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We perform statistical inference for the solution of stochastic optimiza-
tion problems with equality and box inequality constraints. The considered
problems are prevalent in statistics and machine learning, encompassing con-
strained M -estimation, PDE-constrained problems, physics-inspired networks,
and algorithmic fairness. We introduce a stochastic sequential quadratic pro-
gramming method (StoSQP) to solve these problems, where we determine the
search direction by performing a quadratic approximation of the objective and
a linear approximation of the constraints. Despite having access to unbiased
estimates of population gradients, a key challenge in constrained problems
lies in dealing with the bias in the search direction. To address this challenge,
we introduce a novel gradient averaging technique to debias the direction step,
leading to Debiased-StoSQP. Our method achieves global almost sure con-
vergence and exhibits local asymptotic normality with an optimal limiting co-
variance matrix in Hdjek and Le Cam’s sense. Additionally, a plug-in estima-
tor of the covariance matrix is provided for practical inference purposes. To
our knowledge, Debiased-StoSQP is the first fully online method to achieve
asymptotic minimax optimality without relying on projection operators to the
constraint set, which are incomputable for nonlinear problems. Through ex-
tensive experiments on benchmark nonlinear problems in the CUTEst test set,
as well as on constrained generalized linear models and portfolio allocation
problems, with both synthetic and real data, we demonstrate the superior per-
formance of the method.

1. Introduction. We consider stochastic optimization problems with equality and box
inequality constraints, given by the form:

min  f(z) = Eep [F(z:0)],
(L.1) ek
st. ¢(x)=0, £<z<u.

Here, the vectors £ and u denote the lower and upper bounds, respectively, with the symbol
“<" representing element-wise comparison; and ( ~ P is a random variable. The function
F(+;¢) : R* — R denotes a realization of the stochastic objective f, and ¢ : R? — R™ en-
codes the deterministic equality constraints. Throughout this paper, we assume that f, c,
and F'(-; () for each realization ( are twice continuously differentiable. We aim to develop a
practical, fully online, and asymptotically optimal method to solve Problem (1.1).
Constraints are useful tools for integrating prior models information, ensuring models’
identifiability, and reducing dimensionality. We will provide concrete motivating examples
in Section 1.1. Given the ubiquity of Problem (1.1), it is of particular interest to estimate its
(local) solution x* with n samples. Arguably, the most primitive estimator is the classical
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M -estimator, where we generate samples (y, ..., Cn Nop and solve the constrained problem
by replacing the population loss f with the empirical loss fn

T, =arg mm fn = Z F(x

zeR
st. ¢(x)=0, £<z<u.

In fact, the above constrained M -estimator is optimal in Hijek and Le Cam’s sense [41, 72].
That is, the asymptotic consistency and normality of the minimizer &,, is given by

(1.2) V(@ — a*) — N (0, LiCov (VF(z*;¢)) LT) ,

where L = P;V2L(x* X\*, u* )Py, Py=T1—J" (JJT)T J is the projection matrix, J is
the Jacobian matrix of active constraints at *, and £(x*, A*, u*) is the Lagrangian function
at the optimal primal-dual points.

In this era of large-scale data, optimization problems such as Problem (1.1) have wide-
ranging applications, including but not limited to signal processing, neural network learn-
ing, PDE-constrained optimization, and (often randomized) numerical linear algebra. By in-
troducing auxiliary variables (also called slack variables), general equality- and inequality-
constrained problems can be transformed into the form of Problem (1.1). Given this equiv-
alency, the focus of this paper is on developing stochastic optimization algorithms to solve
Problem (1.1).

Stochastic optimization algorithms for optimizing an objective f(x) have a rich history
and can be traced back (at least) to stochastic gradient descent (SGD), which solves Problem
(1.1) in an unconstrained setting. While SGD is computationally and storage-efficient, sub-
sequent research has developed and enhanced its global convergence and local asymptotic
properties. For instance, Ruppert [62], Polyak and Juditsky[55] introduced the concept of
Polyak-Ruppert averaging, achieving asymptotic normality for averaged iterates. Chen et al.
[15] proposed the plug-in estimator and developed a more efficient batch-means estimator
to approximate the covariance matrix and estimate the corresponding confidence intervals.
Anastasiou et al. [2] developed non-asymptotic convergence rates for normal approximation
of SGD with Polyak-Ruppert averaging. Leluc and Potier [42] extend the analysis to condi-
tioned SGD, thereby encompassing a broader class of algorithms like Newton’s methods and
Quasi-Newton’s methods.

Newton’s methods are often favored over first-order methods like gradient descent, par-
ticularly for their faster convergence rates, which are made possible by incorporating (exact
or approximate) Hessian information [38, 49, 79]. Beyond theoretical advantages, Newton’s
methods, in particular randomized versions [61, 75, 76, 78], have exceptional performance
in practical applications. For example, Yao et al. [77] introduced AdaHessian, employng an
adaptive Newton’s methods to speed up deep neural network training; and Liu et al. [43] then
used ideas very similar to AdaHessian to develop Sophia, which reduced the computational
cost for training large language models. Although efforts have been made to enhance gradient
descent-based algorithms by partially extracting Hessian information [1, 12, 13], the unique
benefits of Newton’s methods continue to make them a focal point of ongoing research.

Sequential Quadratic Programming (SQP) is recognized as a potent method for tackling
constrained optimization problems, particularly when dealing with nonlinear constraints. As
Nocedal and Wright emphasized in their seminal work [38], SQP stands as one of the most
effective techniques for solving such problems in the deterministic setting. In contrast to
deterministic SQP methods, which assume full access to the objective f(x) as described
in [9, 38], our work considers a stochastic objective alongside deterministic constraints, as
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formulated in Problem (1.1). This paradigm introduces challenges, as the exact values of
the objective function, its gradients, and Hessian matrices are generally inaccessible. While
recent research has extended SQP algorithms to stochastic settings [5, 18, 19, 20, 23, 27, 47,
48, 51], these works have focused predominantly on problems with only equality constraints.
A more exhaustive literature review will be provided in Section 1.3.

Asymptotic analysis serves as a critical tool for a nuanced understanding of the local be-
havior of iterates in stochastic algorithms. In the context of constrained optimization, we
define the primal-dual solution (z*, X*, u}, 3), especially the primal solution «*, as the op-
timal solution of the Problem (1.1) with expected objective. The dual variable (A*, p, p3)
corresponds to the equality constraints ¢(x) = 0, the lower-bound box constraints £ — x < 0,
and the upper-bound box constraints x — u < 0, respectively. While global convergence re-
sults offer a broad understanding of the algorithm’s behavior, they often fall short in revealing
detailed convergence characteristics, especially in the presence of noisy observations related
to the objective f(x), gradients, and Hessians. Consider {(xx, Ak, p1 %, H2,k)} as the se-
quence of primal-dual iterates generated by an algorithm for solving Problem (1.1). The sta-
tistical inference drawn from {(x; — X*, Ay — A*, 1 1, — @], po i, — p3) } can provide more
granular insights. Based on this, we can develop the local asymptotic distributions and esti-
mate associated statistical properties, such as covariance matrices and confidence intervals.
The stochastic nature of the iterates is reflected by the asymptotic distribution (especially the
confidence interval), provided that the number of iterations is sufficiently large. Such statisti-
cal insights offer a quantified measure of confidence and a mechanism to manage uncertainty
(and thus inference) in stochastic optimization.

Given these considerations, a natural question is:

* Can we develop an (asymptotically) optimal algorithm, in Hdjek and Le Cam’s sense [41,
72], and in a manner analogous to the classical M-estimator, for the constrained stochastic
optimization Problem (1.1)?

In this paper, we answer this question in the affirmative. To accomplish this, we introduce
a novel stochastic Sequential Quadratic Programming algorithm (Debiased-StoSQP and its
refinement version Debiased-StoSQP-v2) to solve Problem (1.1), with global almost sure
convergence guarantees. We also develop asymptotic normality results and practical estima-
tors for covariance matrices of the generated iterates. The derived limiting covariance matrix
matches that of the M-estimator, as in Equation (1.2), showing that our algorithm Debiased-
StoSQP-v2 is asymptotically optimal.

Unlike previous analyses of SGD algorithms that focus on averaged iterates [15, 55], our
statistical inference targets the last iterate, rendering our approach more aligned with practical
applications. Importantly, the presence of inequality constraints in Problem (1.1) introduces
a bias in the solutions of the quadratic subproblems for direction estimates, i.e., the obtained
search direction is biased. This happens even when V f(a;() is an unbiased estimators of
V f(x). This makes our problem formulation more challenging, compared to problems with
only equality constraints [6, 51]. To mitigate the bias, we employ moving averaging tech-
niques for gradient estimation. Our results on the asymptotic normality of iterates establish
optimality in terms of the min-max lower bound on the covariance matrix in Hijek and Le
Cam’s sense [41, 72].

1.1. Motivating examples. We now present specific examples from machine learning and
statistics that can be cast into the forms of Problem (1.1). We re-emphasize that the general
constrained problem can be converted into the form of Problem (1.1) by introducing auxiliary
variables, where both forms share the same KKT points (where the first-order optimality
condition holds).
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1.1.1. Constrained regression. In regression models, issues like multicollinearity can
lead to unreliable inference results that conflict with both intuition and empirical evidence.
One way to mitigate such issues is by incorporating prior information into the model via con-
straints on the model parameters. For instance, we observed such complexities while working
with Poisson regression models for Chicago air pollution and death rate data; further details
are discussed in Section 5.4. Constraints can also be an inherent part of the problem for-
mulation itself. For example, in portfolio allocation problems, each entry of x denotes the
weight assigned to an asset. Thus, it is common to constrain the estimation within the set
{x € R?:17x = 1,2 > 0}. In certain contexts, alternative constraints are imposed for par-
ticular purposes, including box constraints ||z ||~ < u and affine constraints Az = b [25, 26]
(e.g., a negative weight signifies shorting the asset). In semiparametric index models, we
impose {x € R?: ||z|2 = 1,21 > 0} to make models identifiable [50, 52]. In factor analy-
sis, constraints can prevent Heywood cases (i.e., a negative estimate for the variance) [66].
In algorithmic fairness, constraints can prevent classifiers from yielding disparate outcomes
based on sensitive features like gender and ethnicity [80]. For a more comprehensive review
of constrained regression models, including different types of constraints, we refer the reader
to [22, 24, 26, 50, 52, 65, 67].

1.1.2. Physics-informed machine learning. In scientific machine learning, models must
adhere to domain knowledge, often described by partial differential equations (PDEs) con-
straints [17, 33, 40, 53]. In specialized network architectures (like neural ODEs [14], physics-
informed neural networks [39, 40, 58], and physics-informed DeepONets [73]), constraints
derived from PDEs are applied to the network, i.e., the neural network is motivated from the
following constrained optimization:

min Lo (x),
xr

S.t. CPDE(w) =0,

where x represents the neural network parameters; Lgq, () and Cppg(x) = 0 are the con-
structed data fitting loss to be minimized and the governing PDEs, respectively. (It is known
that failure to enforce these constraints can lead to serious problems/instabilities in such
models [33, 40, 53].)

1.1.3. Adversarial training. Constraints are also frequently employed in adversarial
training scenarios. For example, in the training of Wasserstein generative adversarial net-
works, constraints on the norm of the network parameters are often imposed to ensure model
effectiveness [3]. Various types of constraints have been found to improve the adversarial
robustness of the model and reduce its sensitivity to perturbations in the input data [16]. In
the context of adversarial attacks, constraints are formulated to ensure that the search space
of adversarial examples remains close to the original data samples [30, 68, 81].

1.1.4. Constrained neural networks. With advances in computational power and stor-
age, as well as the increasing complexity of problems to solve, the number of parameters in
modern neural networks can range from millions to billions or more. This scale is often much
larger than the size of available training samples. In such situations, constraints play a crucial
role in mitigating overfitting by limiting the flexibility of the network space. One simple yet
effective way to improve a neural network’s generalization capability is to apply Le-norm
(regularization) constraints on the network parameters. Well-known implementation tricks
include batch normalization and layer normalization are practical tools to regularize neural
network parameters to avoid gradient vanishing or explosion and accelerate convergence.
Additionally, the importance of parameter constraints for neural networks is seen in gener-
alization analysis [54]; and it is common to work with neural networks that are (implicitly)
constrained to interpolate the data [35, 36].



