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Abstract

In this paper, we study nonconvex equality-constrained optimization problems in which only stochas-
tic first-order approximations of the objective and constraint functions are available. Owing to the
stochasticity in both objective and constraints, most existing stochastic first-order methods incur rel-
atively high oracle complexity, particularly in terms of stochastic constraint function evaluations. To
address this issue, we develop a stochastic first-order method based on a decomposed stochastic search
direction, and employ Fletcher’s augmented Lagrangian as a smooth merit function for step-size selec-
tion. To cope with the possible loss of uniform nondegeneracy of the stochastic Jacobian, we introduce
an event decomposition based on the smallest singular value, which enables us to control perturbations
in the stochastic search direction. Under an additional Lipschitz continuity assumption on the second-
order derivatives of the objective and constraint functions, we show that the proposed algorithm attains
a stochastic ¢-KKT point with an expected total oracle complexity of O(e™®) in terms of stochastic
gradient and stochastic constraint function evaluations. Finally, we present numerical experiments to
demonstrate the performance of the proposed method.

Keywords nonconvex constrained optimization, Fletcher’s augmented Lagrangian, stochastic approxi-
mation, oracle complexity

1 Introduction

In this paper, we consider the nonconvex constrained optimization problem

min f(e) = Be[F(2:€))

st.  c(z) = E¢[C(z;8)]) =0, (1.1)

where ¢ is a random variable in the probability space = and independent of z, and E¢ refers to the expectation
taken in £&. Here F': R" X Z — R and C' : R™ x = — R™ are continuously differentiable with respect to x but
possibly nonconvex. Throughout the paper, we assume that the feasible set of is nonempty. Problems
of the form , commonly referred to as fully-stochastic constrained optimization, capture a broad class
of real-world applications ranging from stochastic optimal control [3|, and chance-constrained programming
[22126] to fair machine learning [25,32] and physics—informed neural networks |17]. When solving these models
in practice, exact evaluations of the objective and constraint functions are typically unavailable, while only
stochastic approximations can be accessed. The challenges posed by possibly nonconvex constraints and the
stochastic nature of the problem significantly complicate both algorithm design and complexity analysis.
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A related setting that has been extensively studied is the semi-stochastic case, where the exact informa-
tion of constraints can always be available. Existing approaches include penalty and augmented Lagrangian
methods [7},16}[20L[28H301/34], proximal-point methods [4},[5L[21], and stochastic sequential quadratic program-
ming (SQP) methods [2}/9,104/12/23]/24]. The best-known oracle complexity in the semi-stochastic setting is of
order O(e~?) for finding a stochastic e-KKT point, typically under a mean-squared smoothness assumption
and suitable constraint qualification conditions [7}(15L20L28}29].

Compared with the semi-stochastic setting, the study on fully-stochastic problems has been developed
more recently, but with generally higher complexity bounds. Among existing approaches, the inexact proxi-
mal point method proposed in [4] solves the nonconvex constrained problem through a sequence of stochastic
convex subproblems, resulting in a double-loop framework. Given the strong feasibility assumption, this
method requires an overall oracle complexity of order O(e~°) for obtaining an approximate KKT point. A
stochastic SQP method [27] has also been developed for , yielding a complexity bound of the same
order O(e~°) provided that a strong linear independence constraint qualification (LICQ) holds. Penalty
and ALMs form another line of work, with several recent results achieving improved complexity bounds
of order O(e?). Specifically, Li et al. [18] propose stochastic inexact augmented Lagrangian methods, in
which the inner subproblems are solved by a momentum-based variance-reduced proximal stochastic gradient
method followed by a postprocessing step. Different from this, Alacaoglu and Wright [1] and Cui et al. [g]
develop momentum-based methods with a single-loop structure. Under the nonsingularity condition, the
former attains an O(e~5) sample complexity for finding a stochastic e-KKT point with a varying penalty
parameter setting, while the latter adopts a two-phase strategy and achieves an O(¢~?) oracle complexity
for a stochastic e-KKT point with constant parameter settings. Cui et al. |7] introduce an adaptive penalty
method that updates the penalty parameter according to the progress of the algorithm and approximately
solves each penalty subproblem by a truncated stochastic prox-linear method. Under the strong LICQ con-
dition and sample-wise smoothness assumptions, they derive oracle complexity bounds of order O(e=3) for
stochastic gradient evaluations of both the objective and constraints, and O(¢~?) for stochastic constraint
function value evaluations. In a broader constrained setting, Shi and Wang [28| consider problems with
both equality and inequality constraints and propose an adaptive directional decomposition method. They
establish high-probability oracle complexity for finding an e-KKT point, requiring @(6_3) stochastic gradient
evaluations and O(e~?) stochastic constraint function value evaluations under a strong MFCQ condition and
the sample-wise smoothness assumption.

Stochastic constrained optimization problems with nonsmooth or weakly convex structures form a spe-
cial class of fully-stochastic nonconvex problems [19,31,33]. A notable recent work by Liu and Xu [19]
develops an exact penalty model solved by a single-loop SPIDER-type stochastic subgradient method. Their
method guarantees an (¢, €)-KKT point with sample complexities of order O(e~*) for stochastic subgradient
evaluations and O(e~9) for stochastic constraint function value evaluations, assuming a uniform Slater-type
constraint qualification. Overall, existing results suggest that the oracle complexity of fully-stochastic con-
strained optimization remains relatively high, especially for stochastic constraint function value evaluations.

Motivation. Reducing the oracle complexity regarding constraint value evaluations within a tractable
stochastic first-order framework is a central challenge. Existing methods that employ smooth merit/penalty
functions, such as quadratic penalty function or augmented Lagrangian function, typically require e !-
dependent penalty parameters, thus own higher oracle complexity bounds [1,/8|18]. Alternatively, methods
based on nonsmooth merit/penalty functions, such as f(x) + p|lc(z)||, admit exactness once p exceeds a
finite threshold under certain CQ conditions. However, the nonsmooth term makes stochastic constraint
approximation more demanding, leading to relatively high sample complexity for constraint evaluations
[7,/19,[27,28]. Therefore, to better control the total oracle complexity bounds, we are motivated to search for
a merit function that unifies smoothness and exactness. Fletcher’s augmented Lagrangian [13] serves this
purpose by replacing the seperately updated dual variable with a continuous function of the primal variable,
thereby providing a suitable choice to help design a stochastic approximation method for solving .



1.1 Contributions

This paper develops a single-loop stochastic first-order method based on Fletcher’s augmented Lagrangian
for fully-stochastic nonconvex equality-constrained optimization. At each iteration, the algorithm employs
truncated SPIDER-type recursive estimators to generate stochastic approximations, from which a decom-
posed direction is computed to balance objective decrease and feasibility improvement, with the Fletcher’s
augmented Lagrangian serving as a smooth merit function and to determine the step size. To deal with
the possible degeneracy of stochastic constraint Jacobians and to control the perturbation in the stochas-
tic search direction, we separate the event that whether or not the sampled Jacobian satisfies a prescribed
singular-value bound. We prove that the proposed method reaches a stochastic e-KKT point within O(e~2)
iterations and establish the corresponding expected oracle complexity of O(e~3) to evaluate stochastic gra-
dient and constraint function values under second-order smoothness of objective and constraint functions
(Assumption and the strong LICQ condition (Assumption [1.4]). This complexity bound improves the
state-of-the-art methods for fully-stochastic problems, particularly regarding the computation of stochas-
tic constraint function values. We also demonstrate the promising numerical performance of the proposed
method on test problems.

