ', 11ZR] < 2L%ni 1Dy, (22)
and Ee[[|0F]°] <1007, Eer[|ZK(°] < 10L%nk1, (23)
where no = 2 in convention.

In the following, we assume that the parameters in Algorithm 1 satisfy

P 1 1 1 _1 1

pkzkfw,’quk 2, By=ki, Dp=mn_j,ar=1—-k"2,Vk >1, andé‘:Z, (24)
where p > 0, @ > 1. It is worthy to note that the parameter setting is problem-free in the convergence analysis,
which is different from existing works for penalty methods [1,28,38]. The parameter setting (24) enables more
specific upper bounds on the four estimates in (22) and (23).
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Lemma 9 Under Assumptions 1-3, suppose that the parameters in Algorithm 1 satisfy (24). Then for any
k > 1, we have

167 ]| < max{6G? 207 k™4, || ZR| < 6L*(k— 1)1, (25)
Eer[||05 )] < max{4G?, 106}, and Eg[|Zi|*] < 10L%(k—1)"". (26)
Proof See Appendix C. ]

Under the parameter setting (24), we can further ensure that the event defined in Lemma 10 occurs with
high probability.

Lemma 10 Under Assumptions 1-3, suppose that the parameters in Algorithm 1 satisfy (24). Then we have
28
P(G) 21~ samiogzaeeny where

k
G { SO OF| < Mokt log (M) 7

s=1
k
Z ij < Mﬁlf% log (@) , and
s=1

with My := 18+ 9L\/10k(1, ), Mz := 724 18Ly/10x(2, 1), and

Mg =18+ 9\/maX{4G27 1002} k(1, %), Mg =72+ 18\/maX{4G27 1002}%(;, %)

< Mpk~? log (M) 7

Proof See Appendix D. a

In the lemma below, we provide an upper bound and an iteration complexity on averaged gradients of the
augmented Lagrangian function in @ at history iterates with high probability. This will serve as a preparation
for the oracle complexity analysis in Section 4.

Lemma 11 Under the condition of Lemma 10 and given a positive constant § € (0,1), it holds with probability
at least 1 — § that

K
e DIVt (@ A < i rog (M) v, (21)
k=1

and with probability at least 1 — § that

1

=

K
D IVals, (@A) < e (28)
k=1

for any K satisfying

4
K2 N(e.8) = [max [t sttt iogt (B ) T

edie
where Mz = 2My + 4H + 2mC?T + ¥ T'L + 4mG®T + 3M. with M. := Gr(3,3) + 4(Mz + My), Mz =

Mg + /2Mp + 2Ly /5k(1, 3) + 6L%k(3,3), Mp := My + \/2Mz + 20,/5k(1, 3) + max{6G?,20°}x(3, 3),

I :=max{B1, '}, L defined in Lemma 3, and M is defined in Lemma 5.
Proof See Appendix E. a
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4 Complexity analysis
In this part, we present an oracle complexity analysis for AdaSSP. Note that only one sample is called at each
iteration of AdaSSP. Thus the oracle complexity of AdaSSP is in the same order as its iteration complexity.

The following theorem establishes that, before a certain number of iterations, with high probability we can
reach a point * that either satisfies

|Vee(@)ee (@) + Ver(@®)ler(@)]4 | < € and Jlee @) + lez(@*)]4] > (29)

or is an e-KKT point satisfying

HVf )+ Ve(z AkH <e (30)
lee @) + llfez(@™)]+ | <, (31)
M =0if ¢;(2F) < —eforalli e . (32)

Theorem 1 Under Assumptions 1-3 and given € > 0, § € (0,1), suppose that the parameters in Algorithm 1
satisfy (24). Then it holds with probability at least 1 — § that there exists k satisfying k < N + 1, where

N::2N(z,6)+2{%—‘ x[ Ffl w (33)

(DI

with Be = max{1, 21\5/[27 = ZZi=1 PN such that either (29) holds or (30)-(32) are satisfied.

Proof Note that

k k
1 2

= Y, IVals, @A) *levmﬁﬁt @A)

[k/2] t=|k/2]+1 k t=1

It then follows from Lemma 11 that the event

k
Aed)={ T 3 IVaLp @A < & vk N(E5) (34)
(k1217 4

occurs with probability at least 1 — §. In the remaining part, the analysis is presented under the circumstance
that A(e,d) occurs. Define

k

= € - 1 €
K= ke NGO N o 3 (les@ ™)+ V) < 5
4 [k/2] 2
t=|k/2)+1
as the index set including k£ such that
N(ié)ﬁkﬁﬁ (35)
and the average of ||cg (') + ||V over t = |k/2| +1,..., k is sufficiently small. We proceed our analysis

by considering two mutually exclusive cases.
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Case (i): K # 0. Then for any k € K, we have that
1 K €
T 2 (lee@ DI+ v) < 5,
t=|k/2]+1
which implies that
1 2

(36)

i 2 (e I+ IV 4 IVats @A) <
t=|k/2]+1

Thus there exists k € [[k/2] + 1, k] such that

llee @™ )|+ IVFF + Ve Lp, (2T A5 < e,
which indicates that (30)-(32) hold at k + 1 by Lemma 1.
First, we need to prove

Case (ii): K = 0. We will show that the first inequality of (29) and (32) hold for some k € [[N/2] + 1, N].
ﬁN/Q > Be-

Assume (37) were false, that said, ﬁN/Q < fe. Then to reach that the penalty parameter increases from ,BN(i,(;)
B!
to By /2, the number of increments will be less than [—

T4

(37)

—BN(s.9)
the longest period of iterations where the penalty parameter stay the same value is larger than

+ 1]. Therefore, it means that in [N(g,9)
1 5) > % - N( 56)
"53—51\1(5,5) -

N

12

:0) "log(ZmC’e_l)—‘
Bi—pt N '

s + 1—‘ ’V T4 1 + 1—‘

Suppose that the starting index and ending index of this period is k1 and k2, respectively, satisfying k1, k2 €
€ N log(2mCe™!
IN(%,6), Y] and ko — k1 > [ glmoe )

—‘. From Assumption 1 and Lemma 3 we have

At
llee (@ )|+ IV < flee (@)l + | max{[ez(2")]+, ,[Tf}lh

CY 2 pj ~
< mmax{C, M} =mC.
B

It indicates from the update scheme (8) and the upper bound argument (38) that
1 o

= > (les@ V)

[k2/2] ,_
t=|ko/2)+1

[k1/2] t=|k1/2]+1
—kq =, < E

mC < 5"

<

lee (@Il + V)
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This gives a contradiction to 167: (), which prove (37).
If ¢;(x*) < —e for any k > N/2 + 1 and for any i € Z, by Lemma 3 and (37), we have that

oo
M7 Briei(@®) < €Y pj — eBe < 0 yielding A = [B,H cila®) + A;HL: 0. (39)
j=1
Thus (32) holds. Hence, if (34) holds, there exists some k € [(%] = g + 1, N + 1] such that ||Vf(a:’}) +
Ve(x®)A¥|| < &, which together with Lemma 6 and (37) indicates that

M, + HVf(a:E) + Vc(mE)S\EH

|Vee(@)ee(@") + Ver(@®)ler(@)4 | < -
k
Mo € Mo €
<24 S <24 C <o 40
Br  2Br = Be 2B (40)
In this situation, either (29) or (31) holds at k = k. The proof is completed. a

To make sure that Algorithm 1 can find an e-KKT point with high-probability, we need to assume the
following constraint qualification condition, which is also imposed in [38, Assumption D.2].