AN OPTIMAL METHOD FOR CONSTRAINED STOCHASTIC OPTIMIZATION 5

1.2. Our contributions. Our main contribution is to introduce a stochastic SQP algo-
rithm with averaged gradients for solving the constrained optimization Problem (1.1). We
summarize our primary contributions, described in more detail in Sections 2-4, here.

(a) We revisit a standard SQP algorithm (namely, RelaxedSQP, Algorithm 1), which is ap-
plicable to deterministic objectives in the form of Problem (1.1), where a relaxation pa-
rameter is introduced for the feasibility of the quadratic subproblem. Significantly, we
establish a connection between this relaxation scheme and constraint qualifications, pro-
viding a deeper understanding of constrained optimization problems.

(b) Building on the RelaxedSQP, we introduce Debiased-StoSQP (Algorithm 2), a stochastic
counterpart of RelaxedSQP. To address bias issues and challenges due to inequality con-
straints, we employ averaged gradients for debiasing. We introduce separate step sizes,
denoted by «, and Sy, for iterative updates and gradient averaging, respectively; and we
prove that the KKT residual of the sequence of iterates {xy}, along with least square
estimates of dual variables, converges to zero almost surely.

(¢) We perform statistical inference on the iterates generated by Debiased-StoSQP-v2 algo-
rithm (Algorithm 3), which is a refinement of Algorithm 2. To do so, an averaging scheme
is introduced for the Hessian, along with an additional update for dual variables. Under
mild conditions, we show almost sure convergence of the dual variables { (A, tt1 &, 2.1 }
to their optimal values {(\*, u, pu3)}. We establish the asymptotic normality for the iter-
ates,

i * * * * d *
1/ a}?m(fﬂk —A a)\k - A y M1k — M1, M2k — Mz) HN(OKH)Q )7

where ©€2* is the Fisher information matrix of the algorithm (more specifically, the co-
variance matrix revealing the uncertainty of iterates). We achieve asymptotically optimal
normality in terms of the covariance matrix, according to the min-max lower bound by
Duchi and Ruan [23], in H4jek and Le Cam’s sense [41, 72]. We also provide a practical
estimator for the unknown covariance matrix 2* and show that €2, is convergent to £2*
almost surely, where 2, is the estimation of £2* (details can be found in Section 4). Itis a
surprising and novel result that the algorithm with averaged gradients can indeed achieve
the asymptotic normality.

There are additional details upon which we would like to elaborate. The concept of using
a relaxation technique in the SQP subproblem was initially proposed by Powell [56]. He
provided an intuitive explanation that the constrained problem is difficult/challenging if the
relaxation technique is invalid. In Section 2, we extend this intuition by providing a more
rigorous treatment of the relaxation technique, examining it from the perspective of constraint
qualification. Unlike the approach in [20], which relies on increasing sample sizes to reduce
bias (a computationally expensive and often impractical process), we use moving averaging
techniques. These techniques allow for fully stochastic and online settings, and they achieve
convergence with just a single sample of f(x; (), for gradient and Hessian estimation.

A key novelty in our approach is that we introduce two different step sizes with different
decay rates for updating the iterates x; and the gradient, respectively. This can be regarded
as a “competition” between the iterates and the gradients. Specifically, for the global almost
sure convergence and local asymptotic normality to be achieved, it is essential that the gra-
dients converge faster than the iterates. This ensures that the algorithm is driven by the most
current and relevant gradients, contributing to its effective performance. Our work develops
the almost sure "lim" results that the KKT residual of generated iterates converges to zero
almost surely, with the help of the averaging gradient technique and the least squares esti-
mation on dual variables. This provides a more complete analysis than existing work [20],
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which only proved the almost sure "liminf" convergence. We also employ statistical infer-
ence techniques to gain insights into the locally asymptotic behavior of Debiased-StoSQP-v2
algorithm. Using recent advancements in martingale difference arrays, our asymptotic anal-
ysis is developed to deal with the algorithm with averaging gradients where the gradients are
highly correlated. By setting a‘,:i“ =1/(k + 1), we can achieve the asymptotically optimal
normality

* * * * d *
\/%(wk_A 7Ak_A 7ul,k_l‘l‘17l~‘l‘2,k_l~l/2)—>~/\/‘(ouﬂ )7

in terms of the covariance matrix, as shown in [23]. Our estimator €2, for £2* is more like the
plug-in estimator in [15] and we further show that €2, is convergent to £2* almost surely.

Note that, unlike SGD, SQP is a constrained Newton’s method, where we calculate the
noisy Hessian matrix V2f(x;() in each iteration. Therefore, the plug-in estimator for the
covariance matrix does not significantly increase the computational complexity. Previous
works studying the asymptotic behavior of algorithms typically rely on the independence of
gradients, while we consider averaged gradients that are highly correlated. The technique we
apply involves the use of two distinct step sizes with different rates of decay for iterate and
gradient updates. This enables us to balance the convergence behavior of both the iterates
and the gradients, thereby achieving asymptotic normality even under conditions of gradient
averaging. This represents a significant difference from existing methods, and it brings new
perspectives into the study of the asymptotic behavior of algorithms. More details can be
found in Section 4.

1.3. Related works. Constrained optimization problems in stochastic settings have
gained increasing attention in recent years. Berahas et al. [6] initiated the study of stochas-
tic SQP algorithms, with a focus on equality-constrained problems. They incorporated an
¢1-penalized merit function and adaptive selection mechanisms for both penalty parameters
and step sizes to ensure the sufficient decrease of Newton step on the merit function, prov-
ing "liminf" convergence for the expectation of the KKT residual. Na and Mahoney [51]
extended this line of work by developing an algorithm with inexact subproblem solutions,
and they showed the almost sure convergence of the KKT residual based on the sufficient
decrease of the exact augmented Lagrangian merit function. An alternative method is the
stochastic line search SQP proposed by Na et al. [47], where they adaptively select batch size
depending on the decrease of the exact augmented Lagrangian merit function. Their method
is more adaptive and powerful than fully stochastic algorithms, due to the growing batch size.
However, the stochastic line search method is usually more computationally expensive, and
some safeguarded techniques are required in practice, as the batch size cannot grow arbitrar-
ily. Curtis et al. [19] aimed to reduce computational overhead by allowing inexact solutions
for the quadratic subproblems, subject to specific termination tests. This approach effectively
reduces computational effort, especially in high-dimensional scenarios. Similarly, Na and
Mahoney [51] considered the sketch-and-project method in stochastic SQP, a randomized
iterative solver introduced in [32], to approximately solve the Newton system in each iter-
ation and reduce the total computation. Berahas et al. [7] also explored variance reduction
techniques in gradient approximations, adding robustness to the algorithms at the expense of
requiring exact gradient estimations in the outer loops. However, their method still requires
exact estimations of gradients, which may be intractable in some applications. Most of the
aforementioned works focus on equality-constrained problems, leaving inequality constraints
as an area open for further research.

Equality- and inequality-constrained problems pose more formidable challenges than their
equality-constrained analogs, particularly due to complications like SQP subproblem infeasi-
bility and solution bias. Recent advancements, such as the method of Na et al. [47], use exact
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augmented Lagrangian merit functions, concentrating on identifying each iteration’s active
set of constraints. However, this approach may impose stringent requirements concerning the
linear independence of Jacobians for the active constraints. Alternatively, Curtis et al. [20]
introduce an innovative two-stage algorithm. The first stage is designed to improve feasi-
bility by solving a box-constrained, strongly convex quadratic problem. The second stage
then zeroes in on optimizing the objective function using quadratic expansion. A compa-
rable two-stage algorithm has been introduced by Qiu and Kungurtsev [57]. The primary
distinction between the two methods lies in their handling of stochasticity and step-size se-
lection. Specifically, Curtis et al. mandate increasing the sample size for gradient estimations
to ensure convergence and employ adaptive step sizes. In contrast, Qiu and Kungurtsev’s ap-
proach [57] necessitates a lower bound for the batch size to control gradient uncertainty and
uses stochastic line search techniques. Duchi and Ruan [23] have formulated a Riemannian
stochastic gradient algorithm that employs dual averaging to address inequality-constrained
problems. To guarantee the feasibility of the solution iterates, their method incorporates man-
ifold projections, a technique that tends to be computationally demanding.

There exists an extensive body of work focusing on the statistical properties of SGD and
its various adaptations [15, 55]. We begin by reviewing some seminal contributions to the
area of SGD. For instance, Toulis and Airoldi [70] introduced the concept of implicit SGD,
which achieves asymptotic normality accompanied by an optimal covariance matrix. Mou et
al. [45] further contributed by investigating the asymptotic behavior of SGD when fixed step
sizes and Polyak-Ruppert averaging are employed in solving linear systems. Duchi and Ruan
[23] extended this line of research by developing projected Riemannian SGD and offering
statistical inferences for inequality-constrained convex problems. However, the local statis-
tical behavior of stochastic Newton’s methods remains relatively unexplored. More recently,
Boyer and Godichon-Baggioni [10] turned their focus to the asymptotic normality of an ad-
vanced stochastic Quasi-Newton method tailored for regression issues. Na and Mahoney [51]
provided a particularly interesting insight by showing that the iterates generated by stochastic
SQP in equality-constrained problems tend towards an asymptotic Gaussian distribution with
a nearly optimal covariance matrix. The basis for this near-optimality is the min-max lower
bounds on the covariance matrices, as proven by Duchi and Ruan [23]. Despite these strides,
a significant gap persists in literature concerning local statistical analyses for stochastic al-
gorithms applied to both equality and inequality-constrained problems. Our research bridges
this critical lacuna.

1.4. Structure of the paper. Our paper is organized as follows. In Section 2, we revisit the
concept of constraint relaxation and establish a link with constraint qualifications. Section 3
is devoted to the introduction of the proposed relaxed stochastic SQP method (Debiased-
StoSQP, Algorithm 2), where we also derive its global almost-sure convergence properties.
In Section 4, we delve into the algorithm’s (Debiased-StoSQP-v2, Algorithm 3) asymptotic
behavior, establishing both asymptotic normality and the convergence rate of the iterates
generated by our method. We also introduce a practical estimator designed for statistical in-
ference. Section 5 presents experimental results, focusing on applications to CUTEst bench-
mark problems and regression analyses. Throughout the paper, we provide sketches of proofs
following the theorems to aid in comprehension, but we defer all detailed proofs to the Ap-
pendices.

1.5. Notations. Throughout the paper, we use || - [|2 to denote the 2-norm (Euclidean
norm) for vectors and the corresponding spectral norm for matrices. The co-norm of a vec-
tor, representing the maximal absolute value among its elements, is symbolized as || - || . We
use boldface capital and lowercase letters (e.g., A and a) to denote matrices and vectors re-
spectively. Given a positive integer m, the symbol [m] represents the set {1,2,--- ,m}. If we
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know without any ambiguity that Z C [m], then we define Z~ := [m] \ Z, which implies that
ZUZ =[mJandZNZ~ =0. Let Z C [m] be the set of indices and A be an m x m matrix.
Then the notation A7 indicates the submatrix composed by columns of A with correspond-

ing columns indices in Z, i.e., Az = [a;,,ai,, - ,a;, |, where A = [ay,a2,---,ay], |Z|
denotes the number of elements in the set Z, and Z = {iy, i, - - , iz }. For an m-dimensional
vector a and a set of indices Z, we denote [a]7 as the subvector of the vector a with
[a]z = (ail,aiZ, s ,aim)T, where a = (al,ag, R ,am)T and 7 = {il,ig, s 7i\Z|}- Indi-

vidual elements of a vector a are expressed as either (a); or a;, depending on the context.
Unimportant constants are subsumed within the big O notation, O(-), implying that f = O(g)
if f <C'- g for some constant C' > 0. We use Fj, to denote the o-algebra defined by event
{¢:}E_ . The conditional expectation E [|Fj_1] on ¢y is abbreviated as Ey [-]. We use ® to
denote the element-wise multiplication between two vectors.