1.2 Notation and preliminaries

Without specification, || - || denotes the Euclidean norm for vectors and the spectral operator norm for
matrices. For any matrix A, p;(A) (resp. pmin(A)) denotes its i-th (resp. smallest) singular value. De-
note Ve(z) = (Vei(z),...,Ven(z)) and VC(x;€) = (VC1(x58),...,VCp(x;€)). Additionally, for each
i=1,...,m, let V2¢;(x) € R™" denote the Hessian of ¢;(z). For any d € R", we define V2c¢(z)[d] :=
(V2er(z)d, ..., Vien(x)d) € R™™, and [[Ve(x)|| = supjq =1 [VZe(z)[d]||. For any k > 0, let Fi denote
the o-algebra generated by all randomness up to iteration k—1. We use P (+) := P(-|Fx) and Ex[] := E[-| F]
to denote the conditional probability and conditional expectation with respect to Fy, respectively.
We next lay out the assumptions and give the definition of approximate solutions of problem .

Assumption 1.1. Let X be an open convex set that contains all realizations of {xy} generated by the
associated algorithm, f is lower bounded by a finite value fiow, and there exist constants G, M > 0 such that
IVf(@)|| <G and ||c(x)]] < M for any z € X.

Assumption 1.2. For almost every § € Z, functions F(-,£) and C(-,€) are differentiable, and for any
x € X, it holds that

]Eg[VF(a?,E)] = Vf(.%'), E¢ [0(1;75)] = 0(33)7 Ee [VC(.%‘,f)] = VC(.%‘)
There exist oy, Ly > 0 such that for any z,y € X,
E¢[|VF(2,6) = Vf(@)|*] < 0f, Eell|VF(2;6) = VF(y;: O)I%) < Lillx — yl*.
There exist o.,05, Ly, L. > 0 such that for any z,y € X,

Ee[|VO(2,8) = Ve(@)|’] < 05, Ee[[VC(2;€) = VC(5:9)I%] < Lillz =y,
Ee[|C(2,6) — c(@)|’] < 02, Ee[l|C(x:8) — Cly; )I7] < Lell= — yl*.

By Jensen’s inequality, Assumption [I.2] implies that V f, Ve, and ¢ are Lipschitz continuous on X with
constants Ly, Ly, and L., respectively. Consequently, ||[Ve(x)| < L. and ||V2¢(z)|| < L for all x € X.

Assumption 1.3. There exist positive constants L£ and Lj such that
IV2f(x) = V2 F )l < Lille = yll,  [IV?e(@) = Vie(y)| < Lillz —yll, Va,y € X.

Assumption 1.4. There exists a positive constant v such that for any v € X, the singular values of Vc(x)
are bounded below by v.



Given € > 0, a point x € R™ is called a stochastic e-KKT point of 7 if
Mz) = —(Ve(x))'V f(z), (1.2)
and
E[IVf(z) + Ve(@)A@)[] <€ and  E[fc(x)]]] <e, (1.3)

where the expectation is taken with respect to all the random variables generated when producing z.

2 Algorithm Framework

In this section, we present a single-loop stochastic first-order method for solving . The framework is
built on a decomposition strategy for constructing the search direction, together with adaptive updates of
the merit parameter and the stepsize. We begin with the deterministic counterpart of problem , where
both the objective and the constraints are deterministic, and consider the computation of a search direction.
The main idea is to construct, at each iterate, a search direction through a decomposition into a tangential
component for objective reduction and a normal component for feasibility improvement. More precisely,
define the tangent space at a point x by

V(z):={veR": Ve(z) v =0}

Projecting V f(z) onto V (z) gives the tangential direction that reduces the objective while remaining in the
tangent space of the constraint manifold. Under Assumption the projection is given by

Py V£ () = argmin o [lo — V()| = V(x) ~ (Ve(a) ) Ve(a) V£ (z). (2.1
veV (x)

With the definition of the mapping A(z) in (1.2)), it is easy to obtain V f(x) + Ve(x)A(z) = Py () Vf(x). To
improve feasibility, we use the correction direction —Ve¢(z)c(x), which is the steepest descent direction for
the squared constraint violation 1|/c(z)||>. Combining this component with the tangential direction gives

s(z) = =Py Vf(z) —wVe(z)c(x),

where w € (0,1).

For problem , since the exact information is computationally intractable in stochastic settings, we
instead work with the stochastic estimators V fr, Ve, and &, at iteration k to approximate the true objec-
tive gradient V f(xy), constraint gradient Ve(zy), and constraint value c(xy), respectively. For notational
simplicity, we abbreviate V f(z), Ve(zr), c(xy) as V fi, Ve, ¢ throughout the remainder of this paper. The
search direction is then defined as ~ R

S = —PVkak — wVegCr, (2.2)

where w € (0,1) is a fixed parameter and V; := {v € R" : Vel v = 0} represents the null space associated
with the stochastic Jacobian. The operator

Py Vi =V — (Ve))IVe Vi

denotes the orthogonal projection of v fr onto ‘~/k, computed via the Moore-Penrose pseudoinverse. Conse-
quently, the two components of §; are orthogonal by definition so that P‘~/k v fr L Vegéy. This decomposition
shares a similar structure with stochastic SQP-type directions, as both combine a tangential component for
objective reduction with a normal component for feasibility improvement. Specifically, there exists y; € R™
such that (3, yx) satisfies the following linear system:

~In @Ck Sk _ B @ffc (2 3)
Vc; 0 Yk ch,IVckEk ' '



In standard SQP methods, the matrix in place of I,, is typically an approximation of the Hessian of the
Lagrangian, and the corresponding linear system arises from a quadratic subproblem with linearized con-
straints, whereas incorporates the damped normal correction —wVegéy, to reduce the sampled constraint
violation.

To measure the progress along the search direction, we use Fletcher’s augmented Lagrangian as the merit
function. It provides a smooth model for constrained optimization and is defined by

ﬂ%@=ﬂ@+@@hﬁﬁ+%ﬂ@ﬁ (2.4)
where \(z) = —(Ve(z))TVf(x) and p > 0 is a merit parameter. It is worth noting that Fletcher’s augmented
Lagrangian introduces the multiplier mapping A(z), whose evaluation amounts to solving the m-dimensional
normal equations associated with a least-square problem, at a cost comparable to that of tangent projection.

The following proposition states the Lipschitz continuity of the multiplier mapping A(-) and the smooth-
ness of the merit function in z.

Proposition 2.1. Under Assumptions the mapping \(-) and its Jacobian VA(-) are both Lipschitz
continuous with constants Ly and L}\, respectively, and VL(z,p) is L,-Lipschitz continuous in x for any
p >0, where

1 /2GL2L
Ly = (7G e/

~ +GL¢+LLQ,

V2
'__8GL3L§4_2L0@LJLCLf+%ﬂ}L3+—GITL§)*_QLJLf4—LiG—kLCL£
L v v?
L,:=Ls+2L\Le+ ML) 4+ GL.Ly/V? + p(L?+ MLy).

)

Proof. See Appendix [B] O

To derive a desired iterative progress regarding the merit function, we choose the step size along the
search direction as

1 .
Nk = m with Lk = ka, (25)

for each k£ > 1, where the merit parameter is determined through an adaptive scheme:

4L2 2 2L2 2 min 60 2; if min @C ZZ7
2 4 2uw?L? 4 ’pkl} Witth;:{“ (Ver)?, if pimin(Ver) > 4 26)

WXk 202, otherwise.