Assumption 4 (Local LICQ) There exists v > 0 such that singular values of {Ve(x), x € Y*} are uniformly
lower bounded away from v, where Y* := {x € R" : |Veeg(x)ce(x) + Vez(z)[ez(x)]+|| = 0}.

Note that Y* is closed due to the continuity of Ve and ¢. The reason we call it “local” is that compared
with strong LICQ assumed in [3, 14,33] which requires LICQ hold in a “global” continuous region containing all
realizations of random iterates, we only requires LICQ on the set of all stationary points. Through Assumption
4 we can ensure the feasibility of all points in J*. Moreover, there exists a positive constant ¢ such that singular
values of Ve(z) are uniformly lower bounded away from v/2 for any x satisfying d(x,Y*) < €. Then we have

les (@) + lllez(@)]+] < %HVCS(:’J)Cs(w) + Vez(@)lez(@))+ ], vd(z, V") < & (41)

By the compactness of X (Assumption 1), the set {x € X : d(x,Y*) > €} is also compact. Therefore, there
exists a constant € such that

0<é:= [Vee(z)ee(x) + Vez(z)[ez()]+ |- (42)

min
{zeX:d(z,Y*)>¢}

Then we derive the following theorem, locating an e-KKT point «* and establishing the boundedness of A*
accordingly.

Theorem 2 Under Assumptions 1-4 and given € € (0, 2—:), 0 € (0,1), suppose that the parameters in Algorithm
1 satisfy (24). Then it holds with probability at least (1 — ) that there exists a certain k satisfying k < N +1,

where ~ A

G o€ log(2mCe ') pe — Bi

N._2N(4,6)+2{ el | X | T (43)
with fe = max{%, 2%2 , %}, such that (30)-(32) hold and

v’ v’ V2

oo oo
< 2¢ 2M. 2G 2¢
INFI| < max { mCS” pj +max { o, 20N p; ,7+i . (44)
j=1

=1
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Proof Tt follows from Lemma 11 that A(e,d), as defined in (34), occurs with probability at least 1 — 4. We
proceed our analysis under this occurrence. Similar to Theorem 1, we define

k

- € - 1
K= ke[N(Z,é),N]:W S llee@TH+ IV <
t=[k/2]+1

N

Recalling the proof of Theorem 1, we can obtain the following results:

— When K # 0, for any given k € K there exists some k € [[k/2] 4+ 2, k 4 1] such that (30)-(32) hold.
— When K = 0, it occurs that

5(1\7/2}_._1 > Be. (45)

For the case where K = (), under Assumption 4 and by (40), (43), and (45), there exists a certain k €
[[N/2] + 1, N] such that

chf(mfc)c‘f(mk) + VCI(m’%)[CI(me)}JrH < e va(mk;: VC(mk)S‘kH
< %JFLS ]\f12 € ve
B 2% Be 26. 9

<e (46)

It derives from (41) and (42) that

e (@) + llez(@)]4 )l < 2| Ves (@h)es (@) + Ver(@®) ez (@] < e

Now if cz(ack) < —e¢ for ¢ € Z, similar to (39), we have that 5\5 = 0, which indicates that (30)-(32) is still valid
in this case.
When (30)-(32) hold at k, two cases occur.

(i) Bk < Be. Recalling the definition of A¥, i.e. (9), gives

INI] <IN+ Br(llee ()] + ez (z*)]+11)

k=l € 2M. >
<mC » L= 0c » 47
= m J;pj +max l/’ v I J:le] b ( )

where the first inequality is due to Sr_1 < i and the second one is from Lemma 3 as well as (31).

(ii) Br > Be. Then from the skeleton of (46) we can obtain that ||Vee(x*)eg (z) + Vez(x®)[ez(x®)]4 || < &,
which implies that Vc(a:k ) is non-singular with singular values uniformly lower bounded away from & from
(42). This, together with

HVc(wk)S\kH < HVf(mk) —I—Vc(mk)S\kH + HVf(wk)H <e+G,

yields the boundedness of | A*|: | A*| < M

Therefore, combining (i) and (ii) together with € < 2¢ yields (44). O
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Remark 2 By Theorem 2, before a number of (7)(6_4) calls to SFO, with a high probability one is supposed
to observe an e-KKT point. The work by [1] and [2¢] establishes the oracle complexity of O(e~*) and O(e~3),
respectively, with predetermined varying penalty parameters being used. However, different from them, our
work adopts an adaptive penalty parameter and employs only local constraint qualification condition (see
Assumption 4).

Remark 3 We note that there exits a subsequence of {x*};>; such that (30)-(32) hold almost surely for any
€ > 0. This is a direct consequence of the Borel-Cantelli lemma, since it follows from Theorem 2 that the
probability of failure events (for fixed e decaying exponentially with K') is summable for e, i.e.,

Z [1 —P((30)-(32) hold for € and any k € [K])] < oo.
K=1

5 Global convergence analysis
In this section we will investigate the in-expectation global convergence of the Algorithm 1.
The following in-expectation results will help promote the sequential global convergence analysis.

Lemma 12 Under Assumptions 1-3, suppose that the parameters in Algorithm 1 satisfy (24). Then for any
K > 1 we have that

K

1 _1

2 > B (I Vel @ A)] < Mak T, (48)
k=1

1 & )

e 2 e [IFec @t @t ™ + Vertat Mestat i 1

1

< (zam e 3o 00])" (4 002). (o
k=1

where My := 2M1+4H+2mC? T +81 L+4mG* T +72(L*+G*+0?)k(2, 3)+12(L+G+0)4/10k(1, 1)+3Gr(3, 3)
and Maz is defined in Lemma 6.

Proof See Appendix F. a

Due to the adaptive update scheme of penalty parameters, it may occur that the penalty parameter sequence
{Bk}, generated by a single run of algorithm, increases to infinity or keeps upper bounded. Thus the following
analysis is separated into two parts addressing above two cases, respectively.

5.1 Unbounded penalty parameters

When penalty parameters are unbounded, we consider the following event to occur with positive probability:
P(2+) > 0, where 2 := {w € 2 : Br(w) — o0, as k — oo}.

In this subsection we will provide a global convergence analysis of AdaSSP conditioned on (2. To proceed, we
formalize the properties of stochastic gradients conditioned on {2~ in the assumption below, so that lemmas
in the previous section still hold. The expectation conditioned on 2 is denoted by E¢ oo[] := Ee[|£200].
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Assumption 5 The function F(+;&) is continuously differentiable for each £ € = and there exists o > 0 such
that Ee oo [VF(x";€)] = Vf(x") and Be o [||VF(x*;€) — V(2")|?] < 02 for any x*. Moreover, there exists
L > 0 such that B¢ oo [|| VF(u; &) — VF(v;€)|%] < L?||u — v|? for all u,v € X.