2. Constraints Relaxation and Deterministic SQP Algorithm. In this section, we start
by considering the deterministic constrained problem, defined as follows:

min  f(x),
2.1
s.t. c(x)=0, L<z<wu,

where f : R? — R is the objective whose derivatives and Hessian are fully accessible under
the deterministic setting, and ¢ : R — R” is the equality constraint. Throughout the paper,
we assume that the constraints ¢ are second-order continuously differentiable. The vectors £
and u define the lower and upper bounds, respectively. Here, we require —oo < £ < u < 00
and that the feasible region 2 := {x : ¢(x) = 0,£ < x < u} is non-empty. At the current
iterate xy, the classical SQP algorithm obtains the search direction by solving the following
subproblem:

. 1
min  Vf(xx) ' p+5p' Bip,
(2.2) pER 2
st. c(xy) +Ve(z,) 'p=0, £<z,+p<u.
This is a quadratic expansion of the objective with a linearization of the constraints.
The solution py, of Problem (2.2) then serves as the direction for updating the variable x
in Problem (2.1), i.e., Tx4+1 = ), + agPpr, Where oy, > 0 is the step size. Interestingly, even

though the feasible region 2 of the original Problem (1.1) is non-empty, the Problem (2.2)
may yield an infeasible region that

Qp:={p:c(z) +Ve(zy) 'p=0yN{p:£<z)+p<u}=0.

We demonstrate this through the following example.

EXAMPLE 1. Consider the following constrained optimization problem

min  z + 222 + 3y,
(z,y)€R?

st c(x):=2>+y*—9=0, £:= (8) < (5) < (g) =

Here, the feasible region Q= {(z,y) : 22> + 4> —9=0,0< 2 < 3,0 <y <2} is non-
empty. If (z,yr) = (2,1), then the region Qy, = {(Az,Ay) : —4 + 4Az + 2Ay = 0,0 <
2+ Az <3,0 <1+ Ay < 2} is non-empty; but the region Q. at (x,yr) = (1,1) (i.e.,
Q= {(Az,Ay) : =T+ 2A2 +2Ay=0,0<1+ Az < 3,0 <1+ Ay < 2}) is empty.

(2.3)
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Fortunately, constraint relaxation provides an effective approach to circumvent this issue
of infeasibility in the SQP subproblem. Specifically, we can relax the constraints by intro-
ducing a factor 6, € (0, 1], resulting in a relaxed feasible region, defined as

Q= {p: Ope(xy) + Velzy) 'p=0}N{p: £ <z +p < u}.

For certain 60, € (0, 1], this relaxed feasible region (NZ;C can be non-empty, even when (2, is
empty. To illustrate, recall Example 1, where the SQP subproblem yielded an empty region
Qy, at (zy,y,) = (1,1). Introducing the relaxation factor §), = 1 makes the relaxed feasible

region (2;, non-empty. This constraint relaxation strategy was originally proposed by Pow-
ell [56], whose insight was that the absence of a suitable relaxation parameter signifies that
the nonlinear constraints cannot be locally improved in a first-order sense (e.g., linearization).

Naturally, this leads us to investigate the conditions under which a relaxation parame-
ter exists or fails to exist. We found that this is intimately tied to the extended generalized
Mangasarian-Fromowitz constraint qualification (EGMFCQ, as defined in Definition 2.4 of
[74]). Constraint qualifications serve as conditions that assess the compatibility between non-
linear constraints and their linear approximations. When these qualifications are not met, the
linear approximations are inadequate to capture the local geometric properties of the non-
linear constraints. We demonstrate that if x; moves away from points where EGMFCQ is
violated, then €, is feasible for some 6, € (0, 1]. The relationship between constraint relax-
ation and constraint qualifications is elaborated further in Appendix A.

DEFINITION 1 (EGMFCQ, Definition 2.4 in [74]).  The extended generalized Mangasarian-
Fromowitz constraint qualification (EGMFCQ) is said to be satisfied at a point & € RY, with
respect to the equality constraints c(x) = 0 and the box constraints £ < x < w, if the follow-
ing conditions are met:

o there is a vector z € R? such that
(2.4) (2): >0, if

* columns of V¢(&) are linearly independent.

Remark. It is not difficult to verify that EGMFCQ is weaker than linear independence
constraint qualification (LICQ, Definition 2 in Appendix A.1) [38, Definition 12.4]. Note that
the point & does not necessarily satisfy the equality constraints ¢(x) = 0, but it is required to
lie within the box constraints £ < x < u.

LEMMA 1. For Problem (1.1) and the current iterate xy, if EGMFCQ is satisfied at xy,
then the relaxed feasible region Q) is nonempty for some 0, € (0,1]. Moreover, let 0 be
selected within the interval (0, 1] such that ﬁk is nonempty with this 0y, but becomes empty
when the relaxation parameter 0y, is replaced by min{1.10y,1}. This selection of 0, can

always be achieved. If liminfy_, ., 0 = 0, then there exists an accumulation point x* of the
sequence {xy} where EGMFCQ fails to hold at x*.

Remark. Here, 6}, is selected such that it approximates the maximal relaxation param-
eter to make the relaxed region Q. feasible. As indicated by Lemma 1, if the relaxation
parameter is not uniformly lower-bounded, a subsequence of {x} will converge to a non-
EGMEFCQ point. In light of this, we assume that the maximal relaxation parameter remains
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lower-bounded throughout the iterative process, as in Assumption 1 (below). At the begin-
ning of each iteration, we first examine the relaxation parameter to ensure that it exceeds
a predefined threshold. Failing this, we deduce that the current point is approaching a non-
EGMFCAQ point, implying that the nonlinear constraints may not be effectively approximated
by linearization.

ASSUMPTION 1.  For the iterates {x;,} generated by the algorithm, there exists 0 € (0, 1]
such that the relaxed feasible region 2, with 0, < 0 is always nonempty.

Remark. We would like to discuss more the search direction derived from Problem (2.2).
It is possible to contemplate a more cost-effective algorithm, where the search direction is first
obtained from the equality-constrained QP subproblem, followed by applying projections to
the box-constrained regions. However, the following example illustrates that this approach
can potentially lead to a stagnation at a specific point, despite being under MFCQ/LICQ
conditions.

EXAMPLE 2. Consider the following QP problem

. 1
min g'p+-p' Bp,
PER3 2

1+J7p=0, (8) Sz+p< <§>,

where g = (—1,0)T, B=1I,, J = (1,1)T and & = (1,0)". If we first solve the equality-
constrained problem, the search direction is p = (0,—1)", then the projection P(x + ap) =
x gets stuck for any o > 0.

=~

S.1.

Algorithm 1 RelaxedSQP

Input: £ <xg<wu,7,7€(0,1),0€(0,1),p_1 >0,e>0,5€(0,1).
1: fork=0,1,2,--- do

20 Op=1;
3:  while Qp with 0}, is empty do
4: Hk = Qk T
5: end while
6: Compute an positive definite Hessian matrix By, and the gradient V f (x,).
7 Solve the relaxed SQP Subproblem (2.7) with 6., where the solution is denoted as py,;
8: Let
trial 0, if — Vf(mk)—rpk - pl—chkpk >0,
2.5 Pk =19 Vf(zr) pptp] Brpk otherwise:
(1—0)0kllc(zr)llz ’
and
(26) P = pk—lv_ if pglal < Pk—1>
k (I+¢) ptkrlal, otherwise;
9:  op=1,
10: while ¢(xy, + agpy, pr) > S, pr) — Bag Ay, Py, V f(2g), By; pg) do
11: Qp =Qp T,

12: end while

13: xp 1 =xp +agpg
14: end for
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Now, we are ready to deal with the standard SQP Subproblem (2.2), which is probably
infeasible as discussed, by including a relaxation parameter §; € (0, 1] in each iteration. More
specifically, throughout the paper, instead of solving Problem (2.2) for the search direction in
each iteration, we alternatively focus on the following relaxed SQP subproblem:

1
: \V/ T - TB 7
min - V(@) p+5p Bip

2.7 S.t. HkC(ZBk) + vc(mk)—rp =0,

for some 6 € (0, 1]. We assume that Assumption 1 consistently holds for iterates generated
by Algorithms 1-3.

We next offer a concise overview of the line-search technique incorporated into SQP for
constrained optimization. To do so, we adopt the £» regularized merit function, defined as

(2.8) o(x; p) == f(®) + plle(@)|l2,

to perform the backtracking line search. We define the expanded merit function at x; with
step py as

(2.9)

1
q(xk, Pr, V f(xk), B, pie) := f (1) + V f (z1) " P+ §P;kak + prlle(zr) +Ve(xy) " prlle,

which combines the second-order approximation of the objective with the first-order lin-
earization of constraints, and the corresponding improvement

Aq(xy, pr, V f (1), By, pi.)
:=q(xx,0,V f(x), B, pr.) — ¢(xk, P, V f(x1), B, prc)

= V(@) e

(2.10) Py Bipr + pr <||c(.’L'k)||2 — Hc(xk) - Vc(a:k)TpkH2>

1
=—Vf(zg) pr— 519;31@1% + prbi| c(xr) |2,

where the last equality comes from the equality constraints of the relaxed SQP Subproblem,
Problem (2.7). To make sufficient improvement, we let p; > 0 to be large enough such that
Aq(@k, pr, Vf (1), Bi; pr) > 50, Bipr + opibil|c(ay)|2 for some o € (0,1), ie., we
introduce the following strategy

trial 0, if — vf(mk)—rpk - p;—BkPk >0,
P =\ Yoz pitpi B otherwise;
(1=0)bille(@i)][z ’

and

trial

Pi = Pk—1, . lfpk; < PEk—1,
k (1+€)pfl, otherwise;

for some € > 0. Here, the strategy guarantees that the sequence {p} is monotonically in-
creasing and sufficient improvement is secured. We summarize this algorithm in Algorithm 1.

In addition to the feasibility assumption (Assumption 1) on the constraints, the smoothness
and boundedness assumptions on the objective and constraints, as stated in Assumption 2, are
standard for convergence analysis.
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ASSUMPTION 2. The objective function f and the constraints c are second-order con-
tinuously differentiable. Then for all £ < x <, there exist My g, Mg, kv, kve > 0 such
that

lw—Llly =Meu, [Vf(@)ll, <My,
and for all £ < x,y < u one has
IVf(@) =ViY)lly < rvrllz—yly, [Vel®) = Vey)lly < rvelle —yll, -

The approximate Hessian matrix By, is positive definite, i.e., k11 < By, < kal for some 0 <
sub sub

k1 < ka. The Lagrangian multipliers {()\‘,‘g"h, w1y} for the Problem (2.7) are bounded,
i.e., there exist My, > 0 such that

max{ X [l2, [ 12, [l 455 12} < Miag-

Here, the boundedness assumption for the Lagrangian multipliers guarantees that the
penalty parameter p; is upper bounded, as illustrated by existing literature [8, 11]. Poten-
tial concerns regarding the boundedness of Lagrange multipliers are addressed by invoking
the EGMFCQ condition. This reveals that the Lagrange multipliers for the SQP subproblems
are indeed bounded under EGMFCQ condition. A detailed exposition of this can be found in
Appendix A.2, with references [11, 29].

Before delving into the properties of RelaxedSQP (Algorithm 1), it is imperative to artic-
ulate the Karush-Kuhn-Tucker (KKT) optimality conditions, as well as the associated KKT
residual specific to Problem (1.1). The KKT condition and the corresponding KKT residual
for Problem (1.1) at @ is formalized as

2.11)
V(@) + Ve(@)A = 1+ pa =0,
V(@) + Ve(@)A — 1+ pa

c(x)=0, L<z<u, ()

’ T and R(x,\, p1, p2) = p©(x—40)
pi (z—€)=0,p, (x—u)=0, 1

H2 © (2 —u)

J751 > 0, 12%) > 07

for some dual variables (X, p1, p2) € R” xR’ x R’} . Notably, we exclude the inequality con-
straints £ < o < w in the residual definition, as they are intrinsically satisfied by the sequences
generated via the proposed RelaxedSQP algorithm. Consequently, if the sequence {xy } with
the accompanying Lagrangian multipliers { (X, 41 %, pt2 k) } satisfy R(xk, Ak, p1 5, B2 k) —
0, then any accumulation point (z*, X*, u}, p3) of {(xx, Ak, p1, p2)} satisfies the KKT con-
dition in Equation (2.11), rendering «* as a KKT (first-order) optimal point.