Pr = max {
A remaining issue to complete the algorithm is regarding the construction of the stochastic estimators
Vfxr, Vei, and é&,. Motivated by the boundedness assumptions on Vf(z), Ve(z) and ¢(z), we employ
a truncated SPIDER-type [11] technique to approximate the objective gradient, constraint Jacobian, and
constraint value. Specifically, given r > 0, let B(r) denote the closed ball centered at the origin with radius
r in the relevant vector or matrix space, and let Pg(,) denote the projection onto B(r), taken with respect to
the Euclidean norm for vectors and the Frobenius norm for matrices. For a prescribed epoch length 7 € N,
define q(k) := |(k — 1)/7]7 + 1 as the start of the epoch to which iteration k belongs. Then, at the k-th
iteration with k > 1, the estimators are updated as follows: if k = ¢(k),

Vfr = Prc) (Bl,{ Zf VF@%E)) Ver = Py(r,) (Blkj 52331 VC(Ikaﬁ))7
¢eBf eBy

k= PIB(M)(% > C(ﬂfk,f));

k ¢ene

(2.7)



if k> q(k),

Ve = Prc) (6fk—1 + é Z (VF(zy,€) — VF(a?k—hf))),

k ¢en]
~ ~ 1
Veg = Pryr,) (VCk—1 + 57 > (VC(k,€) - Vc(xk—h@)), (2.8)
koceny
~ N 1
¢k = Py (qu + Be Z (C(ffk,ﬁ) - C(xk—1,f))>7
k eesg

where B,{ , B and B{, k > 1 are independently and randomly generated sample sets with |B£\ = B,]: ,
|B{| = B and |B{| = Bf. We are now ready to present the complete algorithmic framework is summarized
in Algorithm 2]

Algorithm 2.1
Input: Initial iterate xp, initial merit parameter pg, positive integers K and 7.
1: for k=1,...,K do
if (k—1) mod 7 =0 then
Compute @fk, Ve and ¢ through .
else
Compute V fi, Vi and &, through .
end if
Compute 3, via (2.2)).
Compute 7 via with pp computed by .
9: Update Tht1l = Tk + M5k
10: end for
Output: zz where R € {1,..., K} is uniformly chosen at random.

»

For the analysis of the SPIDER-type estimators, we define the epoch-start filtration Fi = Fq(k), along
with the conditional probability Py(-) := P(- | Fx) and expectation E;[-] := E[- | Fi]. By definition, it
holds that F, C Fj for all k > 1, where equality holds exactly when k = q(k). Conditioning on Fj
fixes the information available at the beginning of the epoch, which facilitates bounding the accumulated
estimation error over that epoch. To faciliate the subsequent theoretical analysis, we first impose the following
assumption on stochastic estimators. Eventaully, we will realize this assumption through proper sampling
strategies.

Assumption 2.1. There exist positive constants {6 }r>1 C (0,1) such that for any k > 1,

EcllIVfi = VEl®] <68, EullVer = Verl®] <67, Erlllér — el®] < 63, (2.9)

3 Theoretical Analysis

3.1 Directional Perturbation Bounds

In this subsection, we derive a perturbation bound for the stochastic search direction §; with respect to its
deterministic counterpart s;. The main difficulty is that, although the true Jacobian satisfies a uniform lower
singular value bound under Assumption[I.4] the stochastic Jacobian may not remain uniformly nondegenerate
at every iteration. To handle this issue, we partition the analysis into the good event and the bad event
according to whether the stochastic Jacobian preserves a uniform lower singular value. Specifically, we define
the good event }

gk = {Mmin(6ck) >

IAN



The following lemma provides a conditional probability bound for the corresponding bad event Gy.
LEMMA 3.1. Under Assumptions and it holds that Py (Gg) < %557.
Proof. Tt follows from Weyl’s inequality (Lemma [A.2]) that

fimin(Ver) = pmin(Ver) — [Vew — Ve,

Then using Assumption we have fimin(Ver) > v — ||[Ver — Veg||. Therefore, it holds that
~ v ~ 14
G = {imin(Ver) < 5} < {IIVer = Verl| = 2}

Applying Markov’s inequality and Assumption 2.1] yields

_ _ - v? 4 _ - 4
Pu(G) < B (90— Vel 2 7 ) < 2 Bulll¥es — Vaul?) < gt

This completes the proof. O

We now proceed to establish a perturbation bound between the stochastic search direction §; and the
true direction sy.

LEMMA 3.2. Suppose that Assumptions[1.1{1.9, and [21) hold. Then for any k > 1, it holds that
Exlllsk — 34]”] < CFa%, (3.1)
64G2LS /v®)]3.

Proof. On the good event Gy, after localization by the indicator 1g,, the Sherman-Morrison-Woodbury
formula (Lemma [A.1)) implies that

Exll|(Veg Ver) ™" = (Ve Ver) P 1g, ]
=E, [H(@ck—r@ck)_l [VcZVck — @c;@ck] (Vc;Vck)_lﬂzlgk]

<K, [H(@cz@ck)_l H2HVC;C'—VC;€ — @c;—@ckHQH(chVck)_lH21gk}

32 - -
< ﬁEk [(IVerll? + IVerlIP) | Ver — Verl*1g, ],

where the last inequality comes from the definition of G and Assumption Under Assumptions
and together with the truncation bound ||Veg|| < L, we obtain
Ex[|[Pv, V fi — Py, Vfil*1g,]
= B[V — Ver(Vel Ver) Vel Vi — Vi + Ver(Vel Ver) " 2Vel Vii*16,]
< SE[|IV fi = Vil *16,) + SEx[|Ver — Ver|*[(Vey Ver) ™' Vel V fil*1g,]
+ BE[[|VerlP[[(Veg Ver) ™ = (Ve Ver) HPIVel V )P 1g, ] (3.2)
+ 5B [[Ver (Ve Ver) T2 Ve, = Ver 21V fil*1g,]
+ 5B ]| Ve (Vey Ver) ™ Ve PV fi = V fil*1g,]

G?L? 64G?LS 16G*L? 16L%
c 4 ° + <+ C)&Z = C57.

= 5(1 + vt V8 v vt

Then appealing to the Cauchy-Schwarz inequality and the truncation bound ||éx|| < M, we arrive at

Ey[[|[Verer — Verér|*1g,]



< 2B, [[[Verlllér — exl*1g,] + 2B [ Ver — Ver|(léx]*1g,]) < 2(M* + L2)57.
The contribution from the good event is therefore bounded by
Exlllsk — $klI*1,] < 2Bi[|[Pv, V fi. — Py, Vfil*1g,] + 20 B [[|Verer — Verdx|*1g,]
< (207 + 4w*M? + 4w*L2) 53
On the bad event G, it follows from Assumptions and the truncation bounds that
Exlllsk — Skl 1gg] < 2Bi[|[Pv, V fir. — Py, Vil *Lgg] + 20 B [[|Verer — Verdr|* 1]
< (8G? + 8w M?L?)P1(GS). (3.3)
Combining the bounds derived on G and G; with the probability estimate in Lemma we derive
Exlllr — sell®] = Ex[lI5 — skll*1g,] + Ex [lI5k — sel*1g¢]

32(G? 2M2L?
(' MLo)se _ 24,

< (2C7 + 4w M? + 4w*L2)57 + —

which completes the proof. O

3.2 Convergence analysis

In this subsection, we study the convergence properties of Algorithm[2:I} We first observe that the update rule
(2.6) guarantees a uniform upper bound on the merit parameter. On the good event Gy, = {ftmin(Ver) > v/2},
we have ,umin(@ckf > 12 /4. On the complementary event G, the denominator is trivially bounded below
by the constant 2wv?. Consequently, the candidate update is always bounded above by 4(4L§ +2(w?L? +
1))/(wr?). Since the sequence {p;} is non-decreasing, it follows immediately by induction that

4(4L3 +2(w?L? +1
wv

Po < pr < Pmax = mMax {PO;

As a direct consequence, Ly is uniformly bounded from below and above. More precisely, let

Lyin = Lpo and Lyax := L

Pmax ?

with L, defined in Proposition Given that py € [po, Pmax], the update rule (2.5)) directly yields

<n <

min -— >~ Vk Z 1.
g AL

4Lmin =! NMmax>

Equipped with these uniform bounds, we are now ready to characterize the convergence behavior of the
sequence generated by Algorithm We first establish a descent property of £(z, p), which plays a central
role in the subsequent analysis.