The theorem below shows global convergence properties of the averaged stationarity measure at iterates in
expectation.

Theorem 3 Suppose that Assumptions 1 and 5 hold, and the parameters used in Algorithm 1 satisfy (24).
Then

K
. 1 k+1 k+1yy k41| _
A 7 Y B V5@ + Ve@" A1 | <o, (50)
1 = ,
A g 2 e [IVee (@ )ee (@) + Ver(@ ™ ez(@" )4 |17] = 0. (51)

Moreover, if qi, = k™7 with ¢ > % for any k > 1 and there exists Cy > 0 such that fzF) < Cy for any k > 1,
then

lim Egx o {Hc?‘HHQ + [eX T4 11?| exists and is finite. (52)
K—o0 ’

Proof First, it implies (50) and (51) from Lemma 12 and S (w) — 00, Vw € 2.
We next demonstrate that (52) holds true. It follows from (16) that

0 < 2(Lp, (&, A") = L (@7 A) + 0k L, + 2n|e”]].

Dividing both sides of the above inequality by 28, and taking the expectation yield

Jr = Eem f(mk+1) — f(wk) =+ wﬁk (Ck+l7>‘k) - ’L/}Bk (cka )‘k):|
gkl 00 Bk 5k
2 k
MeLs, | melle II}
—-E 0o + — <Z0.
& { 2Bk Br

Therefore, {3 1, Ji}>1 is a non-increasing sequence as K increases to infinity. Recall the definition of Lg.
It gives

K K
_ W}
;;1 Ji = ’;Eg[k],oo { B,

K k+1 yk k yk
d) (C 9>‘ ) — 1/’ -(C 7A ) 1
+ Egio o0 [} — o = 5 (lee I+ lllez T
k=1

Bk

1 K412 K417 2 < neLs, _ mele”|
+ 5Bt oo (e8P + NEE T 417] = D0 Eew oo |22 + (53)
k=1

20k Bk

Since S5, [f(z"T!) — f(z*)] is bounded and {B—lk} is monotonically decreasing to 0, the first term on the
R.H.S. of (53) converges by Dirichlet’s Test. Additionally, by Lemma [38, Lemma A.1] we are able to prove
that

lim Egx
K—oco €190

K k+1 yky k vk
{Z bale ’A; fale A Qﬁ“ﬂ exists.
k

k=1



AdaSSP 19

nzLﬁk
- = 20k
ne = k™% < k™ z, we have that

K
> g [2050] < 1 anEgM [let1] < 5 (6mt5.3)

k=1
K 1 31 1 1
+ ) ke (6(L2 + G+ o)k (7, )+ (L G+ o)k [ 10s(1, 2)>> ’

k=1

with ¢ > 2. Meanwhile, from (87) and

converges because

: = 3 -
mils, o mL o k3L
2Bk —

K
Moreover, Y ,_; < K =

which converges because —i —q < —1. Then we obtain that the last term on the R.H.S. of (53) also converges.
Therefore, due to the lower boundedness of the fourth term on the R.H.S. of (53), the sequence {3y, Ji} is

uniformly lower bounded by a finite value. In addition, by the monotonically decreasing property, {Zszl Ji}
must converge as K increases to infinity. Thus the fourth term on the R.H.S. of (53) converges to a finite value
as K approaches infinity, which implies that (52) holds true. O

To further analyze feasibility and the complementary slackness at iterates, we assume the extended variant
of MFCQ considered by [38].

Assumption 6 There exist positive constants ¢ and P such that for any k > 1 the linear system
G- sgn(ci(wk)) + Vci(:z:k)Tp =0, 1€€&: cz(:ck) #0;
¢+ Vei(z")Tp <o, ieT:ci(z¥)>0
has a solution p* € R™ with ||p*|| < P.

Under Assumption 6, we are able to prove the average of vectors {5\1@}1@17 as defined in (9), is upper bounded
in the lemma below. The proof idea is motivated by [38], we thus present the details in Appendix G for
completeness.

Lemma 13 Suppose that Assumptions 1, 5, and 6 hold, and the parameters used in Algorithm 1 satisfy (24),
then {ak = Eeix) oo SE NS, K > 1} is uniformly upper bounded.

Proof See Appendix G. a

Following Lemma 13 and [38, Theorem 2], we can provide a characterization of global convergence, in which
the expected constraint violation and complementary slackness converge to zero, respectively.

Theorem 4 Suppose that Assumptions 1, 5, and 6 hold, and the parameters used in Algorithm 1 satisfy (24),
then we have

K
. 1 1 1
A% Z Eei,00 [||c5( MO+ ez (@4 } =0, (54)
1
AR ZEM o {Z A’€+1|cz-<ac’““>|>4} =0. (55)
1€

Proof See Appendix H.
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5.2 Bounded penalty parameters

We now investigate the theoretical properties of AdaSSP when all the penalty parameters are bounded by a
certain positive value Bmax. In this case, we consider

P(2) > 0, where 2y := {w € 2: Br(w) < Bmax for any k > 1}.
We first formalize the properties of stochastic oracles in the assumption below so that the lemmas in Section 3
still hold conditioned on 2y. The expectation conditioned on {2y is denoted by E¢ o[-] := E¢[-|20].

Assumption 7 The function F(-;&) is continuously differentiable for each £ € = and there exists o > 0 such
that B¢ o[VF(x¥;€)] = Vf(2¥) and B of||VF(x*;€) =V f(x*)||?] < 02 for any x¥. Moreover, there exists L > 0
such that B¢ o[|| VF(u; &) — VF(v;€)[1?] < L?||u — v||? for all u,v € X.

We now summarize the global convergence properties of Algorithm 1 conditioned on (2.

Theorem 5 Suppose that Assumptions 1 and 7 hold, and the parameters used in Algorithm 1 satisfy (24),
then

K
Jim 3 B lIV/ @) + Vel A 0 (56)
i 1 < E k+1 k+1 _
dim e D Baollee(@ I + ller(z* Dl =0 (57)
lim — K]E. A es (@) =0 58
i e 3 B oM (o) =0 (58)

Proof Firstly, (56) can be derived similarly as (50). Since {8} is upper bounded by Bmax, it holds that there
exists index kp such that B; = Bmax for all k > k. Then following the update rule of 8 and (38), we obtain
that

k k
> llee@ I+ llez@ D]l < Y0 e+ VY|
t=|k/2]+1 t=|k/2]+1
k
< |—k/2-| k—ky Xb: (” ( tJrl)” + HVt+lH) < k k—ky é \V/k? > k'
< |_kb/2.|7' Cg T S KRT mC, b,
t=|ky/2]+1

which yields (57). Moreover, it implies from Lemma 1 that for all k > |ky/2]| + 1,
ci(x®) < kr* P mC and AF = 0 if ¢;(z") < —kr*PmC  foralli e T.
Then we obtain that for any i € Z,
Nilei(@®)| = X7 + Brei(a®)] 4 |ei ("))