THEOREM 1. Under Assumptions 1 and 2, there exist sufficiently large K e Z4 and
p >0, such that p;, = p for all k > K and

(2.12) lim ”pk”Q =0and lim HC(CL’k)HQ =0.
k—o0 k—o00

Furthermore, if we let ()\fc"b , ui"i, u%"i) be the Lagrangian multipliers of Problem (2.7) at
xy, then

(2.13) Jim [| Ry, AR, 1 15|, = 0.

Sketch of the proof. We begin by establishing that the penalty parameter pj stabilizes
after a sufficient number of iterations. Specifically, we show that there exists a sufficiently
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large integer K € Zy and a constant p > 0, such that p; = p for all k£ > K. Capitalizing
on the construction of the penalty parameter, we achieve a sufficient improvement in the
merit function, formalized as Aq(xg, px, V f(x), Br; pr) > %p;kak + opbillc(xk)] 2.
The lower-boundedness of the merit function, in conjunction with this sufficient improve-
ment, ensures global convergence. This rationale is analogous to the convergence analysis
in gradient descent and Newton’s methods in unconstrained problems. While unconstrained
optimization techniques ensure convergence by achieving a sufficient reduction in the objec-
tive function, constrained optimization employs a merit function that amalgamates both the
objective function and constraint violations to achieve a similar result. Complete details are
provided in Appendix A.3.

The RelaxedSQP specializes to the conventional SQP if the unit relaxation parameter (i.e.,
0r = 1) is accepted, under the condition that x, is close enough to a feasible and EGMFCQ
point. Remarkably, the RelaxedSQP algorithm achieves superlinear local convergence, akin
to the classical SQP method, under mild conditions. We do not elaborate on the local super-
linear convergence of classical SQP algorithms, which are well-studied and can be found in
[9, 38, 44, 63, 71]. Our principal focus here is on the intriguing behavior associated with the
acceptance of unit relaxation parameters, which is given in the following lemma. The detailed
proof is included in Appendix A.4.

LEMMA 2. Suppose that Assumptions 1 and 2 hold, and {x)} — x*, where c(x*) =0
and EGMFCQ condition holds at x*. Then the unit relaxation parameter 0, = 1 will be
accepted when k is sufficiently large.

3. The Stochastic SQP Algorithm. In this section, we developed a stochastic optimiza-
tion algorithm with almost sure convergence guarantees (Debiased-StoSQP, Algorithm 2)
for solving Problem (1.1). To accomplish this, we first modify the deterministic SQP algo-
rithm (presented in Algorithm 1) into a fully stochastic algorithm (see Algorithm 2), where
the averaging gradient is used to reduce the biasedness introduced by the uncertainty in the
SQP subproblem. Initially, we will establish the global almost sure "lim inf" convergence for
the iterates. Subsequently, we extend these results to achieve the almost sure "lim" conver-
gence by incorporating the least squares estimates of dual variables. Before analyzing the
convergence performances of Debiased-StoSQP (Algorithm 2), we describe the algorithm
the following steps:

 Step 1: Selection of relaxation parameter. The relaxation parameter is initialized to be 1 for
k-th iterate xy, i.e., 0 = 1. The feasibility of the region ﬁk with 0, is then assessed. The
relaxation parameter 6y, is adjusted iteratively by scaling it down by a factor 7 € (0,1), i.e.,
0, < 0} - T, until ka is confirmed to be feasible. Under Assumption 1, a suitable relaxation
parameter 6y, can be found after at most [log; 0] steps. In practice, we include 6 € (0, 1] as
a tolerance in the algorithm for 6. There are various ways to verify the feasibility of ﬁk
with 6. A direct and practical way is to solve the following convex quadratic problem:

2
’
2

min Hch(azk) + Vc(:ck)Tp‘
P

st. €<z +p<u,

and verify whether the minimal objective is zero. Projected gradient descent and projected
Newton’s methods are popular and efficient solvers for the box-constrained quadratic prob-
lem. If the algorithm terminates with ), < 6, where the small 6 € (0,1] is the tolerance
included in Algorithm 2, then the iterate x;, approaches an undesirable point, where EGM-
FCQ does not hold.
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Step 2: Derivative and Hessian estimation. Since the exact derivative and Hessian are
inaccessible at xj, we obtain an estimated derivative g, := V f(xx; () and approximated
Hessian Bj,. Note that By here is an approximation to the Hessian of the Lagrangian
L(x, X\, 1, p2) := f(x) + ATe(x) + i (£—x) + pg (x — ) at the primal variable xy,
and the estimated dual variable (Mg, 41 %, p21;). A practical and cheap way to calculate
By, follows

3.1) By, =V f(@r; ) + (A Viei(mh) + Ay,
j=1

where A3™, is the dual variable of the SQP subproblem at (k — 1)-th iteration and A
is a regularizer to make By positive definite. To achieve the first-order optimality con-
vergence, By, is not necessarily an accurate approximation to VQE(mk, Ak, 1 s H2,i)- In
fact, By, is required to be positive definite to achieve a sufficient decrease direction, i.e.,
k11 = By, < kol for some 0 < k1 < ko. For example, the approximate Hessian By, is set
to an identity matrix in [20]. To achieve the local “optimal” convergence, we expect By,
to be an accurate approximation to the Hessian of Lagrangian, and the averaging tech-
nique is employed to reduce the noise of the stochasticity. For more details, see Lemma
4, where we show the almost sure convergence of By, to the exact Hessian of Lagrangian
B* (defined later). In this part for the first-order global convergence, only the positive-
definiteness of By, is enforced. Different from [20], where the estimated derivative gy
is directly used in the SQP subproblem, we apply the averaging technique for reducing
the noise, i.e., g = gr—1 + Pr(gr — gr—1)- The averaging of derivatives is essential to
inequality-constrained problems, in both theoretical convergence and experimental per-
formance. It is not difficult to verify that the averaged gradients converge to the exact

gradient, at least in expectation, i.e., limy_, E |||gr — V f (k) Hg] = 0, under some mild
conditions. However, the simple estimated gradient is not close to the exact gradient, i.e.,
E [Hgk -Vf (mk)||§} = O(1). Without the averaging of derivatives, [20] achieves global

convergence by reducing the noise level manually, i.e., increasing the sample size dur-
ing the iterations. However, our algorithms (Debiased-StoSQP and its variant Debiased-
StoSQP-v2) are still fully stochastic, i.e., the derivative estimate is only required to have
bounded variance, and the noise level is reduced by the imposed averaging.

Step 3: Obtaining the direction from SQP subproblem. Equipped with the estimated
derivative gy, the approximate Hessian B} and the relaxation parameter 0, we acquire
the search direction py, as a solution of the following SQP subproblem

. _ 1
min - gip+ 5p' Bip,
(3.2) PER” 2

st. Opc(xy) + Ve(xy) ' p=0, £<xp+p<u.

Here, the direction py, is “descent” for the merit function, owing to the convergence of gy,
to V f(x)) and the positive-definiteness of By,.

Step 4: Adaptive step size selection. We first require that the pre-defined step size
{~} decays (asymptotically) polynomially, i.e., v = o (k + 1)~* for some ¢o > 0 and
b1 € (0,1]. The strategy is similar to the adaptive strategy in the deterministic algorithm.
We alternatively select py, such that Aq(x, Pk, gr, Bk, pr:) enjoys the sufficient decrease,
i.e., Aq(xk, Prs Gr> Br, pr) > 505, Bibr+ 0 pibille(zy)]|2 for some o € (0,1). The adap-
tivity parameter &, < £l .= AQ(w’“’ﬂ' ]’;;g”’“g’B’“p £) measures the quality of the direction py
in reducing the merit function. If &, is large, which implies that py, is probably a promis-

ing direction, then a more aggressive step size oy o< £y is preferred, and vise versa. We
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: min  max] ._ ExVie EeVie
select the step size oy, € [ak , QU ] [Hv,v+pmw’ Py sy

kv, are Lipschitz constant for V f and V¢, respectively. We may efficiently estimate the
Lipschitz constants by finite differences, an idea quite similar to the Armijo condition.

Step 5: Updating the variable. The primal variable is updated as ;1 = @) + o pi. No-
tably, the algorithm does not necessitate the explicit use of dual variables for updating
the primal variable, thus omitting an update scheme for the dual variables in this section.
However, the “optimal” local convergence requires an accurate approximation of By, to
the Hessian of the Lagrangian function. This, in turn, demands a satisfactory estimation of
dual variables. An update scheme for these dual variables, which is crucial for examining
the local convergence properties of the iterates, is provided in Equation (4.1) in Section 4.

+ g’ylﬂ , where Ky ¢ and

Algorithm 2 Debiased-StoSQP

In

7.

10:

11:

12:
13:

14

1

2
3:
4:
5.
6

put: £ <z <u,7,7€(0,1),0€(0,1), p—1 >0, €p,€¢, € (0,1), p€(0,1), 0> 0, {Br o {7k} heo-

:fork=0,1,2,--- do
: (Step 1.) 0, =1;
while (NZk with 6, is empty do
Hk = Qk T
end while
(Step 2.) Compute a positive definite approximate Hessian matrix By, and the estimated gradient gz, =
V(g Cr)s
Let

Gk =0k—1+ Br(9r — Gk—1);

(Step 3.) Solve the relaxed SQP Subproblem (2.7) with ., By, and gj., where the solution is denoted as
PL;
(Step 4.) Let
(3.3)
trial 0, if —g; P — ), Brpp >0, o if ptial <
¢ =14 g pu+p/) Bipx , and pp = k= Pk = PR=1)
T=0)0r]lc@i)z’ otherwise; (1+ep)py ",  otherwise;
Let
. A D..d.. B if < trial
G4y gl = B TePe Gk Broor) g g ) o161 <G
Pxll5 min{(1 —e¢)€g_1,& ), otherwise;
Select oy € |oMiN oMax| . SV [ 9500 + 02|
k k %k = | Ry tpkkve’ Rvitprive T k]

ap, =min{ay, 1/0;};
(Step 5.) Tly1 =T + 0D
: end for

bi
th

We make the following two key assumptions regarding the gradient estimate: that it is un-
ased; and that it has bounded variance. Similar to the deterministic algorithm, we assume
at the penalty parameter becomes stable after a sufficient number of iterations, in line with

existing literature [6, 57]. See Assumption 3 (below). In addition, in Assumption 4 (below),
we impose an additional condition stipulating that this stabilized penalty parameter must
be sufficiently large, when compared to the corresponding parameter in deterministic algo-
rithms. A similar assumption also appears in [6] for the convergence of the fully stochastic
algorithms.

ASSUMPTION 3. Suppose that gy, := V f(xy; () is a unbiased estimate of V f(xy),

ie, Exlgr] = E¢ [V f(r; Q)| Fr—1], and there exists a positive number o4 > 0 such that
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Ey|lgr — V£ (zp)|3 < o;. We further assume that the penalty parameter becomes stable
after K iterations, ie., pr=p, Vk > K.

ASSUMPTION 4. Suppose that the stable penalty parameter p for the stochastic algo-
rithm is sufficiently large such that Aq(xy, px, V f (%), Bi; p) > o] Bipr+0p0kc(zy) |2
holds for some o € (0,1) and for all k > K.

Under these two additional assumptions, we have the following theorem. This theorem
is an intermediate result that the KKT residual of the iterates obtained by the proposed
Debiased-StoSQP algorithm achieves the “liminf” convergence. The detailed proofs are
available in Appendix B.

THEOREM 2. Under Assumptions 1, 2 and 3, if o' = 11(k +1)7% and By = 12(k +
1)7% for some 11,12 > 0 and some by, by satisfying by € (%, 1] and by € (2 —2b1,2b1 — 1),
then

liminf Aq(xk, pr, V f(xk), Bg; p) = 0, almost surely.
k—00
If we further assume that Assumption 4 holds, then
lim inf [Hpng + ||c(:ck)H2] =0, almost surely.
k—o0

Furthermore, let (A;:‘b , ,ui'”Z, ug"z) be the Lagrangian multipliers of Problem (2.7) at x;, with
full gradient V f (xy,), then
(3.5) likrgioréf HR(mk, Al usffz, ug‘z) H2 =0, almost surely.