LEMMA 3.3. Suppose Assumptions and[2.1] hold. Then for any k > 1, we have

E[L(xr11, o)) < EIL(zk, pr)] — Bl (I[Pv, V[l + (w? L2 + 1)]ex )]
+E[ (e IIPv, Vil + Lenprllexl) (| AP + wl]|Ack]])] (3.4)

1 .
+ wME [y pi | s [[|ATk]I*] + JEI2nE L+ i) 136 ]1%],

where Apk = Pf/k@fk - PVkak7 Ack = @Ckék - VCka and AJk = @Ck - Vck.



Proof. Tt follows from the Lipschitz continuity of VL(z, p) in x established in Proposition and zpy =
T + MiSk that

BIL (i1, 1) < ELL, )] + BV L, i) w1 — 2] + 5Bl L))
= E{L(er. pu)] + E(VL (s, o), misid] + LB L3l (35)

For the second term, one has

—E[(VL(k, pr), mk5k)] = Bl (VL (2, pr), Py V fi + wV k)]
from . Recalling the definition of APy, we have

(VL(xk, pr), Py, V fr)
= <ka, P‘7k @fk> + (V)\kck, Pf/k@f}& + </\k, VCEPV/’C@JCJJ + pk<Vckck, Pf/k@fw
= (Vi Py, Vi) + (VAer, Py Vi) + (A, Veg APy) + pi(Verer, APg),

where the second equality is due to the fact that Py, Vfi is orthogonal to the column space of Vei. With
the notation Acy := Verép — Vegceg, it is easy to show that

(VL(zg, pr), wVeplr)
= <ka,w@ck5k> + <V)\kck,w@ck5k> + (Ve g, w@cké;& + pk<Vckck,w@ckék>
= (Vfr — Ver(Vel Ver) Vel Vi, wVerér) + prw(Verer, Acy)

+ w(VALVerér, i) + prw|| Veper ||

Using the two preceding relations, we deduce that

— E(VL(2k, pk), miSk)]
= B[V fi, Py, Vi) + 16V Akck, Py Vi) + mi(Ver( Ak + prex), APx)
+ meprw]||Verer||? + mw(V A Verer, cx) + mu (Vi + Verhe + prVerer, wAcy)]
=E[ne(Vfi, Pv, Vi) + 77k<V)\ZP‘7k@fk + wV A Verér, c) + meprw|| Verer || (3.6)
+ 0k (V fi + VerAe + peVerer, APg) +ni(V fi + VerAe + peVerer, wAcy)|
> Elil|Pv,, V fil”] = LAE[k (P, V fill + wl| Verdel)llexll] + Elngprw]| Verer ]
= EnelPvi Ve[| AP + wl|Ack]))] = LeE[nwpr ek || (|APe || + w|| Ack )],

where the first equality holds by the orthogonality of the two components of 5, and the inequality relies
on the properties of the orthogonal projection Py, V fi combined with the bound ||[VA(z)| < L) from

Proposition 2.1}
On the good event Gy, for the third item in R.H.S. of (3.6)), it is easy to attain from |la+b|*> > 1||a[?—]/b|?

and AJy, := Ve, — Ve that

E[nkpkaVCkck”ngk] = E[?’]kpkaVCkck — €Ck0k + @ckckHngk}

v

1 . _
§E[T7kﬂkw||vckck||21gk] = Elnrprwlle )| Ver — Vel 1g,]

1 -
§E[nkpkw||vckck||21gk] — ME[neprwl|ce ||| ATk Lg, ]-

v

Recalling the update rule for pi, we observe that on the good event G, the merit parameter satisfies
pr > (AL3 42w L2+2) /(whimin (Ver)?), thereby implying that §ppw||Veger||? —2L5 [|erl|* > (w? L24+1)]ex |12
It thus together with Young’s inequality and the definition of §; indicates that



_E[<Vﬁ($k7pk)a77k§k>1gk] (37)

1 -
> Bl Pv, V fel*1g,] + iE[ﬁkPWHVCkaHﬁgk] — ME[neprw||ce|l| AJx |1, ]

1 = 2 1 2 ~ 112 2
= LB | (g7 Pw, VAl + [ Vendal? + 2Lalexl?) 1,
— E[nk (IPv V fill + Leprllerll) ([AP || + w]| Ack|[)1g,]
1 .
= E[n|Pv, Vil*1g,] + E[Wk(§Pkw||VCka||2 —2L5||ex|*) 1, ]

1 N
- ZE[WHSkHngk] — ME[neprwllee ||| Akl 1g, ]

—Elne (1P, Vfell + Leprllexll) (AP + wl|Ack ) 1g, ]
> Elnk(|Pv, Vfill® + (w?L2 4 1)[|exl*)1g,] — ME[neprwl|ce ||| ATk 1g, ]

1 -
- ZE[mHSkHngk] —Elne (IPv, Vfill + Leprllexll) (AP + w]|Ack])1g,].

On the other hand, on the complementary event G, the merit parameter satisfies pr > (QL?\ + 1+
w?L?)/(wr?). Then it holds from (3.6) that

—E[{VL(zk, pr), m5k) 1ge]

> Bkl Pv V fell*1ge] + Elnrprwl| Vercr]|*1ge]
~ LB (P, DAl + =P Fendul? + 2Lallewl ) 1o
— Eln (IIPvi, Vfill + Leprllckll) (1AP|| + wl| Ack]) 1ge]

> Bl [Py, Vi 165] + Bl (prn® — 203) x| 1g5] — Bl
— Elm (IIPvi. V fill + Leprllckll) (1A P || + wl| Ack]) 1ge]

> Elgr([Pvi, V fill* + (w?L2 + 1)lex|*)1g¢] — iE[ﬂkllngﬁg;]
— Eln (IIPv. Vil + Leprllckl]) (1A P + wl| Ack]) 1ge],

s 12
|3kl 1]

where the second inequality comes from Assumption Combining the bounds obtained on Gj, and Gj;, we
conclude that

— E[(VL(@k, pr), mSk)] = —ELVL(zk, pr)s m65k) 16, | — ELV L(2k, prc), 15k) Lgg ]
> E[m(IPv V fil® + (w?LZ + 1)lex]|*)] - ilE[nngkIF] — wME[npr k||| AJk| ] (3:8)
—E[(mlPvi. V fiell + Lenwprllex ) (1A Py + w]| Ack )]
Substituting into yields the conclusion. O

The next lemma establishes an average bound on the stationarity and feasibility residuals along the
sequence generated by Algorithm

LEMMA 3.4. Under Assumptions and[271), it holds that

K

1

Ve S E[IPv, VEl® + llexl] (3.9)
k=1
4E[£($1,p1) - [:(xK+17PK+1)] 2M2pmax ﬁC2 il ~92

< 2 ANmaxLmax + 2

o nminK * nminK + K kz::l( g + )Uk



K
40 max{L puacLel > n ((EUP TSl + (Bl 2)72)
k=1

where C := (2 + 16G? /v2)V/2 4 w(2M? 4+ 2L2)Y2 + 2wM and 7 := Nmax/Mmin-

Proof. First, recall from (3.4)) the error terms involving APy, Acg, and AJ. It follows from Cauchy—Schwarz
inequality that

Efsl|Pv,  fill (1A P + wl| Ack )]
< (EMIPv. V£el?)" " EIIAP) " + w(ERR Py V fil?)
= (EWRIP Y ll2]) Y (EHIAP) ' + w(ElAck?) ).