= (OF + Beea(@DIedl@)) 1oy o) it trme

k k ky(2
< (AFles(@®)] + Brlea@™)I?) 10, @iy <rt-rame
o0
< max ~ )\fu + Bku2 < C’Zkak_kme' + BikZTQ(k_kb)mQCw,
0<u<krk—komC

t=1

which converges to 0 as k approaches co. Thus (58) holds true. ]
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6 Subproblem solver

+1

We now focus on solving subproblem (5), which is equivalent to computing xF T = 2% 4k where r* (approx-

imately) solves
. A A h
min () = rTg" + (Ve Tr + ck + 2112+ B5 | (vek)Tr 4+ ok o+ 22 4 2,
N1l <ni 2 Bk 2 Bk 2

From (3), we know Vi(0) = d*. Consider #* = —gknkﬁ, where

. 1 1 hin? p?
ov = arg min co+ - |lleaz + bzl | +  lloas + bel|* + “EIEL (59)
0€[0,1] 2 2 2
. _ m(d")Tgk _ =B V(ch)Td* _ =B V(ch)Td*
with o = =™, az = TaF] yag = ] ;

A A
br = \/Brck + ﬁ, and bg = /Brct + ﬁ.

The following theorem characterizes the sufficient reduction of ¢ achieved at #*, which is also the reduction

Qk(wk) — Qk(wk + fk).

Proposition 1 Let #* = —lek%, where gy, is the solution of (59), then
7 1. 12" k

0) — Fy>_Z ———}|d"||- 60

o(0) = o(*) > 5 minfne, <y (60)

Proof Consider the function ®(x) = (d*, x —z*) + w |z —2*||% +©(0). Recall the model function Qy ()

defined in subproblem (5). It follows from 1 that for any u,v € R™,
[VQk(u) = VQi(v)||
= [|8rVeE (Veg) ™ (u - v) + Ver (N7 + Bret + Br(Ver) Tuly
— [/\g + ﬁkc§ + /Bk(Vcé)T'v}Jr) + hy(u — 'U)H
< Be(IVeE(VeR) | + IVer(Ver) T Dl llw — vl + o flu — ||

< Brllu — v Y IVl | + Hlw = v]| < (mGRBx + H)u — o], (61)
i=1
which indicates the Lipschitz continuity of VQy(-) with Lipschitz constant bounded by mGiﬁk + H. Therefore,
&(x) is a quadratic function with the gradient V&(x*) = d* and &(r + z*) > ¢(r) by (61). Thus it follows
from (59) that
k

#(0) = o(7) = 9(0) = min {(—omeor)}

d* &
> p(0) — p(arg min &(x* — — )l -z
> ¢(0) — o( gge[m{ ( anlld’“ll)} )

LA " "
> ¢(0) — min {P(z" — ——)} > —min{ng, —s5——=}||d"||,
where the last inequality is due to reduction by the Cauchy point from [43, Lemma 4.3]. Thus the result is

yielded. O



22 S. Zuo, X. Wang, and H. Wang

There are variants of approaches to solve the subproblem (59). For instance, we can simply reformulate it
as a convex quadratic programming (QP) and call a state-of-art QP solver. Instead of doing so, we present a
more direct way to solve (59). We can exploit the convexity and piecewise quadratic structure of (59) to solve
it through traveling the set A(o) = {i : (az)io + (bz): > 0}. After sorting the critical points ¢; = — 5231,
can split the interval [0, 1] into at most |Z| + 1 partition. Then we will travel all the mini interval from left to
right, and for each interval we can examine if there is a minimizer easily from the unidemensional quadratic
function determined by quadratic terms for ¢ € A(p). The complete procedure is summarized in Algorithm 2.
Note that the total computational complexity is in order O(m logm), primarily due to the sorting operation in
Line 2. Actually, this is negligible compared to the computational cost of matrix multiplication in Algorithm
1.

we

Algorithm 2 Active set method for solving (59)

1: Initialize ¢ € RIZ! with ¢; = — 52?)2 if (az); # 0 and ¢; = —1 otherwise.

2: Sort g in ascending order to obtain the sorted indices H = {j1, j2, - - ,j|I|}.
3: Set A= {i:(bz); >0or [(br); =0,(az); < 0]} and 7 as the smallest index in H such that q;; > 0.
4: Let A= hknﬁ + |lag|? + ZieA(aI)zZ and B =1+ a:grbg + > icalaz)i(bz)i.
5: If A # O_and —% < gj;, return ¢ = max{0, —%}.

6: For i =14,---,|H| do

7 If g;, > 1, return o= 1.

8: If (az);, <0 then

9: Update A = A — (az)?, B= B — (az)i(bz);.

10:  Else

11: Update A=A+ (az)?, B= B+ (az):(br);.

12: End If _ _

13: IfA#0and (i = |H|or —% < gj;4,), return ¢ = min{1, —%}.

14: End For

15: Return p=1.

7 Numerical simulations

In this section, we will present some numerical simulations to demonstrate the practical performance of the
proposed method AdaSSP, i.e. Algorithm 1 compared with MLALM [38], ICPPC [9] and SPD [23] for two
nonconvex constrained problem with additional convex set constraints. In each iteration we will project the
approximate solution of (5) obtained by 2 onto convex set constraints to get the next iterate. All the experiments
were implemented in Matlab 2022a running on a 64-bit Ubuntu machine with a 2.00 Ghz Intel(R) Xeon(R)
Gold 6330 CPU.

7.1 Quadratically constrained nonconvex program

The quadratically constrained nonconvex programs [23] takes the form

N
. _ 1 . 12
min fle) = & ;1 log(1 + Z[| Pz — eill")

s.t. fj(m):%mTij—i—afmgbj, j=1,..., M,
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where X = [—10, 10]™. For each i € [N], we generate P; € RP*" randomly with elements independently following
the standard Gaussian distribution. For each j € [M], we generate diagonal matrices Q; € R™*"™ with elements
uniformly and randomly chosen from the interval [0.5, 1], i.e., following UJ[0.5, 1] and vectors a; ~ U[0.1,1.1]™.
Then we generate a random point . ~ U(0,1)" and set ¢; = Pyx., i € [N], b; = 22l Q;z. + a] z., j € [M].
Note that . is feasible to (62) and f(x«) = 0, so @« is the optimal solution of (62).

We first assess the impact of the adaptive penalty parameter [, on the numerical performance of the
proposed algorithm. We adaptively update i in Line 8 of Algorithm 1 by selecting 81 = 1, " = 100, comparing
to the case with fixed penalty parameter 5, € {100,400,700}. In all experiments, we set n = M = 50, p = 5,
N = 1000, and initialize the algorithm with &' = 0. The maximum number of iterations is set to K = 2000,
the parameters ng, ak, Bg, D and 9 are chosen as (24) and pr, = 1, 7 = 0.99, hy = 1. In Figure 1, the left
subplot presents the trend of averaged objective function values at all previous iterates, while the right one
illustrates the averaged constraint violation Zj\i 1Ufj(®) —bj]+ over past iterates. We observe that the adaptive
setting of B shows better performance in the reduction of objective function value compared with the fixed Sy
in either small or large magnitude, while the constraint violation is almost in the same level for the two cases.
This highlights the importance of adaptive penalty parameter to achieve better performance in terms of the
objective function value.