On top of this result, we also aim to enhance this "liminf" convergence to "lim" con-
vergence by employing the least squares estimates of dual variables, rather than Lagrangian

multipliers obtained from subproblems. Given an iterate x, the Lagrangian multipliers can
be determined from the following least-square optimization problem

(3.6)

2
Jmin PO, o) = | V(@) + Ve(@) A=+ s+ 1 © (@ = O3+ 12 © (@ w3

s.t. 1 >0, 0 > 0.

The estimated optimal Lagrangian multipliers (A}, p ., 3 ;) corresponding to x, serve as
one of the feasible solutions of Problem (3.6) evaluated at x;. The detailed proofs can be
found in Appendix B.

THEOREM 3. Under Assumptions 1, 2, 3 and 4, ifozZ’”’ =u(k+ 1)_17l and By, = 1a(k +
1)7 for some 11,15 > 0 and some by, by satisfying by € (%, 1] and by € (2 — 2b1,2b; — 1),
then we have

(3.7 lim R(xp, Aj,, 17 1 5 1) = 0, almost surely.
k—o00 ’ ’

Practical step size selection. In line 10 of Algorithm 2, the step size «y, is chosen from the

interval that o, € [ Sl S QW}%} . By the definition of the adaptivity param-

Kvstprive’ kvrtprhve

trial __ Aq(@k,pr,V f(@x),Br,pr) ; ErVr : :
eter § < &' = IFAE and the step size oy, > e —— there is a potential
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(wk’ﬁk 7vf(mk)7Bk 7pk)
non-increasing strategy outlined in Equation (3.4) for the construction of the sequence {&j}.
To address this, we introduce additional flexibility in the upper bound of the step size selec-

risk of underestimation, i.e., £ < =

. This occurs especially due to the

: : : 2 : : : : trial _ __ &5k
tion by incorporating ¢v;. Defining a more aggressive trial step size aj® = et -
. . . . . §1«'ch gk'Vk 2 _
project the trail step size into the predefined interval oy tprres merkperes T @k | result
ing in
trial : trial EkVie 2
(3.8) ap = U if Xk < Kvft+pekve T %>
' P e g2 otherwise
rostonrve | Tk :

4. Asymptotic Normality and Convergence Rate. In this section, we further refine
Debiased-StoSQP (Algorithm 2) to Debiased-StoSQP-v2 (Algorithm 3) and show the asymp-
totic normality property, where Debiased-StoSQP-v2 (Algorithm 3) is asymptotically optimal
in Hajek and Le Cam’s sense, as shown in Equation (1.2). Compared with Debiased-StoSQP
(Algorithm 2), in Debiased-StoSQP-v2 (Algorithm 3), we provide detailed update scheme
for approximate Hessian matrix By, (as shown in Step 2) and dual variables (as shown in
Step 6). Note that Debiased-StoSQP-v2 is a special version of Debiased-StoSQP, therefore,
they share all properties developed in Section 3.

Recall that in Algorithm 2, the approximate Hessian matrix can be any bounded and
positive definite matrices. Here, to show the optimal local convergence of {x;} to a local
minimizer x*, the convergence of the approximate Hessian B}, to the exact Hessian matrix
V2f(x*) + 3 (A*);V2e(x*) is essential. Besides the update scheme for the primal vari-
able xj, in Algorithm 2, we must include extra updates for dual variables which are only
useful for the calculating the approximate Hessian matrix Bjy. More specifically, for the
current primal-dual variables (xy, Ak, ft1 1, 2,k ), the approximate Hessian matrix By, is es-
timated by

k r
1
Bk:% E V2 f(mi;¢) + E (Ai); Vicj(zi) | + Ay,
i1 =1

where Ay is a regularization matrix that guarantees the positive-definiteness of Bj. We also
include the averaging for the approximate Hessian to reduce the stochasticity and achieve
the almost sure convergence (see Lemma 4). We describe it as Step 2’ in Algorithm 3, since

it is a specific case of Step 2 in Algorithm 2. Let (ﬁk, /\z“b, ,ui‘fz, p§“2> be the primal-dual
solution of the SQP subproblem

1
. _T T
min p+ =P B
ﬁ%n i 2 kD,

st. Ope(xy) + Ve(xy) ' p=0, £<xp+p<u,

where gy, is the averaged gradient, as in Algorithm 2. Then the dual variables Aj 41, (1 g41, 42, k+1
are obtained by

Akl Ak >‘7{b — Ak
“4.1) Mg | = | g | Fon | B — Bk |,
M2 ket 1 M2k HZ‘?E — M2k

as in Step 6 in Algorithm 3. Note that the regularization matrix Ay, guarantees that the Algo-
rithm 3 is a specific case of Algorithm 2. Consequently, the almost sure convergence results
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established in Section 3 for Algorithm 2 are also applicable to Algorithm 3. The following as-
sumption requires that the LICQ condition, strictly complementary slackness condition, and
strongly convexity conditions, namely second-order sufficient conditions (SOSC), are satis-
fied at the local minimizer. This kind of local condition is commonly considered crucial for
analyzing local convergence behaviors, both in unconstrained and constrained optimization
problems [38].

Algorithm 3 Debiased-StoSQP-v2
Input: £ <z <wu,7,7€(0,1),0 € (0,1), p—1 >0, €p, ¢, € (0,1), p € (0,1), 0> 0, {Br =0 {7k o

1: for k=0,1,2,--- do

2: (Step 1.) 0;, = 1;

3:  while Qk with 6, is empty do

4: Gk. = Qk. -T;

5: end while

6 (Step 2'). Compute the estimated gradient gj, = V f(z,; i) and let

Gr=0k—1+ Br(9k — Gr—1);

7: Compute the positive definite approximate Hessian matrix By, i.e.,

kZ v f(®i56) +Z cj(mi) | +Ap,

where A is a regularization matrix that guarantees the positive-definiteness of By,.
8: (Step 3.) Solve the relaxed SQP Subproblem (2.7) with 8y, By, and gj., where the primal-dual solution is

denoted as (ﬁk,)\su ,usluz,u%uz)

9: (Step 4.) Let

e T T - .
. 0, if —g;. pp. — P Brpr >0, .¢ trial
W= e B T =y P il ok =Pkt
m, OtherWlSe; (1 + € )p OtherWISe;
10: Let
_ . ial
glral _ Aq(@p, Pry Gk Brpk) g £ = §—1 if &1 <EEY,
||ﬁk”% ’ k min{(1 — €¢)éx— 1,5“‘2‘1} otherwise;
. min _max| ._ EkVhe {9573 2].
1 Selectay € [affin, afiox] = [ 82 ok 4 2]

12: AL :min{ak,l/Gk};
13: (Step 5.) T4 =) + D

Abs1 AL AN, AN, X =y,
14: (Step6.) [ B1pt1 | = | Hix | o | Arig |, where | Apyg | = | K1} — K1k
B2 k1 B2k Apg i Apg g, P — pa

15: end for

ASSUMPTION 5. We assume that the generated sequence {xy} is convergent almost
surely to a strict local solution x*, where (i) LICQ holds for active constraints at x*; (ii)
strictly complementary slackness condition holds, i.e., (p}); > 0if (x); = (£);, and (p3); >0
if (z); = (w);; (iii) V2 f(2*) + > i_1 (A*);V2¢;(x*) is positive definite.

LEMMA 3. Under Assumptions 2 and 5, the followings hold:

1. pr — 0 almost surely, where py, is the solution of the relaxed SQP subproblem at x;, with
exact gradient V f (xy,) and the approximate Hessian matrix By,
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2. g — Vf(xg) — 0, almost surely;

3. there exist sufficiently sufficiently large K*, such that Z(xy, + pr) = Z(xx + pr) = Z(x*)
and J (xy, + pr) = J (x), + pi) = T (x¥), for k > K*;

4. (T, Mgy 1k, 2,k) — (27, X%, ], pud) almost surely.

We put the detailed proof in Appendix C.1. In Lemma 3, we show that: (1) the exact search
direction p; converges almost surely to zero, implying that the iterate x; approximately sat-
isfies KKT conditions; (2) the averaged gradients are arbitrarily close to the exact gradients
after a sufficient number of iterations, due to the updating schemes for the averaged gradients
and iterates; (3) the active and inactive sets of constraints can be correctly identified; and
(4) the primal-dual iterates converge almost surely to the optimal solution. By the correct
identification of active and inactive sets in Lemma 3, the KKT condition and the strong con-
vexity of the SQP subproblem further imply that pj, and py, are the solution of the following
equality-constrained problems, respectively:

“4.2)
pr=argmin  Vf(zy) ' p+ %pTka, pr=argmin g p+ %pTka,
PER pER
st. e(xy) + Ve(z,) ' p=0, and st c(z) + Ve(x,) 'p=0,
(xr+p)i = (£);, fori e Z(x"), (z) +p)i = (£);, fori € Z(x*),
(x +p)i = (u);, forie J(x*), (. +p)i = (u);, forie J(xz*).

Without the loss of generality, we assume that the relaxation parameter is unit according to
Lemma 2. The LICQ condition at «* also implies the LICQ at x;, when xj is sufficiently
close to «*. Then the KKT system of Problem (4.2) shows that

4.3)
Ap)]f By, Ve(mg) [~Izgx) 702 - —g1, — A Ve(y) + py g — pok
N k | Velay) 0 0 0 —c(zy)
[ Nl,k] T | | 7@ O 0 0 [k — l7(av)
[Bu2i] sy ) NGy 00 00 ekl
[Ap1klz- gy = = (1Kl (o) »
and

[Apz k] 7- ey = = [B2,k] 7 ()
under the almost sure convergence of primal-dual iterates and conditions in Assumption 5.
For the parameters and the step size, we only consider the case where the penalty parameter
pr. and adaptivity parameter &, become stable, and we let ag‘in =11(k+1)"" and ap™ =
t(k+1)7" +19(k+1)72%, where ay, € [, "], We denote the Jacobian matrix of the
(estimated) KKT system at x; and «* as

By Ve(@r) [~z T 70
0

- Ve(zy)! 0 0

k= T )
[I]j(w*) 0 0 0

and

V2 f(a*) + i ()i Viei(a®) Ve(@®) [Tz ] 732
o Ve(x*)T 0 0 0
= T s

[—IiI(m*) 0 0 0
[I] 0 0 0

J(xx)
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respectively. Let the core covariance (also the Fisher information matrix of the algorithm) at
x* be defined as

“4.4)
E[Vf(*;QVf(*¢)'] -V f(@)Vf(z*) 000
* x—1 0 000 *— 1 *—1 *—1
O"=H 0 000 H =H" " YXH" .
0 000

LEMMA 4. Under Assumptions 2 and 5, we have By — B* and H, — H* almost
surely, where B* := V2 f(x*) + Y1 (A*); VZ¢;(z*).

The proof for Lemma 4 can be found in Appendix C.2. According to the almost sure
convergence in Assumption 5, and Lemmas 3 and 4, we deduce that there exists a sufficiently
large integer K*, such that the active set of box inequalities remains constant. Specifically,
L(zk + pr) = L(zx + pr) = Z(x") and T (z + pr) = T (zx + p) = T (x*), for k > K*.
Therefore, we can equivalently consider the equality-constrained SQP subproblem as given
by Problem (4.2) for k > K*.

ASSUMPTION 6. Assume that the random gradient has finite third-moment, i.e., the con-
ditioned expectation

E [llge = V£ @) 131 Fi-1] = Ec [IVF(@a:¢) = V@) [31Fi-1] < Man,

for some M, > 0 and all x, in the feasible region {x : £ < x < u}. The Lipschitzness
of stochastic gradient holds, i.e., E [HVf(:c,C) — Vf(y,()”%] < IQQVfHSD — y||3 for some
Kvf > 0.

THEOREM 4. Under Assumptions 2, 5 and 6, and suppose that 11 > by if by =1, and
by > %bl, then

Tpy1 —x*
1 A1 — A d .
(4.5) 7amm [“17k+1 _ “ﬂz(m*) —)N(O,@Q ),
V ok [N2,k+1 - M;]j(m*)
and
(4.6) (11 k1 — 7] - (2*) m’" , ifbp <1,
' (2541 = B3] 7- () ’"”’ ) ifbr=1."

where

/2, ifb <1,
0:= 1/<2_7> if by = 1.