Y2 (E]| Acy)?]) (3.10)

The tower property, together with (3.2) and the estimate on Gy, in (3.3 yields

_ _ 16G2 _
E[|APP) = E[Ex[|AP*16,] + B[l AP*1g:])] < (G + —5-)% = C

Il
Qe
EdN

Moreover, it follows from Assumption that, for the term || Acy]|,

E[[|Ack||?] = E[Ex[[| Acy’] < 2E [Ek[IIWk — Vel ller]?] + Ex [l Vel — CkHQ]}
<2(M? + L2)6} = C?53.

v

Plugging the above estimates into (3.10]), we arrive at

-~ . 1/2
Eln [Py, V£ (1A P + w]| Ack )] < (Cp + wC)aw (Bl [Py V fel2) 7. (3.11)
An analogous argument for the other term involving (||APy|| + w||Ackl) gives
Le E[ngprllcrl| (1A Pyl + wl| Ack])]
1/2
< pmaxe (e l?)) " (BIAP)Y? + w(E]] ek ) /?) (312)

~ - 1/2
< pmaxLe(Cy + w53 (Eln2|cxl2) .

In view of the bound ||AJy||?> < 4L2 and E[||AJg|%] = E[E,||AJi|?] < &2 provided by Assumption the
term involving AJy in (3.4) satisfies

wME[pr | x|l AJk]|]

< WM ponax (B2 s |21) 2 (B[ AT [14]) /2

) L (3.13)
< 20 M pana Lo (Bl cx| ) 2.

For notational convenience, we define C' := @ + wCy 4 2wM. Incorporating |j|| into 1] results

m
E[L(zk+1, pr)]
< BlL(on, on)] ~ E [ (1P Y full? + @222 +1)lxl?)] + Con (Bl 1Py, 9 fill2)
+ P LeCon (Bl enl?) * + JEIR Ls +me) 5]
< BlL(en, pn)] — Bl (IPv VAP + (L2 + Dllen]?)] + Co (B2 Py, V fel )

~ 1 Mk ~
+ pmaxLoCan (Blnllen]2))* +E [ (miLe+ 50) sl + 15 = sl

11



< E[L(wk, pr)] — Bl (IPvi V Fill® + (w? L2 + 1)ler|*)] + Cow (B | Py, V fl1]) 2
+ pumax L Cor (Elnllenl?)* +E [ (nELa + ) 156 = sl
+E [0 Le + ) (IPy Y fil? + w? L2llen )]
=E[L(z —E|[Mq = 2 Mk, 27201 _ 2
= E[L(zi, p)] — B [ 51— 2meLi) [Py VAl + (Bw? L2(1 — 20l + i )l
+ Con [(EIRIPU Vi) + pumax L (BIRlk]2]) ] + (i Eanax + 75 €267
< E[L (s pr)] = B [T (P VA2 4 llenl?) ]| + (e Lmae + T2)C257
+ Con(EMEIPvV full*]) ? + pmaxLeCar (EnE|lexl*]) %,

where the last inequality follows from 1 — 2n Ly > % given by 1' Note that

L(xpt1, prt1) — L(Tks pr) = L(Tpt1, prr1) — L(@ks15 o) + L(Trt1, pr) — L(Tk, p1)

- WHC(%H)\P + L(Tky1, p6) — L(Tk, pr)- (3.14)

Summing the above inequality over k = 1,..., K and rearranging the terms leads to (3.9)). The proof is thus
completed. O

We next derive an upper bound on Zszl E[||5% %], which will be used later to support the oracle com-
plexity analysis.

LEMMA 3.5. Under Assumptions and[271), it holds that

K K
~ 8E£ 5 _E 5 4M max
ZE[||57€H2] < [£(z1, p1) (Try1, prc1)] +8T]CZZO' + p
nmm k 1 nmln
K
+87C max{1, pmaxLe} Y on (EBIPTLIZDY2 + Ellel2)?) . (315)
k=1

Proof. Tt follows from that, on the good event Gy,
—E[(VL(zk, pr), mk5k)1g,]
> B[ (melPv VAl + G prw | Fener | — 23 ew P — 21561 16,
— ME[mprwller ||| ATk [*1g,] — Elng [Py, V fill (|A Py + wl| Ack[)1g,]
= LE[neprllckl| (| AP || + wl| Ack ) 1g, ]

> E[(ne(1Pv, V fell? + w? L2 ex|*) — %||§k|\2)1gk] — ME[nprwllex ||| ATk [*1g,]
— E[(mel|Pvi, V fiell + Lenmprlex ) (AP + w]| Ack])1g,]
> Elnklskl*1g,] - EE[%H%H%QJ — ME[nprw|ex ||| AT ]*1g,]
—E[(mlPvi, V fiell + Lemeprellcxl]) (1A P[] + wl| Ack 1) 1g,]
% [ell3x %16, — Elmllsk — 31)1*16,] — ME[nxprw]|ci ||| ATk ]*1g,]
E[ (P V fill + Lenkp llcrll) (JA Pl + wl|Ack D16, ],

where the second inequality holds due to the condition 2pkw||Vckck||2 2L2 3lex]|? > w?L?||ek||* guaranteed
by the update rule of py, and the last inequality follows from [|a+b[|* > 3 ||aH2 — |I]|?. Similarly, on the bad

12



event G¢, it holds from py > (2L3 + w?L?)/(wr?) that

—E[VL(zk, pr), mdx) 1ge]

> E[(nel| PV ull? + (prwr? = 2L el — 215 %) 1]
— E[(m]Pvi, V il + Lenrprllex ) (AP || + wl| Ack ) 1ge]
Elnk|skl*1ge] — iE[mHngngg] = E[ngl|Pv, V il ([JAPe[| + wl| Ack ) 1ge]
— LeE[nprllexl|(JA Py [| + w{|Ack ) 1g¢]
“E[ml|36l1”16¢] — Elngllsk — 3k 1gg] — Elme|Pvi Vel (|A P ]| + wl| Ack ) 1g¢]
= LE[mprllckl| (| AP + wl| Ack|[)1gg].

Combining the bounds obtained on G and G, respectively, we obtain
. 1 -
E[L(zk 11, px)] < EIL(@r, pi)] + EUVL(zr, pr) mi5k)] + SELTLe 1 55]7]
1 .
< E[L(zx, pr)] = JE[(me — 202 L) 13k 11°] + Elnellsk — 351%]

+ Cor (B2 Py V £ell2) " + pmax LeCox (B2 [lcx]|2)

1/2

gE[%HngQ] + E[nkllsk — 5k
= ~ 1/2 1/2
+ Cmax{L, puaxLe}on (ERIP Y fill2]) " + Elnllen] 1) ) |

where the second inequality follows from || and 1) and the last is due to n; < ik. Summing it
from k=1 to K and using (3.14]), we derive

K K
SE[L - L AM? prnax
Z]E[HngZ] < [ (551,01) (‘rK-i-l?pK-‘rl)] +8770220k + Pma
Tmin h—1 TImin
i 1/2
+ 87C max{1, pmaxLe} Y o (ElIPv VFiel2)* +Elllexl)) ) -
k=1
Hence, we obtain the conclusion. O]

4 Complexity analysis

In this section, we establish the oracle complexity of Algorithm for finding a stochastic e-KKT point
of problem (1.1). The analysis starts with expectation bounds on the estimation errors generated by the
truncated SPIDER-type estimators.

LEMMA 4.1. Suppose that Assumptions[I.I{1.9 holds. Then for any k > 1 it holds that

B ~ o2 k IR
Ex (I i = V5] S D> ]Ek[B;inxp_xp_luQ], (4.1)
q(k) p*q(k)+1 p
_ ~ ma’ _
B[V - Vel < 20 4 3 Be[ L o, — -1 ] (4.2
a(k)  p= qk)+1 p
Bellon -] < 2+ 3 B Ly — gyl (4.3
Q(k) p=q(k)+1 Bj

13



Proof. For any fixed k > 1, we first consider the case k = ¢(k). Since Vfj € B(G) by Assumption the
nonexpansiveness of the projection operator implies

IV fe = Viel? = HHB(G)(% Z VF(zy,§)) — PIB%(G)(vfk)HQ
k ¢enB?