We now compare AdaSSP with several closely related algorithms MLALM [38], ICPPC [9] and SPD [23] for
solving (62). For all these four algorithms, we set the maximum number of stochastic gradient computations as
4000. We set n € {50,100}, p = 5, N = 1000, M € {50, 100}. For all algorithms, we choose initial point ' = 0,
maximum iteration number K = 2000. For ICPPC, we set kg = 2, M = 0.1M and (po, n) = (50, 100), (100, 200).
All other parameters are set as required by [9]. It is worthy to mention that the maximum inner-iteration number
of ICPPC is chosen as 1 according to its good performance in numerical tests. For MLALM, we set n, =
0.05/K* oy = 0.7, B, = K'/*, pp = 10 and for SPD, we set n, = 0.03/KY*, B, = K%, p, = K/
As for AdaSSP, the parameters are the same as above. Figure 2 shows the performances of these algorithms
regarding objective function values and constraint violations on QCNP problems under different scenarios.
All the results are reported with average over 10 runs of each algorithm. The observations from the figures
indicate that, within the same number of stochastic gradient evaluations, AdaSSP reduces the objective function
value much faster throughout the algorithm’s progress, while the speed to reduce the constraint violations is
comparable with MLALM and SPD.

7.2 Multi-class Neyman-Pearson classification

In this subsection, we consider multi-class Neyman-Pearson classification (mNPC) problems [26]. The mNPC
problem focuses on the task of learning K models &, where k € [K], in order to predict the class of a potential
data point &€ by selecting the model that maximizes the inner product =} &. More precisely, the optimization
problem aims to minimize the loss associated with one specific class while controlling the loss values for the
remaining classes. The problem formulation can be expressed as follows:

. 1 . .
min JE— hizx —r
el <X ke(K]  |Di] Z Z (1§ —x; §)

1>1€6€D,

1

I#£k £€Dy,

(63)

where h(z) = 1/(1 4 €7) is the loss function and Dy, represents the training data of the k-th class. We use two
datasets from LibSVM [12]: covtype (K = 7) and mnist (K = 10). Besides, we set v, = 0.5(K —1) and A = 0.3.
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We now compare AdaSSP with SPD [23], MLALM [38], and ICPPC [9]. For these four algorithms, we

set the maximum number of stochastic gradient computations is 4000. For AdaSSP, we set parameter aj =
1— k_l/Q, N, = k=2 and T = 0.99 for both datasets. For dataset covtype, we set f1 =1, ' =15, By = Dy, =
k71/4, hi = 0.001k, pr = 0.67, while for dataset mnist, we set 1 = 10, I’ = 2, By = Dy = 100k~ 1Y, by =
k, pr = 0.0067. Meanwhile, the parameters are set same for MLALM, SPD and ICPPC as described as [38].
Figures 3 and 4 present the performances of these algorithms on the respective datasets for solving problem
(63). All reported results are average from 10 independent runs of each algorithm. From the figures we observe
that for the covtype dataset, AdaSSP exhibits superior performance in both the objective function value and the
constraint violations. Regarding the dataset mnist, AdaSSP demonstrates a faster reduction in the objective
function value compared to the other algorithms, while ICPPC maintains a lower level of constraint violations.
Furthermore, it is worth mentioning that in every scenarios AdaSSP outperforms other algorithms significantly
in reduction of objective function values while maintains guaranteed constraint violation convergence, indicating
that the incorporation of adaptive penalty parameters bring notable benefits to the numerical performance.
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Fig. 2 Comparison between AdaSSP, MLALM, ICPPC and SPD for solving QCNP problems

8 Conclusions

In this paper we propose an adaptive single-loop stochastic penalty method, shorted as AdaSSP. This algorithm
employs a single-loop momentum-based framework and adaptively updates penalty parameters along with
the iterative progress, which differs from majority of existing methods that use a fixed sequence of penalty
parameters. We establish that AdaSSP achieves an O(e~*) oracle complexity in terms of the total number of
stochastic gradient evaluations to find an e-KKT point with high probability, when local LICQ is assumed. We
also provide a global convergence analysis for AdaSSP when the penalty parameter sequence is unbounded and
bounded, respectively. Specifically, the sequence of average KK'T measure at iterates convergence in expectation,
either under the assumption of an extended variant of MFCQ or in the case when penalty parameters are
bounded. Finally, numerical results on two test problems are reported.
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Appendix A: An auxiliary lemma

To give high probability bounds for the estimation error, we will use the following lemma modified slightly from [27, Lemma
14] as a technical tool.

Lemma 14 Suppose Xj>1 is a martingale difference sequence adapted to the filtration Fi>1 in a Hilbert Space satisfying
I Xkl < R almost surely for some constant R and E [||Xg||2 | Fx—1] < 02 almost surely for some constant o2 . Then with

probability at least 1 — 8, for any k > 1 it holds that || 2521 X5l < 3( 1;21 o2 + R)log %

Appendix B: Proof of Lemma 7

Proof First, from 1 —u < e~* and the monotonicity of i, we obtain

k k k k
Zgﬂ‘ H <1—i7b)§23 “exp | — Z it
Jj=1 i=j+1 Jj=1 i=j+1
k k
= exp ( Zib> Z] ¢ exp szb
i=1 =1 i=1
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Because the increasing monotonicity of j~% exp ( > for j > 1; := ’Vmax{a =5 (“—_b) =0 }—‘, one has

It follows from partial integration that

k+1 -1—b
I = -b—a ;—b J di
/l- J J ~exXp (1 b 7]
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where the last inequality is due to b < 1. By the setting on [, we obtain that (a — b)ljb*1 < % and hence

E+1D)'? 1.1-b k4 1)1t
I<2(k+1)" *exp <(Y)b> — 21,5 %exp <1] 5 <2k +1)°"%exp G+ .

1-b

Combining the above components results in

_ 1-b -1 j1-b
171'_17) < exp <1(lf+;)> 2(k+1)b_aexp((k+1 >+Z] exp( 7b)

| b (a— 1)1~ L (k4 )b
< 2exp (m> (k+1) + (I —1)exp <1b> exp (1(}>
1 (a—1)'" l+b—a azb b—a
< <2 exp (m> + (l; —1)exp <l—b> exp (ﬁ) (a —b) >(k +1)
a— 110 —a -
< <2exp (%—b) + (15 —l)exp<( 1) 1_+b1+b >(a—b) 1b>kba,

1—b _ 1—-b
where the second inequality is due to the monotonicity of j ~% and exp (Jlj), the third is from exp (%) (k+ 1)a7b <

7
o

— a—b
maxy,>0{exp (171u71b i )u“*b} = exp <1J{E;“) (a —b)1=?, and the last is thanks to b < a. Thus the result is yielded.