Sketch of proof: We start by decomposing the primal-dual variable

(Trr1 = 2% Ak = A% [0 k1 = B 7y > 201 = 12] 7))
into three terms Q1 1, Q2 and Q3 . Using the central limit theorem for martingale differ-

ence array, we establish that ﬁglk LN (0,00%). Under the given conditions, we
ay
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can further show the remaining two terms satisfying E [Q2 ;] = 0 ( agﬂn> and E[Q3 ] =

o) <, /a‘,?i“>. Then, the result is obtained by Slutsky’s theorem. Detailed proof can be found

in Appendix C.3.

It is a surprising and novel result that the algorithm with averaged gradients can achieve
asymptotic normality. Previous works [15, 42, 51, 70] studying the asymptotic normality of
algorithms mostly rely on the independence of gradients. However, the averaged gradients in
our algorithm are highly correlated. The key idea here is the introduction of two distinct step
sizes, with different decay rates for iterates and gradient updates. This can be regarded as a
“competition” between the iterates and the gradients. Specifically, for asymptotic normality
to be achieved, it is essential that the gradients converge faster than the iterates. This ensures
that the algorithm is driven by the most current and relevant gradients, contributing to its
effective performance. To the best of our knowledge, it is the first work establishing the
asymptotic normality for the algorithm with averaged gradients.

COROLLARY 1. Under Assumptions 2, 5 and 6, and let 11 =1, by =1, 19 > 0 and by €
(%, 1), then
Tpy1 —F
A1 — A
(141 — H’{]z(w*)
(2,641 — B3] 70

4.7) Vk L N (0,9%).

The asymptotic normality for M-estimators in Equation (1.2) establishes a lower bound
for stochastic algorithms in solving Problem (1.1), in H4jek and Le Cam’s sense [41, 72].
Our result in Corollary 1 complements this by demonstrating that the optimal local conver-
gence behavior of the primal variable is achieved, as characterized by the covariance matrix
Q2*. Here, considering only the primal variable x, our results in Equation (4.7) match Equa-
tion (1.2) by applying knowledge of block matrix inverse [69, Corollary 2.3].

A practical estimator of the covariance matrix. Here, we provide a practical plug-in
estimator for the unknown covariance matrix £2*. We then show that the estimator is con-
vergent to the exact one, and therefore, it can be adopted in analyzing the local behavior of
algorithms and conducting statistical inference. Let

(4.8) Q,=H, 'S H_ ",

where

-
1 k T 1 k 1 k
3= (Mzizogigi - (m Zi:ogi) (m Zizogi) 0) .
0 0

Observe that €2 can be cheaply calculated in each iteration, without additional sampling/es-
timation of gradients, since it shares the gradient estimate g; with averaged gradients g. The
estimator €2, for the covariance matrix €2* can be used as a surrogate to the exact matrix for
analyzing the local behavior of algorithms and conducting statistical inference. The follow-
ing theorem establishes the almost sure convergence of the practical plug-in estimator to the
exact covariance matrix. The proof can be found in Appendix C.4.

THEOREM 5. Under Assumptions 2, 5 and 6, and suppose that 11 > by if by =1, and
by > %bl, then X, — 3% and Q, — QF, almost surely.
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5. Experiments. In this section, we describe comprehensive experiments we have con-
ducted to demonstrate the effectiveness of the Debiased-StoSQP-v2 (Algorithm 3). Specif-
ically, we applied it to a variety of problems, including benchmark optimization problems
from CUTEst library [28, 31] as well as constrained regression problems. For regression
problems, we consider the linear, logistic, and Poisson models. Under the classical regres-
sion setup, we define (i, = ({3, ,Ca, ), Where (p, represents the k-th response and (g, the cor-
responding observation (attributes). In linear regression, the response is generated according
to:

-
G, = Cq, " + €k

where x* is the true parameter and {&y, } are i.i.d. noise terms. For logistic regression models,
we consider binary responses (;, € {—1,1} generated via:

1
~ l4exp (—Cbk -C(Ika:*) '

In the case of Poisson regression, the response follows a conditional Poisson distribution
depending on the observation, i.e.,

Chy, ~ Pois (A(Cay ), Where log(A(Cay)) = (g, 2™

For each of these models, we can define an objective function corresponding to the model
parameter x:

P (Cbk |Cﬂ'k)

1
linear models:  f(x;(x) = 3 (Cbk - (Ika:> ,
logistic models:  f(x;(;) =log (1 + exp <_Cbk . C;—k:c>) )

Poisson models:  f(x;(x) = (p, - C(Ikac — exp (C;w) .

It is straightforward to verify that x* is the optimal solution of the stochastic objective
f(x) = E[f(x;(;)]. Constraints on the model parameters  may be incorporated based
on prior knowledge or specific problem requirements. We also explore portfolio optimiza-
tion problems featuring exponential and logarithmic utility functions as the objective. In
terms of the hyperparameters, we fix them for all experiments. The step sizes are set
as v, = 1/(k + 1)%™! and By = 1/(k + 1)*?, which satisfy conditions in Theorems 3
and 4. Quadratic subproblems are solved by the ProxQP solver [4]." Implementation de-
tails are available as our supplementary code, which can be accessed at https://github.com/
yihang-gao/Debiased-StoSQP/tree/main/code.

5.1. CUTEst benchmark problems. The CUTEst library collects various types of con-
strained and unconstrained optimization problems for evaluating the performances of opti-
mization algorithms. We select a subset of the constrained optimization problems (e.g., HS
problems) from the library, and we artificially add noise to gradient and Hessian as follows:

* Gaussian noise: Let gx = Vf(xg,(x) be perturbed such that gp = V f(xk, (k) ~
N(Vf(zy),e(I+ee’)). Similarly, the Hessian is given by V2 f (zx, () ~ V2 f(z1) + E,
where E; j ~ N(0,¢). The noise level € is chosen from {1,107%,1072,1074}.

'In our implementation, we import the ‘gqpsolvers’ package from https://qpsolvers.github.io/gpsolvers/.


https://github.com/yihang-gao/Debiased-StoSQP/tree/main/code
https://github.com/yihang-gao/Debiased-StoSQP/tree/main/code
https://qpsolvers.github.io/qpsolvers/

AN OPTIMAL METHOD FOR CONSTRAINED STOCHASTIC OPTIMIZATION 23

* Student’s t-distribution noise: Let g, = V f(xx, (x) be perturbed by noise following a Stu-
dent’s t-distribution, i.e., g, = Vf(xk,() ~ Vf(xy) + s, where each entry s; ~ t(m).
Similarly, the Hessian is perturbed as V2 f(zxy, () ~ V2f(x}) + E, where each element
E; j ~ t(m). Here, t(m) denotes the t-distributional noise, m denotes the degrees of free-
dom, and m is selected from the set {3,4,5}.

We first conduct a comparison between the proposed Debiased-StoSQP-v2 (Algorithm 3),
ActiveSet-SQP [48] and StoSQP [20], where we evaluate each method by the KKT residual
in Equation (2.11) and feasibility error. For each algorithm and problem, we run 10° iter-
ations. Our empirical results indicate that the Debiased-StoSQP-v2 algorithm consistently
outperforms the StoSQP (without debiasing techniques), both of which adopt fully stochastic
gradients and Hessian. This superior performance can be attributed to our algorithm’s use of
gradient averaging. After a sufficient number of iterations, the averaged gradient approaches
the exact gradient, thereby approximating the behavior of deterministic algorithms.

In particular, as shown in Figure 1, we plot the difference between the averaged gradients
and the exact gradients during iterations, and the results validate our expectations and intu-
itions. The averaged gradients (the solid lines) move closer to the exact gradients, compared
with estimated gradients without averaging (the dashed lines). In contrast, StoSQP (without
debiasing techniques) lacks this beneficial property, and it suffers from oscillations brought
by the stochastic gradients. The ActiveSet-SQP, which uses a stochastic line search method,
necessitates an increasing sample size, and it employs a safeguard technique to ensure the
accuracy of the line search. Consequently, it requires a sufficiently large sample size to make
the line search practically effective. In contrast, Debiased-StoSQP-v2 requires only a single
sample to estimate both the gradient and the Hessian in each iteration. Therefore, it is unsur-
prising that ActiveSet-SQP performs better with higher noise levels. However, when the noise
level is relatively low, Debiased-StoSQP-v2 can effectively mitigate the noise through aver-
aging gradient, and it can achieve similar and even better performances than ActiveSet-SQP.
The visualized results are shown in Figure 2.

We next test the local asymptotic normality behavior of the generated iterates. For each
problem, we aim to estimate élTa:* and set the nominal coverage probability to 95%. Here,
the confidence interval is constructed by

1+ 196 /. 1+ 196 /.
|:d1 Ty — 7 Qg @ea:d]ﬂte[lzd}, gl T + 7 Q. Gea;d]ﬂte[lzd]] s

using the estimators and limiting normality results in Theorem 5. The performance of the
method in terms of asymptotic normality is measured by the coverage rate (CovRate) of the
confidence intervals and their average length (AvgLen) over 200 runs. The aggregated results
are summarized in Table 1. We observe that the constructed (95%) confidence intervals by
Debiased-StoSQP-v2 cover the true solution in probability closely aligned to 95%, thereby
empirically validating our theoretical derivations on asymptotic normality. From the table, we
note that the length of the confidence intervals tends to expand as the noise level increases, a
behavior which is in line with our expectations, as the covariance matrix £2* is dependent on
the Cov (V f(x*;()).

5.2. Constrained regression problems. Here, we implement Debiased-StoSQP-v2 algo-
rithm (Algorithm 3) on constrained regression problems, including both the linear and the
logistic regression. The response (p, is generated based on observations (g, ~ N (tta, Xa),
where the mean vector is set as p, = (1,---,1,—1,---,—1). We explore three differ-
ent choices of the covariance matrix, as in [15]: (i) Identity matrix, i.e., 3; = I4; (ii)
Toeplitz matrix, i.e., (2,);; = r/*~7! for some r > 0; and (iii) Equicorrelation matrix, i.e.,
(X4)i; = for all i # j and (3,);; = 1, for some r > 0. The true parameter vector of
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Fig I: Difference between the averaged gradients and the exact gradients on HS32 and FCCU prob-
lems. Solid lines: trajectories of gradient difference between the averaged gradients and the exact
gradients during iterations, i.e., |Gy, — V f(xy)||o. Dashed lines: expected error without averaging,
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Fig 2: KKT residuals and feasibility errors of Debiased-StoSQP-v2, StoSQP, and ActiveSet-SQP on
CUTEst problems.

both two regression models is configured as «* = (%, ‘e ,%, %, e ,ﬁ)T. We consider
the non-negativity constraints, denoted by 2 := {w 1Tx=12> 0}. In the linear regres-
sion problem, the noise ¢y, is sampled from & ~ N'(0,1). We aim to estimate é'x*, where
e=(1,---,1,—-1,--- ,—l)T, by constructing 95% confidence intervals.

We report the results in Tables 2 and 3, highlighting different settings for the Toeplitz
matrix and Equicorrelation matrix with » = 0.4,0.5,0.6 and » = 0.1,0.2, 0.3, respectively.
In each experiment, we run 200 times with varying random seeds to calculate the coverage
rate (CovRate) and the average length (AvgLen) of the confidence interval. Our results affirm
that the constructed 95% confidence intervals closely achieve a 95% coverage rate, thus em-
pirically validating our theoretical conclusions on asymptotic normality. Moreover, we also
observe that the average length of confidence intervals are in order of 10~2, matching the ex-
perimental results reported by Chen et al. [15] and Na et al. [S1]. The low standard deviation
of these intervals’ length relative to their average length suggests robustness across different
random seeds.

5.3. Portfolio optimization problems. Here, we investigate portfolio optimization prob-
lems using 30 portfolios selected from the Fama-French 100 Portfolios DataSet, subject to the
well-known gross-exposure constraint [26]: € := {@:1T@ =1,||z||; < c}, where we set
¢ =3, and where x denotes the weights for corresponding stocks. We consider four prevalent
portfolio optimization models:
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TABLE 1

25

The coverage rate (CovRate) and length of confidence intervals (AvgLen) for some CUTEst (constrained)
problems. The standard deviation of the interval length is also reported.