<|g7 & Fwe - vl

eeBf

Taking conditional expectation with respect to Fj, = Fj and using Assumption we obtain

2
BV fi — V2] < % (4.4)
k

Next, let p € {q(k) + 1,...,k}. It follows from (2.8) and the nonexpansiveness of the projection operator
that

2

95, = VAP < [Fhms + 7 3 (TPlaye€) = Vo1, 6) = V5,

P ¢en]

. 1 2
= vap—l —Vfp-1+ iy Z [VF(xp,f) - VF(&L‘p_1,§) - (pr - pr—l)] H .
B f
¢ceB)
For brevity, define 6[1:(5) = VF(2p,8) = VF(zp_1,£) — (Vfp — Vfp_1). Taking conditional expectation with

respect to F, in the above inequality, and using the fact that v fo—1, Vfp_1, zp, and x,_1 are F,-measurable,
it holds that

EI9f, = V5l = 19hp1 = Vs P+ B[l = 3 5]
P ¢eB]

Z E,[[|VE(zp,8) — VF(ajpflyf)”ﬂ

ceBy

1
(B)?

< Hﬁfpfl - pr71||2 +

] 2
< Vo1 — vfp*1||2 + ?H% - 371%1”2,
p

where the equality uses the relations E,,[6](£)] = 0, the first inequality comes from

2B, [(—5 D (VF(23€) = VF(2p-15€)), V. = V1)) = 2V f = V fp[?,

P ¢eB]

and the last inequality is due to Assumption Then taking the conditional expectation I_Elc [-] on both sides
of the preceding inequality, and invoking the tower property together with the inclusion Fj = Fyu) € Fp,
we deduce that

2

_ _ _[L
195, ~ VA7) < Bl Sy~ Vhpmal?) + B

f 2
—Nzp — Tp_1 .
Bng P ||]

Iterating the above recursion from p = ¢ + 1 to p = k and using (4.4)) gives

- - GI
Bu[I95 ~ VAL S ElIVF - VAP + 2 B2y - apeal?)
p

p=q+1

14



0']% koo Lfc
<L Ek|:$—$—12
D DA -

p=q+1 P

Similarly, the upper bounds for stochastic variance of Ve and & can be established as in and .7
respectively.

Building upon Lemma[4.1] we derive the following corollary, thereby confirming the validity of Assumption
21

Corollary 4.1. Under the setting of Lemma and for any given constant € € (0,1), suppose that the
sequence { By} satisfies

207 2mo> 202
B’{Lﬂ’ B = || me= || o= e, (4.

2TL2 T — T— 2 2 L2 _ 2
Bl = max {1, f” kf il , B} =max {1, TmLi||xk — 21| ’
k 2 k =

2 L2 _ B 2
B,ﬁ:max{l,’r T CH”C’“_Q e H for k> q(k),

and

(4.6)

€

then for all k > 1,
EcllIVfe = VIl <&, ExlllVer — Vel < &, Exfllée — al’] < €. (4.7)

Using the simplified notation C,, := 776' max{1l, pmaxLec}, we now proceed to analyze the oracle complexity
under the parameter choices given by

€
8(2C, + (max Lmax + 1) 2772 C5)

€= 3 51@

& k> 1. (4.8)

The following theorem characterizes the oracle complexity of Algorithm to reach a stochastic eKKT
point of (L.1)).

THEOREM 4.2. Suppose that Assumptions hold. Let the parameters of Algorithm be chosen as
in Corollary along with @), and set 7 = [e~'] and

K = ’764 (f(xl) - flow +2MGLC/V2 +pmaxM2> 6_2“ )

Mmin

(4.9)

Then the algorithm reaches a stochastic e-KKT point within K iterations. Moreover, the expected number
of evaluations required for the stochastic objective gradients, stochastic constraint gradients, and constraint
values are each of order O(e~3).

1
2

1
Proof. For notational simplicity, we define &, := (E[||[Pv, V fx[[?])? + (E[[lc||*])*. It follows from Jensen’s

inequality that

1 K 2 K K
(2>8) == Z Z E[|[Pv, V fill? + lex]?]) .
k=1 k:l

k:

which together with (3.9)) gives

1 N2 8E[L(1,p1) = L(@r1s pres1)] + 4M P
(72516) < Nmin K

15



8702 &
K

1
+ (NmaxLmax + 2)O'k + 8170 max{1l, pmaxLec}— Z 0,EL. (4.10)

k=1

By the definition of L(z, p) given in (2.4)), it holds that

E[L(z1,p1) — L(TK+1, PE+1)]
< E[f(21) + Man)Telar) + B (@) = fiow = Awscin) T elar )]

2 1
S f(xl) - flow + ﬁMGLc + 7pmaXM2-

2
It then follows by solving the quadratic inequality obtained from (4.10) that
1 XK
O
k=1
1
_ nmameax'i_lf 2_92 M2pmax E(xlupl) —£($K+1;PK+1) 2
41 2C,, _—
B ( C o ( 2 77086 * 4nminK + 277minK
2MGL 2y1
11 xr1) — W £2222e + pax M) 2
< 4(2Cm€+ (nmameax"_ 1)§ﬁ§Cs€+ (f( 1) flo 7 Pma ) >7
nmlHK1/2

where both inequalities are a direct consequence of (a + b)% < a? 4+ b2. The settings of € and K in 1) and
(4.9) further ensure that

1

E[IPv, Vfrll + llerl] < (BUPv,VfaI2)* + (Ellleal?])* = Zé’k <e

Consequently, the algorithm reaches a stochastic e-KKT point in K iterations by (L.3)). Accordingly, the
total number of evaluations for the stochastic objective gradient is

K 2 2 K—1
K1 20 27L
— f ! f 2
Ny(K):=> B} < Lw — tK+— — a2 (4.11)
k=1 k=1
Recall from (3.15]) that
K
ZE ks — @i} = D B3] (4.12)
k=1 k=1

K—-1
< SﬁnmaXE[‘C(xlﬂ pl) - ‘C(xK+17 pKJrl)} + 87777121133(052 Z 5—12 + 47777maxM2pmax
k=1

K

+ 8axC max{1, pmaxLe} Y 61
k=1

2MGL,
< Sﬁnmax(f(ml) — flow + ———= 3 4 pmaxM2) + 8K 2, (C2€ + Cpée) = O(1).

Taking the expectation of (4.11)) in conjunction with (4.12)) leads to
E[N;(K)] = O(™).

The same argument applies to stochastic gradient and function value evaluations of the constraints, yielding
the stated oracle complexity of the proposed method. O
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Remark 4.1. The oracle complexity result is established in expectation, which is consistent with the present
analysis framework. The argument based on the good/bad event decomposition requires per-iteration control
of the bad-event probability, as shown in Lemmal[3.1l Hence, the analysis relies on conditional second-moment
bounds for the stochastic estimators at each iteration, rather than only an averaged error bound along the
trajectory. For the SPIDER-type recursion, such a requirement naturally leads to batch sizes depending on
the local increment ||z, — xx—1||?, as reflected in Corollary . Since these local increments are controlled
only after summing over the iterates and taking expectations, the resulting oracle complexity statement is
obtained in expectation.

5 Numerical simulation

In this section, we assess the numerical performance of Algorithm by comparing it with several existing
algorithms for solving (1.1)) on test problems from the CUTEst collection [14] and a nonconvex fairness-
constrained problem [18}/21].

5.1 Experiments on CUTEst problems

In this experiment, we construct a benchmark set of 138 equality-constrained problems from CUTEst. All
the test problems satisfy n 4+ m < 1000, where n and m denote the numbers of variables and constraints,
respectively. To emulate the fully-stochastic setting considered in this paper, we generate stochastic oracle
samples from the deterministic CUTEst problems by adding independent zero-mean Gaussian perturba-
tions to the objective gradient, the constraint value, and the constraint Jacobian. We conduct two sets of
experiments, with the noise level fixed at 1072 and 10~%, respectively.