Appendix C: Proof of Lemma 9

Proof We first prove (25). It yields from ||V f(z*)|| < G and (22) that

by _ b b
k 2np—1
SSIVI@EOI G piaryys B T 20 B L g iy < Be
(3 B 2021 B!
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k 2 —1
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< max {6||Vf(mk)||2,2a2} B! < max {662,202} k™
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where the first inequality is by 8% = Egir [G*] = Vf(z*), |G*|| < By, and

oz < Eer [IGHIN + IV £ (") )1

1V £ (@*)||> Bk IV £ (@*)||> Bk

< k
=~ (Bk + va(m )H)]1||Vf(a)k)|\>%

<3|V F(®)lln (64)

19 £ (k) 1> 5
Similarly, with (22) and
IVf(@") = Vi@ < Llla® — a1 < Ly, (65)

we have

3
2Rl < max{6L*ng_,,2L°n}_,}D; " = 6L%n7_ .

We now prove (26). Lemma 8 implies that

w21 w2
Eer 110712 = Eee (1021711 ¢ 5 o -
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1
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19 £ (@)l > 19 f(@*)ll< Bk
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where the first inequality is from
Eer (108 11°] = Bex [IG* — E¢r [GM]]1°] = B [IG* %] — Eer [GF]? < Egr[IGF|1%),

the second inequality is from ||GF|| < By, and the last inequality is by |V f(z*)|| < G. Similarly, from (23), (65), and Lemma 8
we can obtain that

Egk[”Z}?”?] < max{4L2’71€717 10L2771%71} < 10L2771%71-

Therefore, the proof is completed. ]

Appendix D: Proof of Lemma 10
Proof First, from the parameter setting we will prove that for any k& > 1,
Maqas <sTh =0 (66)
For s = 1 and s = 2, the inequality holds naturally. For s > 3 there is
s<(s—1)2 =5 2>(5-1) 1152 <1—(s—1)"F<s1/(s—1)"1,

where the last inequality is by (s — 2)/(s — 1) < (s — 1)/s. Thus we have that 72_jas < (s —1)71(1 — 57%) < s 1 for s >3,
which means (66) holds for all cases. It follows from (66) that

1 1 1 1
205 D5 = 2am2_ = 2(ain?_1)% < 2(asn?_y)3 < 2(ns)?, (67)
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which together with Lemmas 7 and 9 and (14), (65), and (66) implies that
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Next we will prove the following bound for k > s — 1,

k
[Teillzell < 2vm. (70)

i=s
First, this holds for all s = 1 because Z}" = 0. Now we consider the case when s > 2. For k = s—1, we have |1Z¥%] <2Ds = /Mk—

Suppose that [T¢_, a;||Z¥|| < 2,/7¢ holds for k =t > s — 1, then for ¢t + 1 we have HtJrl | ZY)] < 20410Mt < 24/Meg1 from
(67). Thus (70) follows by 1nduct10n
From Lemma 14, (68), and |U¥| < Hf:S || ZY|| < 2¢/mk < 2%~ 1 , we know that with probability at least l—m,
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where the last inequality is from log(k + 1) < k + 1 and 30'/3 < 4. From Lemma 14, (69), and
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by (13) and (70), it follows that with probability at least 1 — 51—y
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33(81@*%+1/40L2n(5,5)k—1)1og (k+ );g( +1)

k
> R
s=1
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< <72 + 18L,/1on(g, ;)> k~3 log (@) . (72)

From (14) and Lemmas 7 and 9 we have

iﬁgs [(ﬁf)j

2
k k k k
<Y Eee || —a0) T et | <D —a0? T] a?Ee [l62)?]
s=1 1=s+1 s=1 i=s+1
k k
< Z (1 — as)? H a; - max{4G?,100%} (73)
s=1 1=s+1
k k 1 1 1
= 4G?,100? - 1-4i72) < 4G?,100%}k(1, 2 )k~ 2
max{ , O’}ZS H( i~ 2) < max{4G~, O'}K(,2) 2
s=1 i=s+1
and
e (=)
> me ()]
s=1
k 4 k k
<D Be ||[0-ay) JT ait]| | <D0 -a0® [] al4B2Ee [lov)?]
s=1 i=s+1 s=1 i=s+1
k k
<Y (—a9)? J] o 4BZ max{4G? 1007} (74)
s=1 i=s+1
k PR 1 31
< 4max{4G?,100%} 25_5 H (1—i"2) < 4max{4G?,100%}k(=, =)k~ L.
) 2°2
s=1 1=s+1
Similar to (70), the following bound can be provided for 8% by induction:
k 1 1
(1—as) J] cullo¥] <2k 2By <2k7 3. (75)
i=s+1
Then due to (14), it yields
K K
- _1
O < (1 —a0) T] bl <(1—as) [ a6l <263,
1=s+1 1=s+1

which together with Lemma 14 and (73) indicates that

k
2. Us
s=1

30(k + 1) log?(k + 1)

1
<3(2k 7 + \/max{4G2, 1002 }4(1, 5)k*%)log

5
1 4(k+1
< <18 + 9\/max{4G2, 1002}k(1, 2)> k1 log (%) (76)
holds with probability at least 1 — m. From Lemma 14, (74), and
2 2

k k
IRE < (1 —ae) J] i0¥|| +Ee ||| —as) J] it | <8k 2
i=s+1 i=s+1
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by (75), we know that with probability at least 1 — m7

31 30(k+1)1 k+1
ZRk < 3(8k~3 +\/4ma.x{4G2 1002} (5, 5 k1) log (k+ );g( +1)
1 4(k+1
< <72+ 18\/max{4G2,1002}n g )i 5+ )) . (77)
Thus the conclusion follows after combining (71), (72), (76), and (77). m]

Appendix E: Proof of Lemma 11

Proof It follows from Lemma 10 that

K oo
20
P ﬂci>>1—§j 7 >1-5,
(H = 5(k+1)log?(k+1)

where the last inequality is from the fact that

1 o0 2 1 1
Z S 2 +/ 2 dt = 2 + S
(k+1) log (k+1) ~ log=2 1 (t+1)log“(t+1) log2  log2

Hence, to derive the conclusion of this lemma it suffices to show that the occurrence of ﬂf(:lCz‘ implies (27). From Lemmas 7
and 9 we obtain

<6LQZ (s—1)" ch <6LQZS i H a; < 6L%k(2 l)k i (78)

i=s+1

S {[w!

s=1li=s

and

k
Z 1—as) H aze” <Zmax{6G2 202}5 4(1—043 H a;
s=1

i=s+1 i=s+1
3 k 1 31 1
gmax{ﬁGQ,QUQ}Zs*z [T 0—i2) <max{6G? 20%}x(~, - )k~ 4. (79)
s=1 i=s+1 42

From (11), (68), and (78), it implies that under the occurrence of NX | ¢;, for all k < K,

Ak +1 Ak +1 1 31
< Mgk™1log (%) + \/2MR1€—5 log (%) + 2Lk~ 14 /5k(1, 3+ 6L2k—in(1, ;) (60

: (MU + VMg + 20 fom, ) 4 62, ;) i g (04D

4(K6+ 1)) .

kE k
> [Tz
s=1li=s

= Myk~ % log (

From (12), (73), and (79), it implies that under the occurrence of NX , ¢;, for all k < K we have:

k

k
Z (1—as) H ;05
s=1

1=s+1
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< Mgk~ log (@) + \/QMRk% log (@) 420k~ /5k(1, %) + max{6G2, 202} k™1 n(§ %) (81)
< <MU +4/2M g + 204/ 5k(1, %) + max{6G2,202}n(Z, ;)) ko1 log (LI(K%:D)
= M9k7% log (@) .