. Gaussian Student t
Problem  Noise Level CovRate(%) AvgLen Freedom CovRate(%) AvglLen
1E+0 97.0 2.50E-2 (7.73E-4) 3 86.0 3.77E-2 (1.90E-3)
HS41 1E-1 97.5 7.59E-3 (7.03E-5) 4 93.0 3.06E-2 (1.28E-3)
1E-2 97.0 2.40E-3 (8.69E-6) 5 94.0 2.79E-2 (9.25E-4)
1E-4 97.5 2.40E-4 (5.95E-7) 9 97.0 2.45E-2 (7.10E-4)
1E+0 94.5 1.87E-3 (6.82E-6) 3 96.5 3.18E-3 (1.66E-4)
HS65 1E-1 94.5 5.92E-4 (1.59E-6) 4 95.0 2.59E-3 (1.72E-5)
1E-2 95.0 1.87E-4 (4.96E-7) 5 95.0 2.37E-3 (1.11E-5)
1E-4 94.5 1.87E-5 (4.97E-8) 9 94.5 2.08E-3 (8.36E-6)
1E+0 97.0 2.31E-1 (4.85E-2) 3 95.5 3.00E-1 (1.32E-1)
HS68 1E-1 98.0 5.09E-2 (2.33E-3) 4 94.5 2.08E-1 (6.09E-2)
1E-2 98.5 1.58E-2 (2.23E-4) 5 95.0 1.81E-1 (5.07E-2)
1E-4 95.5 1.58E-3 (4.56E-6) 9 94.5 1.48E-1 (3.52E-2)
1E+0 97.0 1.95E-3 (1.44E-5) 3 94.0 3.34E-3 (1.23E-4)
HS71 1E-1 96.5 6.17E-4 (1.93E-6) 4 96.0 2.74E-3 (6.79E-3)
1E-2 96.5 1.95E-4 (5.20E-7) 5 96.5 2.49E-3 (2.51E-5)
1E-4 98.5 1.95E-5 (5.08E-8) 9 95.0 2.19E-3 (2.12E-5)
1E+0 94.5 3.49E-2 (3.17E-3) 3 91.0 5.04E-2 (7.56E-3)
HSS81 1E-1 97.0 1.13E-2 (4.77E-5) 4 94.0 4.21E-2 (3.51E-3)
1E-2 98.0 3.58E-3 (9.63E-6) 5 94.5 3.88E-2 (2.42E-3)
1E-4 98.0 3.59E-4 (9.22E-7) 9 95.0 3.43E-2 (2.10E-3)

TABLE 2

The coverage rate (CovRate) and length of confidence intervals (AvgLen) for constrained linear regression
problems. The standard deviation of the interval length is also reported.

Cov Matrix Dimension CovRate(%) AvgLen Dimension CovRate(%) AvgLen
Identity 5 93.5 3.73E-2 (1.74E-4) 20 92.5 4.00E-2 (1.33E-4)

10 96.5 3.91E-2 (1.47E-4) 30 92.5 4.03E-2 (1.53E-4)
A VR R T
Tepls0 s Somsaaes 0 a0 eseaeied
A R R
T S R 11 o B N
R S - it R R A {1k
R A 1 R

¢ Global minimum variance (GMV)

min a:TEac,
e,

where X is the covariance matrix of target stocks.

e Mean-variance (MV)

min —mTu +z' S,
e,

where p and X are the mean and the covariance matrix of target stocks.
* Exponential utility (EXP)

min E

xe,

oo (- (=)
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TABLE 3
The coverage rate (CovRate) and length of confidence intervals (AvgLen) for constrained logistic regression
problems. The standard deviation of the interval length is also reported.

Cov Matrix Dimension CovRate(%) AvgLen Dimension CovRate(%) AvgLen
Identity 5 96.5 4.46E-2 (7.97E-5) 20 94.5 5.87E-2 (7.13E-5)

10 94.5 5.87E-2 (7.13E-5) 30 93.0 7.34E-2 (7.90E-5)
R R
mens 5 n0 LeUENEST A e onenon
Tepliz06) ) gl SmpaamEs 0 o4s  7amasid
oy g SUEUZEN Xy mrione
BaiCor02 b g0 Somagwes 30 95 7asea(ond
BawiCom03) o oe0  Sosmaged %0 o3 759201094

where (g, is the observed price changes and 7 > 0 is a scaling parameter set to be  =0.1.
* Logarithmic utility (LOG)
min —E [log (mTCa + n)} ,
xe),

where (g, is the observed price changes and 17 > 0 serves as the regularization parameter to
ensure the feasibility of the logarithm, where we set = 15.

TABLE 4
Fama-French 100 Portfolios DataSet, 2021-2023

Model Return (%) Max Drawdown Sharp Ratio Sortino Ratio

EwW 15.10 0.22 0.73 1.15
GMYV (ours) 34.94 0.27 2.81 4.28
GMYV (det) 33.43 0.27 2.71 4.14
MY (ours) 42.21 0.28 3.36 5.09
MYV (det) 40.31 0.28 3.29 5.02
EXP (ours) 52.50 0.32 2.60 3.98
EXP (det) 51.85 0.31 2.55 3.86
LOG (ours) 54.86 0.33 245 3.59
LOG (det) 55.08 0.32 2.46 3.57

The exact mean, covariance, and expectations are inaccessible in practice. Instead, we
estimate the stochastic gradient and Hessian of the expected objective using available obser-
vations, and we apply Debiased-StoSQP-v2 to solve the problems. For the portfolio strategy
x, we use historical data from the past year as training samples. We assess the performance of
our portfolio strategies using four key metrics, calculated over the data from years 2021-2023:
the accumulative return, maximum drawdown, sharp ratio, and Sortino ratio. The accumu-
lative return captures the overall gain or loss of the portfolio strategy. The other three are
related to the risk of the strategy: the maximum drawdown measures the maximum observed
loss from a peak to a trough; the sharp ratio compares the portfolio’s return to its risk, taking
into account the standard deviation of the portfolio returns; and the Sortino ratio is a variation
of the sharp ratio, considering the standard deviation of negative portfolio returns. The results
are summarized in Table 4.
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Interestingly, we observe that the model of logarithmic utility achieves the best accumula-
tive return, consistent with the results reported by [22]. In terms of risk control, however, the
mean-variance model is more favorable. We also perform a comparison between Debiased-
StoSQP-v2 and the deterministic approach denoted as “det”. We found that the performance
metrics across the two methods are quite similar, suggesting that Debiased-StoSQP-v2 ap-
proaches deterministic algorithms because of the use of the averaging gradient and Hessian.

In Figure 3, we visualize the weights of two stocks as an example, evaluated by the expo-
nential and the logarithmic utility models. The blue line traces the trajectory of the weight
corresponding to the stock over time. This is accompanied by a blue band, which represents
the estimated standard deviation of the weight, as evaluated by the developed asymptotic
normality. The yellow line is the accumulative return of the stock. We observe a significant
correlation between the weight adjustments and the stock’s return trajectory. Notably, abrupt
changes in the stock’s return are promptly followed by widened blue bands, indicating a
surge in the estimated variance of the weight. This behavior matches well with intuition and
underscores the hypothesis that the variance of the weight may serve as an indicator of the
stock’s inherent risk.
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Fig 3: Weights and returns. Blue lines: the predicted weight for a specific stock in different months.
Blue bands: the estimated standard deviation of the weight, evaluated by the derived asymptotic nor-
mality results. Yellow lines: the accumulative return of the stock. The predicted stock weights are highly

correlated with the stock’s price. Abrupt stock price (return) changes shown by the yellow lines are
followed by widened blue bands.

5.4. Poisson regression: Chicago air pollution and death rate data. Here, we study the
relationship between different attributes related to air pollution (e.g., PM10, PM25, O3, SO2)
and time, with the death rate, by using Poisson regression. Let (, € R¢ represent the vector
of air pollution and time attributes, and let (;, € N denote the death rate. We model the condi-
tional distribution of death (;, given (g as a Poisson distribution: (;|Cq ~ Pois(A((q)), Where
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log A(Cq) = ¢, x* and x* is the true, but unknown, parameter vector for the Poisson linear
model. The unconstrained Poisson regression problem is formulated as

5.1) min  E[f(2:0)] =B, c) |6 Gz —e ()]

However, based on prior knowledge that air pollution attributes are likely to contribute to an
increase in the death rate, we impose non-negativity constraints on the corresponding weights
x. The constrained Poisson regression model is

min - E[f(2;¢)] :=E(, c.) [Cb Ca@ —exp (CJ‘”)} ’

s.t. x>0,

(5.2)

where B is the set of indices of weights corresponding to pollution attributes.

TABLE 5
Summary of Poisson regression (Model 1) on Chicago air pollution and death rate data

Variables Model  Coefficient (10°2) 95 % CI(10"2) p-Value

Model 1 0.42 [-0.57, 1.42] 0.396
PMI0 Ours 0.13 [-0.56,0.79] 0.371
Model 1 0.72 [-0.08, 1.52] 0.103
PM25 Ours 0.65 [0.02, 1.28] 0.023
03 Model 1 -2.97 [-3.70, -2.24] 0.000

Ours 0.00 active
SO2 Model 1 1.38 [0.58, 2.20] 0.001
Ours 2.08 [1.43,2.73] 0.000
Time Model 1 0.95 [0.17, 1.74] 0.008
Ours 1.13 [0.64, 1.63] 0.000
Interc Model 1 4.6968 [4.690, 4.704] 0.000
Ours 4.6974 [4.692, 4.703] 0.000

TABLE 6

Summary of Poisson regression (Model 2) on Chicago air pollution and death rate data

Variables Model  Coefficient (10™2) 95 % CI (10" 2) p-Value

Model 2 -0.86 [-1.82, 0.10] 0.062

PMI0 Ours 0.11 [-0.52, 0.74] 0.362

Model 2 1.37 [0.51, 2.23] 0.001

PM25 Ours 0.65 [0.01, 1.28] 0.022

S0O2 Model 2 2.06 [1.28, 2.84] 0.000

Ours 2.08 [1.42,2.73] 0.000

. Model 2 1.21 [0.53, 1.89] 0.001
Time

Ours 1.13 [0.64, 1.63] 0.000

Interc Model 1 4.6972 [4.690, 4.704] 0.000

Ours 4.6973 [4.692, 4.703] 0.000

We first consider the unconstrained Poisson regression model in Equation (5.1), including
all five attributes, denoted as Model 1. The estimated model coefficients and their confidence
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intervals and p-values are provided by the ‘statsmodels’ package in Python [64]. Surprisingly,
we observe that the coefficient for O3 is significantly negative, which contradicts our prior
understanding of the likely impact of air pollution on death rates. To address this issue, we
turn to the constrained Poisson model in Equation (5.2), solved by Debiased-StoSQP-v2 (Al-
gorithm 3). We also estimate confidence intervals and p-values using the derived asymptotic
normality. We list the results in Table 5. Remarkably, under the non-negativity constraints,
the weight of O3 is recognized to be active with the constraints, i.e., it is equal to zero. The
estimated model coefficients from the constrained Poisson model are more consistent with
our prior beliefs.

Next, we consider a reduced model that excludes the O3 attribute, denoted as Model 2.
We find that in this model, the weight for PM10 becomes negative, once again contradict-
ing our prior beliefs. Similarly, employing the constrained Poisson model and solving it
via Debiased-StoSQP-v2 (Algorithm 3), the weight for PM10 becomes positive, although
the significance level revealed by the p-value is not particularly strong. The results are re-
ported in Table 6. These findings highlight the importance of incorporating domain-specific
constraints in statistical models. They also emphasize the effectiveness of our approach in
addressing such constrained optimization problems.