We compare the proposed Algorithm (shorted as FSFO) with Stoc-iALM [18], as well as Algorithm 2
in [1] and Algorithm 1 in [27], referred to as SLQPM and SSQP, respectively. Throughout the experiments,
the comparison is made under the same stochastic sample budget for all methods. A run is terminated when
the total number of stochastic samples

Neam = NVf + N¢ + Nye

reaches 3000, where Ny s, N., and Ny, count the total numbers of samples used to approximate objective
gradients, constraint values, and constraint Jacobians, respectively. For each method, the batch size is
selected from {1,2,5,10,20}, and the same random seed is used for all methods on each test problem.

To make the parameter tuning comparable across methods, each method is assigned the same tuning
budget of 75 parameter candidates on each test problem. The candidate sets are chosen separately for differ-
ent methods, but the tuned parameters are restricted to those playing the main roles in the corresponding
algorithms. For FSFO, we tune the normal feasibility weight w and the stepsize scaling parameter n. For
SSQP, we tune two auxiliary parameters used to determine the stepsize. For SLQPM, we tune the gradient
stepsize and the recursive-momentum parameter. For Stoc-iALM, we tune the stepsize scale and the pa-
rameters controlling the penalty and multiplier updates, as well as the inner-loop budget. For each method,
we choose the best parameter candidate on each test problem according to a feasibility-prioritized criterion.
Specifically, we identify the iterate with the smallest stationarity error among all generated iterates whose
feasibility error is no larger than 10~%, and select the corresponding parameter candidate. If this feasibility
threshold is not reached, we instead select the parameter candidate corresponding to the iterate with the
smallest feasibility error. To assess the quality of the returned points across different methods, we define the
score of the selected iterate by the aggregate KKT residual

max{[[Vf(z) + Ve(@)Aoos [[¢(2)[lo0}-

Results Table [1| summarizes the numerical comparison under noise levels 1072 and 104, respectively. In
each table, the column “wins” reports the number of test problems on which a method attains the smallest
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Table 1: Summary of the comparison under two noise levels.

Noise Algorithm Wins

Median score Median stationarity Median feasibility

FSFO 103 1.997 x 1073 3.331 x 1074 1.404 x 1073
102  SSQP 25 3.454 x 1073 1.132 x 1073 2.135 x 1073
SLQPM 12 8.388 x 1072 9.467 x 1073 1.640 x 102
Stoc-iALM 8 9.364 x 1072 9.534 x 1073 4.634 x 1072
FSFO 104 2.606 x 10~* 5.913 x 10~° 1.191 x 10~*
104 SSQP 26 5.829 x 104 1.413 x 1074 2.797 x 1074
SLQPM 10 7.993 x 1072 9.482 x 1073 1.397 x 102
Stoc-iALM 7 9.164 x 1072 2.654 x 1073 3.681 x 1072
Four-algorithm comparison under different noise levels
Stationarity Error Feasibility Error KKT Residual
: . . . 102 . 102 . .
. : i : . ! . : | i
. ’i_‘ |__—L| R N A £ wl 1 L 4
: . N ; El o ;
107* 4 l 1074 4
107 o 1076 4
T T 1078 T T T 1078 T T T
FS\:O 55@) SLQ?M 5{0(_—'\»‘\‘“\ \"'5’FD SSQ? 5\,0?"\ gtDc—'\P‘\’M \'—SY'O 55Q? E,LQPM 5{06—'\)\\—“\
(a) Noise Level = 1le-2
. . : 102 4 102 4 : . .
: : I : : : : : !
i ; l H 100 4 M . RN } 10° 4 ; i -
; ; 1072 4 . 1072 4 ‘ : Eﬂ
1074 107 %I
107° 4 i 1076 4 i
t t 1078 T T T t 1078 T T T T
§sF0 osQ® P ch.mt"‘ ¢sF0 osQ® By ch.w'\ €50 el qoP™ ch.u\“"

Figure 1: Box plots of stationarity, feasibility, and KKT residuals under different noise levels.

(b) Noise Level = 1e-4
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aggregate score among the four methods. Figure|l|reports the distributions of the stationarity and feasibility
errors under the two noise levels.

These results show that FSFO provides a balanced reduction of the two residuals, with more wins and
lower median values for both KKT (stationarity and feasibility) errors under both noise levels, as reported in
Table[l] The boxplots in Figure[[]further show that the three residual distributions of FSFO are concentrated
at relatively low levels over the selected problems. SSQP shows distributional behavior comparable to FSFO,
although the median score and the two median residuals reported in Table [I] are slightly larger. SLQPM
and Stoc-iALM are less competitive in these experiments, showing relatively larger residuals across the three
error measures. Overall, the results indicate that FSFO exhibits favorable numerical performance in these
experiments.

5.2 Nonconvex fairness constrained problem

We next examine the performance of Algorithm on a fairness-constrained classification problem with
a nonlinear constraint studied in [18,21]. Let D := {(ai,bi)}‘izll be a labeled dataset, where a; € R™ and
b; € {—1,1} denote the feature vector and the corresponding class label, respectively. For xz € R™, define
{(z;a,b) :=log(1 + exp(—ba'x)) and F(z;a,b) := ¢ (£(z;a,b)), where ©,(t) = alog(1l + t/a) with a = 2.
Let S = {a, };le be a possibly unlabeled dataset, with Sy, € S denoting the subset corresponding to the
minority group. Following [18], the resulting nonconvex fairness-constrained classification model is given by

rER™

. 1
min  f(x) ::ﬁ Z F(z;a,b),

(a,b)eD (51)
st. c(z) =w Z ola"z) — Z o(a'z) <0,
ac€S a€Smin

where o(t) := exp(t)/(1 + exp(t)) and w € (0,1) is a prescribed fairness parameter. The fairness constraint
in is imposed to ensure that the classifier yields a sufficient level of positive predictions for the mi-
nority group. We test this problem on the a9a dataset from the LIBSVM library [6], with n = 123 and
(ID], 18], |Smin|) = (32561, 16281,1561), and on the loan dataset from LendingClub used in [18], with n = 250
and (|D],|S], |Smin|) = (64485,63890,31966). We set w = 0.3 for a9a and w = 0.5 for loan, and compare
Algorithm [2.1] with Stoc-iALM [18], SSQP [27], and Algorithm 2 in [1], referred to as SLQPM below.

In the numerical experiments, following [18], we introduce a slack variable s > 0 and reformulate the
inequality constraint as c¢(x) + s = 0 for the algorithmic updates. The total sample budget is set to 4 x 10*
on a9a and 2 x 10* on loan for all methods. We summarize below the key parameter settings used in the
experiments. For Algorithm we set the refresh period of the SPIDER estimators to 7 = 2 on both
datasets, use the same batch sizes in the refresh and recursive steps, and set the stepsize as n; = 0.25¢,/Ly.
On a9a, we set pg = 0.5, ¢, = 175 and use (Bg,Bg,B,;]) = (12,64,64), while on loan, we set pg = 0.26,
¢y = 320 and (B,J:7 B¢, B) = (12,18,18). For SSQP, the objective gradient, constraint value, and constraint
Jacobian are estimated using mini-batches. On a9a, we use (B,’: , B¢, Bf') = (16,64,64) with initial stepsize
parameter S = 0.9, initial merit parameter 75 = 0.08, and Hessian approximation H = 30/. On loan, we use
(B,’:, B¢, Bil) = (16,16,16) and set 3 =1, 79 = 0.1, H = 1.5]. For SLQPM, on the a9a dataset, the penalty
parameter, stepsize, and momentum parameter are given by pr = pk®*, np = n/(pr(k+1)%3%), ag, = ak =08,
where p = 8, 7 = 0.75 and o = 72/81. On the loan dataset, we set pr = pk®2, ni. = n/(pr(k + 1)°6) with
p = 1.2, 7= 0.25, while keeping the setting of aj, unchanged. For Stoc-iALM, we thank the authors of [18]
for kindly sharing their implementation, from which we retain several parameter settings while making the
adjustments required for our experimental setup. On loan, we retain the penalty update with Sy = 1 and
growth factor 2.5, and use a PStorm mini-batch size of 30. On a9a, we set 5y = 120, the growth factor
to 1.55, and the PStorm inner batch size to 20. We record the objective value f(x), the original signed
constraint value ¢(z), and the KKT residual for as the cumulative number of stochastic oracle samples
increases. To evaluate the KKT residual, for each iterate x, we compute a nonnegative multiplier by solving
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min.>o {||Vf(z) + 2Ve(x)||* + |2c(2)|?} , and define