Then Lemma 2, together with (81) and (80), implies that under the occurrence of NX , ¢;,

k k k k
ZHOCiZs + Z(l—as) H ;05

k
anHekH < an [Teillvi@hH]+
i=1

s=1i=s s=1 i=s+1
K k K
4(K +1
<3k [T D Vo] + 301z + Mgk 10g (1) (52)
k=1 =1 k=1
11 4(K +1 4(K +1
< GR(2, ) +4(M + My log (%) — MK log (%) ,

. . . K _3 K, -3 1 cqe
where the last inequality is due to > ;7 k72 <1+ fl k~1dk < 4K+%. It indicates from Lemmas 4 and 5 that

Z ming, — 91 B ”+ peveer a2 Al

K K K
Z (cﬁk ak AF) — L, (21, AF) ) +> miLa, 2 melle”]|
k=1 k=1 k=1

K

K
<2My+mC?Brepr + Y kT LB, +2 ) mellet]|
k=1 k=1

K
< 2My + (2mC2F + AFDKT +23 i lle®, (83)
k=1

where the last inequality is from B < I'k'/4 with I" := max{f1, '} that leads to

K K

Therefore, we have that

LSty
KTk:l
< 1 i S min{n w}”dkﬂﬂ k + (mG?By, + H)ni 1 k
T K2\ m "mG2py, + H ﬂkﬁﬁimc“dﬂk”JrH wk>ﬁimc”dﬂk”+H
1 & la* ki L s, o
<— min{ng, — ————}H|d"|| + — mG* B + H)ng,
e 2 M I 3 )
_ 2Mi + (2mC?[ + APL)KT + 255 nille®]| N mG2IKs + HK* i -3
- ](HK K

k=1

o 2Mi+4H + (2mC2T + 4L + 4mG2F)K4 +23 K, nk||ek||

- K1/2 (84)
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which then yields that

K
1
=D Vel @+ A0
k=1
1 K
< 2= > (IV2Ls, (@A) + [ Vals, (@1, A%) = VaLs, (@8, A9)]))

k

Il
—

A
x| =
M=

(el + lle™ )| + L, o™+ — 2*])
k

1 1 & 1 &
= AR+ — > nelle®l + = D Lamk
R 2 1 T el g 2

_ 2My+4H + (2mC [ + 8L + AmG2I) KT + 35K nlle® |l

Il
i

IN

- K1/2 (85)
- _ . - 4(K+1
< (2M + AH + 2mC?T + 8T'L + 4mG2T" + 3Mo)K ™7 log (%) ,
where the second last inequality is from (83) and
K ~ ~ 1 K 3 ~ ~ 3
> Lgm <LKz Y k™3 <ALIK3,
k=1 k=1

and the last inequality is from (82) and (84) as well as 1 < log(%). Hence, we obtain from Lemma 10 that (27) holds with
probability at least 1 — 6.
Next we will show that

edde

k
k7 log (3) <e Vk> ¢(e, 6) := max {e4,4096e—4 log* ( 81 )} ) (86)

Let ¢0(¢) = max{1,e*¢~*log* (%)} for € > 0, then we consider two mutually exclusive cases to prove that (¢ (é))fé log (¢o(€)) <
8e~le. 1
(i) e*é*log* (%) € (—o00,1). In this case we have ¢g(¢) < e?, together with the increasing monotonicity of u™ 1 log (u) for

u € (0,e), we have (¢>0(€))7% log (¢0(€)) < 0 < 8e~te.

(ii) e*e*log* (%) € [1,+00). In this case we will have ¢o(é) = e?é¢~*log* (L), which implies

(60(€)~ ¥ log (60(e)) = (e4e—4log4 (%)) log (e4g—410g4 (%))

—4e e (1 + M) < 8e ¢,
v

W= =

where the second equality is from the substitution: v = log ( 1) > 0 and the inequality is from 1+ log (v) < wv.

é

1
Let € = 6584 €, then it holds that ((1)0(%))7i log ((bo(%n < %e. Because u™ 1 log (u) is monotonically decreasing for u > e?,
1

it holds that for any ¢ > max{e?, ¢o(%ze)} and k > 6t > e,

1 1
k% log (g) <574 Hlog (1) < (60(“%5 ) " log(60(C ) <5 H(5he) = e,

Thus (86) holds true with 6 € (0,1). From Lemma 11 and (86) we obtain that with probability at least 1 — § such that for all
K > N(e,8) = [¢(55;, 3],
K

1 _1 4(K+1
T D IVaa, (A < 2t oy ()
k=1

0
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1 8K €
< M3K~ 11 — | < M. ,
o () < bt =

which indicates that (28) holds with probability at least 1 — §. The proof is completed. m}

Appendix F: Proof of Lemma 12

Proof Recalling that {Z}}r>0 and {6} }r>0 are martingale difference sequences, we obtain from (26) and Lemma 7 that

(=] -

kK -
SJZHO‘?107I§1L2S\JZ H O"IO”ZLQLJH)ZS 1 H l—i‘%)

s=1li=s s=1li=s+1 i1=s+1
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< Lk~ 14/ 10k(1, 3
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D [Jeuze

s=1li=s
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k
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s=1 i=s s=1 i=s+1

k k
S 3, from(, X
:max{G,U}\JlO stU ] a—it2) < (G o)k 105(1, 2)-

s=1 1=s+1

Then it follows from (25), (78), and (79) as well as Lemma 2 that
K
> M [Ilekll]
k=1
K k
<> MeEein [Te:IVeEh| +
k=1 i=1

k k
Z H a;Zs
s=1li=s

k k
Z(l — as) H ;05
s=1

i=s+1
1 K k k k k k k
<Gnt 1+ > mE [( S TTeizt|+ |32 [Tz Z(l_a5> T a6l + > —an T ase
k=1 s=1i=s s=1li=s i=s+1 s=1 i=s+1
11, & 301 ) 1
SGR(5, )+ D me (6(L2 +G*+ o)k 3k(5, o)+ (L+ G+ o)k~ 34/105(1, =) (87)
2’2" '~ 4’2 2

K
11 31 1
< GR35+ 6(L2+G2+02)k—%,@(1,5)+(L+G+a)k-%,/1on(1,§)

11 1 1
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which together with (85) yields

K

= > B [IVaks, @AM
k 1
o 2My+4H + (2mC2T" + 8T'L + 4mG2r)K4 +3%K nk||ek||

- Kz - K4

Thus (48) is derived. From Lemma 6 and (48) we have
K 1
Z 1 [IVes (@ )es (@ 1) + Ver (@) ez (241 11| |