Resiicr(v) = (|V () + 2Ve(@)|? + @)} + [ze(@)?)?,

where [t]; := max{t,0}. As the algorithms are randomized, the numerical results reported below are
averaged over five independent runs with different random seeds for each method, with the shaded regions
representing the corresponding standard deviations.
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Figure 2: Comparison of Algorithm SLQPM, SSQP and Stoc-iALM on the a9a dataset.
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Figure 3: Comparison of Algorithm 2.1 SLQPM, SSQP and Stoc-iALM on the loan dataset.

Figures 2] and [3] present the performance of Algorithm [2.1]in comparison with the three other algorithms
on the a9a and loan datasets, respectively. As shown in Figure [2] while all methods eventually satisfy the
inequality constraint on the a9a dataset, Algorithm yields the lowest objective value and KKT residual
within the prescribed sample budget. For the loan dataset, the results in Figure |3|indicate that all methods
rapidly reduce the three measures during the initial stage and exhibit similar performance overall, while
Algorithm [2.3] achieves a somewhat faster reduction and slightly lower terminal values, as further illustrated
by the enlarged views. In summary, these results suggest that Algorithm 2.1]is competitive with the existing
methods in the fairness-constrained classification experiment.
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6 Conclusion

This paper studies nonconvex stochastic equality-constrained optimization and proposes a stochastic first-
order method. At each iteration, the method computes a search direction consisting of a tangential descent
component and a normal component for feasibility improvement using truncated SPIDER-type recursive
estimators, and employ the Fletcher’s augmented Lagrangian as a smooth merit function to updates the
step size. Under the additional Lipschitz continuity of the second order derivatives of the objective and
constraint functions, together with a smallest singular value-based event decomposition, we derive that the
method attains a stochastic e-KKT point within O(e~2) iterations with an expected oracle complexity of
O(e=3). This matches the best known stochastic gradient complexity and improves the known order for
stochastic constraint value evaluations in the fully-stochastic setting. We finally report numerical results to
illustrate the performance of the proposed method.

A Auxiliary Lemmas

LEMMA A.1 (Sherman-Morrison-Woodbury Formula). Let A, B € R™*™ be invertible matrices, then A= —
B l=A"YB-A)B L

LEMMA A.2 (Weyl’s inequality). For any A, B € R™*" it holds that |p;(A) — pi(B)| < ||A — Bll2, © =
1,...,min{m,n}, and pmin(A) > pmin(B) — ||A — B||2, where u;(-) denotes the i-th singular value and pmin
refers to the smallest singular value.

B Supported Proofs

Proof of Proposition [2.1} For simplicity, we denote A(z) := (Ve(x)Ve(z))™t, b(z) := Ve(x) TV f(z) and
B(z) := A(z)~'. It follows from Lemma[A.1] that

1A(z) = A)|| < |A@)|[IVe(x) T Ve(z) = Vely) " Ve@) AW (B.1)
Since A(z) = —A(z)b(x) is well defined under Assumption it holds that
A=) = AW = [[A(z)b(x) — A(y)b(y) |l
< JA@@)Ve(@) " = Ay)Vey) "IV + |A@@) Ve(@) T (VF(z) = V)l
< [ A(z) — Aly )H||VC( IV + AWV elz) = VeIV F @)l

)
) =
+ [A@[Ve@) IV f(z) = V)l
< |A@)[IVe(z) T Ve(z) = Vely) Ve[| ADIIV@)IY f)]
(y

+ AW IVe(@) = VeIV @) + [A@IIVe@) V£ () = V)
2GL2L GL L.L
< T e =yl + e =yl + =5 eyl = Lalle =yl Ve,

where the third inequality follows from (B.1]), thereby establishing the first part of the result. Attention is
now turned to the second part. It follows from Assumptions that

IVB(z) — VB(y)|| < 2||V2c(@)[|[|[Ve(z) — Ve) || + 2 Ve@) | IV2e(z) — Vie(y)|
< 2(L3 + L L) | — yll,

which in turn implies

IVA(z) = VA(y)|| = [[A(2)VB(2)A(z) — A(y) VB(y) A(y)|
< [lA(z) = AWIIVB@) [l A@)] + [[AW)I[[[VB(x) = VB(y) | A(2)|
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1AW IVB@IIA) — AQy)]
oL Ale) — A + 5 IVB() - VB()]|

8L2 L? 2(L% + L.L§)
— 5l =yl + ="zl

IN

IN

In addition, one has

[Vb(z) — Vb(y)||

= [V2e(@)V f(z) + Ve(x) 'V f(z) = V2e(y)V f(y) = Vely) TV f ()]

< V@)1V f(z) = V) + [V2e(z) = V)V ()l
+[Ve(@) V2 f(z) = V2 ()l + [IVe(x) = VeIV f ()]

< LyLyllz =yl + L5 Gllw — yl| + LeLf o — yll + Ly Lgl|lz — yl|

= (2LsL; + LG + L L) ||z — y|.

Hence, together with

1(x) — b(y)

| < IVe@)IIVf () = VI + Ve(x) = Ve[V £ ()]l
< (LeLy + GLy)||lz = yll,

we can derive

IVA(z) = VA

= [[VA(2)b(z) + A(x)Vb(z) — VA(y)b(y) — A(y) Vb(y)||

< [VA@)[[[[b(z) = b(y)ll + [VA(z) = VA@)[lIo()[| + [A@) I Vo(z) = VoY)
+ [ A(z) = AW)IIIVo(y)ll

_2LyLe(L Lf+GLJ)

[z —yll + GLe
I/

8L2L%  2(L% + L.LS)
5+ lz =yl
14
L 2LyLy + LG + Lo Lh

. Iz -yl = Lillz - yll

2LJLC(GLJ + L.Ly)
Vi

which yields the conclusion.
To prove the Lipschitz continuity of VL(z,p) in «, for notational convenience we define ¢(x,p) :=
(M), c(x)) + &|c(x)]|*. It then follows that

IV (y, p) = Vib(z, p)|| = [[VA(Y)e(y) + Ve(y)A(y) + pVe(y)e(y) — VA(@)e(z)
= Ve(z)Mz) — pVe(z)e(z)||
< IVAW)lllely) — elzi)l| + [IVAY) = VA@)l[|e(2)]]
+ IAy) = M) Ve + M) [ Vely) — Ve(@)||
+plIVe)lllle(y) — c(@) || + plIVe(y) — Ve(z) | lle(z)||

GLL
< (2LaLe+ MLL + 2520 4 p(L2 + ML) )lly - 2l

which further indicates

IVL(y, p) — VL(x, p)|| < [V f(y) = V()] +IV(y,p) — V(z, p)
< (Ls+2Lake+ LY+ FEET 4 p(12 4 ML) )y ),

which completes the proof. O
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