IN

1 & -3 k41 yky i —3a 1
S Egn [ﬁk 9, @A 45 R0

1
2

K
1 1
(K > Egin [IIVa L, (4, Ak)||]> + M2
k=1

IA

|
/\/—\x\
M
S
—

[ ZB’“ D {<M4K7i>%+M2%}’

which indicates (49) thanks to Cauchy-Schwarz inequality and Jensen’s inequality. The result is yielded. O

Appendix G: Proof of Lemma 13

Proof We assume that limsup,,_, .. ar = +oo, that is, for any M > 0, there exists an infinite subsequence {aj}rex such that
a > M, for all k € K. Following Assumption 6, for any k > 1, there exists p**t1 € R™ with ||[p*+1|| < P such that

Vei (T TphHl = ¢ sgn(ci(a¥Th)), i€ &:ci(@T) #£0;

(88)
Ve (bt Tphtl < ¢ i€ ez >0

From Assumption 5, (48), and the definition of V3L, we derive

aKK Z el k+1)Tvc(wk+1)5\k+l]

P fj Eein, o [IP IV £ @4 ) = V(@) + Ve(@h T HAR |
< g 0 oIV S+ [V A1) + Vel R
< ;Egm,mmmak (X |

- PG+ PMyK 4 _ PG+PM,
- aK - M

)

which implies that
PG+ PMy

Z%m [(PF )T V(@ R > -

aKK
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We next introduce notations:

& ={ic&:ca")#£0}, & :={ic&:cxFT) =0},

Ty={i€Z:c;(x") >0}, Tp:={icT:c(z*) <0} (89)

For the sake of simplicity, and without causing any potential confusion, we omit the index k in the notations as defined in (89).
For any i € &1, it follows from |\F| > [AFF1 — gy |c; (zFT1)] that
@) TVe (@A = —c-sgn(ci(@* AT = —¢ - sgn(ei (@) (AF + Brei(@T)
< AP = 8Bklei (@) < 26IAF| = <|AF| — 6Bk|ei(z 1)
< =N 26 AF)

In addition, for any i € Z, it follows from (88) and S\f‘H > 0 that (pk+1)TVci(wk+1)5\f+1 < —gif"’l. We then obtain from
(88) that

K K
1 ~ -
Eerr) ool—% > @ TVe(k ) ¢lK] D@ TV AR
ag K = [t
1 k Tk k
< — oK Eerx [Z( slIA 1+1||1 + 2|2, I —<||>\11+1||1 + (P TVee,ur, (@ +1)>‘52+J12)]
1 K - - By
= WTEg[K],m[Z =N+ 26| AE I + €||)\I§;}12||1 + (Pk+1)TVC£2u12(mkH))\?;ﬂIQ]
k=
K
< —+ — By oo [30 26005 I + (s + POIRE L, )
= aw K €00 &1 EqUTy
K k=1
1 K
<=+ aKK]Ef[K] oD 2IAE I+ (s + PGY(INE, + Brce, (@)1 + N5, + Brez, (" )] 4 )]
k=1
1 K
<=+ ﬁEg[K]m[z 26[IAE, L + (s + PG)IIAE, Uz, 1]
K k=1
mA(2¢ + PG mA(2¢ + PG
< ot (a ) <ot ( = )7
K

where A > 0 is a constant such that ||A\F|| < A for any k > 1 by Lemma 3 and the setting of py, and the fourth inequality is due
to cg, (zF11) = 0 and ez, (zF+!) < 0. Summarizing above analysis we obtain M < ¢~!(PG + PMy + mA(2s + PG)). However,
this contradicts the arbitrariness of M. Thus we derive that limsupg_, ., ax < 400. The proof is completed. m}

Appendix H: Proof of Theorem 4

Proof As shown in Lemma 13, there exists a constant A > 0 such that

Eeir) o [ leAk+1||]<A VE > 1.
k=1

Recalling the proof in Lemma 3, there exists A > 0 such that |A¥]| < A, k > 1. By the definition of A*, we have

K
B oo | 30 3.8 k(lee@ DI+ llez @+ < A+ vE > 1. (90)
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Therefore, the following relation holds:

K
% Z Eg[k],oo [(||Cg($k+1)” + “[cz(mk+1)]+“)%]
k=

I
x| = i
M=

Eei o0 [B5 2 62 (les @) + llex(@* )] 4 ) 2]

k=1

Nl=

(Bt e [5]) ¥ (Betm o [ e @)1 + llex(1011D))

)
o S o) () o

where the first inequality uses the Cauchy-Schwarz inequality for the expectation of the product of two random variables,
the second inequality uses the Cauchy-Schwarz inequality for the average of pairwise products of two sequences, and the last

1
inequality uses (90). From the above inequalities, together with the inequality a2 + b3 < V2(a+ b)% and the condition on 2o,
we can derive (54).

K

( SE B o [ (Jee @)+ ez @14 1)])

IN
[N

A
i Mw lMN

(-
Next, we prove (55). Note that when c;(z**1) < 72—;, )\erl = 0. Letting

Py
Ty ={i €T :ci(ae") >0} and Zo:={i €Z: —IB—Z < ei(2Ft) < oy, (92)
k

we have

> (R et )

i€
i 1
=> (ﬂkc (@F 1) 4 Nfe; (aF ) )4 + 3 (—Afci(:ck“) _ Bk(ci(wkﬂ))z) 4
€T =
11 .
< Z (,8,3 c? () + (\rey (a7 ) Z <7A§Ci($k+1)> 1
i€y T,
1
<> 54 @+ Y ( (¥ s (@ 1)) 4
i€y ietoT,
1 1 1 .
<BE ST 2@t + 45 3 i (@F ) + AT B,
i€Th i

3 % 1 71 1 1 1
ST 8y llez, (@112 +|Ta |5 AT [lez, (2T + A2|T2| B, *
33 k41 1 7 o1 k41 1 1 -3
SUZIA B Nez (@412 + 1215 AT [[[ez (" ))4 |13 + A2 Z] B, *, (93)
where the first inequality uses the non-negativity of the square function, the second uses the fact that the absolute-value function

dominates the original variable, and the fourth inequality uses Jensen’s inequality.
Taking full expectation on both sides of (93) and then averaging over the first K iterations yield

*f i oo [0 (3 et 1))

k=1 i€l

N

N\H

K

3 % 1 71 1 1 -1
> (Bewr oo [IT1E B8 ez @ D111 + |TIEAT ez (@14 15 + 421718, )
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Nl

<171 (5 Z%k [Billlez (= ’““M])%(gmw fj 2 2)

71 3 \II Az &1
il Z% ez }+l131) " + Eqra oo [ 3280

where the second inequality uses the same Cauchy-Schwarz argument as in (91) and the fact that (E[u])? < E[u?] for a positive
random variable u > 0. Finally, combining with (90), (91) and the property that 8; — oo, we obtain the desired conclusion. 0O
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