6. Conclusion. In this work, we proposed Debiased-StoSQP and its refinement Debiased-
StoSQP-v2, fully stochastic Newton’s methods for solving constrained optimization prob-
lems. We include the averaging technique for both the gradient and Hessian, reducing the
impact of stochastic noise and improving the algorithm’s performance, compared to exist-
ing fully stochastic algorithms. We then established the almost sure global convergence in
terms of the first-order optimality (KKT) conditions. Furthermore, under certain mild condi-
tions, we developed the asymptotic normality for Debiased-StoSQP-v2 (Algorithm 3). This
is a particularly surprising and novel result since the gradients in Debiased-StoSQP-v2 are
highly correlated, in contrast with previous work that primarily relies on the independence
of gradients. We also provided a practical plug-in estimator for the covariance matrix. With
our results, we are capable of applying Debiased-StoSQP-v2 to perform online inference for
constrained optimization problems, as we have demonstrated with our empirical results.

While our algorithm Debiased-StoSQP-v2 has demonstrated promising results, there is
still potential for further investigation and improvement. Specifically, the current implemen-
tation and analysis require the exact solution of quadratic subproblems, which could be
computationally expensive. A possible extension of this work would be to explore the use
of inexact solutions for the quadratic subproblems, possibly implemented within the Rand-
BLAS/RandLLAPACK library [46]. A recent work by Na and Mahoney [51] employed sketch-
ing techniques to inexactly solve linear systems for equality-constrained subproblems. The
asymptotic normality behavior still holds for the StoSQP algorithm with sketching. It re-
mains an open question whether the global almost sure convergence and the local asymptotic
normality properties of Debiased-StoSQP-v2 are preserved when fast and inexact solvers are
adopted. Investigating these areas would help in developing a more efficient and versatile
algorithm, with broader applicability in constrained optimization scenarios.
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APPENDIX A: CONSTRAINTS RELAXATION AND DETERMINISTIC ALGORITHM

A.1. Proof for Proposition 1. We first prove the first part of the proposition that the
relaxation parameter is non-zero if EGMFCQ holds at the iterate. Define Zj, := Z(xy) :=
{i S [d] : (:Ilk)z = (f)z} and jk = j(mk) = {Z c [d] : (cck)z = (u)z}, then Ik N jk = @ and
we denote Ay := A(xy) :=Z(x) U J (xr) as the active set of xj. Suppose that zj, is the
vector satisfying Equation (2.4) at 3, and we simply let

e:=min {|(x — )], |(w —xp)i|,|(u—€);] i€ A, j € Ay} >0,

and
€

Zp = ——— 2.
[12kl2
Then, it is not difficult to verify that

ngk‘i’ikguv

and
(A.1) ——c(xg) + Ve(xg)z, =0,
[EAIP
which imply that z; € ﬁk with 6, = —=—. The following lemma shows that if ﬁk with

10 O = g The T
6 € (0,1] is feasible and 0 < § < 0, then €, with 0 is also feasible. It further indicates that
Assumption 1 on the lower-boundedness of the relaxation parameter makes sense.

LEMMA 5. If {p:f0cy +J/p=0}N{p: <z +p<u}l#0and0<0 <, then
{p:0cy+J]p=0}N{p: €<z +p < u} #0. Therefore, Assumption | makes sense.

PROOF. Suppose that p € {p : Oc;, + J,;'—p =0}N{p:£<x; + p<u}, then Oc;, +
J,/p =0 and thus, Ocy, + J! (5/§1§> =0.Let p= 9=/6_? - P, then Ocy, + J!p=0 and
£ < xj, + p < u, which complete the proof. O

LEMMA 6 (Theorem 3 in [60]). If & satisfies EGMFCQ, then there exists a neighborhood
B(x;7) :={x: || — &||2 < 7} with some sufficiently small radius 7 > 0, such that all points
in the neighborhood satisfy EGMFCQ.

LEMMA 7. Suppose that EGMFCQ holds at x, then EGMFCQ also holds at x; when
& is sufficiently close to &, for any sequence &, — &, by Lemma 6. Let Z be the vectors
satisfying Condition (2.4) at . Then we can always find a sequence of vectors {Zy. } with Zy,
satisfying Condition (2.4) at &, such that || zj, — z||, — 0 as ||z}, — ||, — 0.

PROOF. Since the vector 2z satisfies Condition (2.4) at &, i.e., c(&) + Ve(2)'z = 0,
by the smoothness of ¢(x) and the linear independence of columns of Ve(&), we can
find 2;, such that ¢(x;) + Ve(Zg) "2, = 0 and ||z, — 2|, — 0 as ||Zx — ||, — 0. Let
e :=min{|(2);| : (&); = (£); or (&); = (u);}. Due to the fact that A(xx) C A(Z), we have
(2K)i >0, if (Z); = (£); and (2x); <0, if (Xx); = (u);, when || 2, — Z||, <e.

O

LEMMA 8. Let 0y be selected in (0,1] such that the relaxed feasible region ﬁk is
nonempty with 0y but is empty with min{1.10y, 1}, and we can always achieve it based on
Lemma 5. If liminfy,_, o 0 = 0, then there exists an accumulation point x* of {xy} where
EGMFCQ does not hold at x*.
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PROOF. Without the loss of generality, we assume that limy_, . 0, = 0 and limy_, o, T =
x*. Let I, := inf{|| zx||2 : 2 satisfies Condition (2.4) at &} }. The construction of §; = m
in Equation (A.1) shows that limsup;_, ., {x = co. Suppose that EGMFCQ holds at =* and
let [* = ||z*||2 < oo for some z* satisfying Condition (2.4) at «*. It is a contradiction to
Lemma 7 as oo = limsup,,_, ., lx <1* < oo. Therefore, EGMFCQ does not hold at =*.  [J

EGMFCQ and its multiple variants are common in constrained optimization algorithms,
i.e., [11, 74]. According to the above proposition, EGMFCQ makes the relaxed SQP sub-
problem feasible. Instead of assuming the EGMFCQ at all iterates {xj }, which is difficult to
verify in real applications, a weaker and more explicit assumption (Assumption 1) is made.
Proposition 5 shows the reasonability of Assumption 1. To verify Assumption 1, as shown
in the deterministic SQP (RelaxedSQP, Algorithm 1), we first validate and adopt a feasible
Q, with proper relaxation parameters 6. If Q. is not feasible for small 65 below the prede-
fined tolerance, then xy is close to a point where EGMFCQ does not hold, by Lemma 1. For
completeness, we put the definition of LICQ here.

DEFINITION 2 (Linear independence constraint qualification (LICQ)). The linear
independence constraint qualification (LICQ) is satisfied at a point ®, if columns of
[Ve(E), Laz)| are linearly independent, where A(x) := {i: (x); = (£); or (); = (u);}
is the active set of inequality constraints at .

A.2. EGMFCQ and Boundedness of Lagrangian Multipliers. The following Lemma
9 shows that if the sequence {x } generated by the algorithm is convergent to a feasible point

x* satisfying EGMFCQ (Definition 1), then the corresponding Lagrangian multipliers of the
SQP subproblem are bounded.

LEMMA 9. If EGMFCQ is satisfied at  which is feasible for both the equality and
inequality constraints (i.e., c¢(&) =0 and € < & < ), then there exists a neighborhood
B(x;ro) :={x : || — &||2 < ro} with some ro > 0, such that the Lagrangian multipliers
of the SQP subproblems are bounded for all points in N (&; 1), under Assumptions I and 2.

PROOF. We prove it by contradiction. Suppose that there exist sequences {(Zy, By, A3, u‘l“z, u‘Q"Z)}

with Assumptions 1 and 2, such that £, — «,

(A, et b H2 — 00 and 11 < By, <
KoL, where Py, and (A, "%, 43'7) are the solution and the Lagrangian multipliers of the
SQP subproblem at I; with corresponding relaxing parameters 6, satisfying

Vf(@x) + Bipr, + Ve(@)AL® — B} + @30 =0,

Opc(@r) + Ve(@p) 'pr=0, £<Zp+pp<u,
(A2) pR (@ + P —£) =0,

asp (@ + pr —u) =0,

=0, pshzo
Note that the sequence { (A, ;151“2, [1,521]2) /1A, ﬂi“,g, ﬂ%“z)

loss of generality, we assume that (A, @53, 257/ H Aseb, /151”2, a5%) H (X, 21, fi2),

} is bounded. Without the

pr, — p and 65, = 6 (due to line 4 in Algorithm 1). Then dividing both two sides of the first
equality in Equation (A.2) by H (Akes 1 ks ﬂg,k)T H2 and taking the limit of & — oo, we have

(A3) Ve(Z)A — iy + jiz = 0.
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Moreover, the second equality in Equation (A.2) implies that
OXTc(z)=-A"Ve(z) p.
The third and the fourth equality in Equation (A.2) further shows that

il (@—€)=—pp and fi; (T —u)=—ji; p.
Combing with the above four equalities, we have
(A4) OX"c(2) 4+ 1] (€ — &) + fig (& —u) =0.

Note that 11 > 0 and fi; > 0, we can deduce from Equation (A.4) and ¢(x) = O that
(ft1) > 0 only if (&); = (€); and (fz2) > 0 only if (€); = (u);. The EGMFCQ condition
at & (Definition 1) implies that there exists p € R such that ¢(x) + Ve(z) 'p=0, (p); >0
if (2); = (£);, and (p); < 0 if (&); = (u);. Then —p' 11 + p" 12 < 0 if & is on the bound-
ary of the box constraints. Multiplying both two sides of Equation (A.3) by —@p, we have
0=—0p" (Ve(z)A— a1+ fi2) = Oc(2) "A+0p' 11 —0p ' fuz. Itis a contradiction to Equa-
tion (A.4). On the other hand, if & is in the interior of the box constraints, fi; = o = 0. To-
gether with Equation (A.3), the linear independence of the columns of V(&) shows A = 0,
which is a contradiction to the fact that ||(X, fi1, f12) " ||2 = 1. O

COROLLARY 2. [f all accumulation points of the sequence {xy} are feasible and sat-
isfy EGMFCQ, then the Lagrangian multipliers of the corresponding SQP subproblems are
bounded.

PROOF. We first show that the Lagrangian multipliers of the corresponding SQP subprob-
lems are bounded at all accumulation points of {x}}, denoted as X'. Note that the set X’ is
closed, any accumulation point of X’ is also an accumulation point of {x}.

Secondly, by Lemma 9, for a sufficiently large number My, > 0 and any point x} € &,
there exists r; > 0 such that the Lagrangian multipliers of the corresponding SQP subprob-
lems are bounded at « for any @ € U2, B(x};7;). There must be a finite subset of {x} }, that
is outside US°, B(x};7;) (otherwise, we can still find an accumulation point). We complete
the proof. 0

A.3. Proof for Theorem 1. The proof directly comes from the following lemmas. The
first lemma here shows that the directional derivative of the merit function is controlled by
the improvement Aq(x,p,V f(x), B, p).

LEMMA 10. Under Assumption 2, given (x,p,0, B,p) € R" x Ry x (0,1] x ST x R"
with Oc(x) + Ve(x) T p = 0, then the directional derivative of ¢(x, p) along p satisfies

¢ (z,p;p) = V(@) p—pblc(x)|?
(AS) <Vf@)Tp+ 50 B phllcta)]

= *AQ(mapa Vf(w),B,p)
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PROOF. We prove it by the definition of the directional derivative. Suppose that | V2 f(z)||2 <
M for some M > 0. First,

¢(x +ap, p) — oz, p)
=[f(x+ap) + plle(x + ap)ll2 — f(z) — plle(z)|2

v
<aVf(x) p+—La?|p|} + plle(x + ap)||2 — plle(@) |2

(A.6) 2
Ky
=aVf(@) P+ Ll +p (11— abl - 1) [e(@)ll: + S a? I}
Ky f+ Kve
=a (V@) p = pblle@)]:) + L a?|p|3.

On the other side, similarly, we have ¢(z + ap, p) — ¢(x, p) > o (Vf(z) "p — pb|c(z)||2) —

Kvfthve
2

o?||p||3. Taking limits for o — 0 and the definition, we have ¢'(x,p;p) =
V(@) p—pdlle(@)|l2 < —Aq(z,p, Vf(z), B, p). O

We incorporate a backtracking line search in the algorithm while [6] adopted Lipschitz
constant estimation for step size selection. We prove that under mild smoothness conditions,
the line search condition will be met after a finite number of search steps. Specifically, the
backtracking search loop is guaranteed to terminate within a bounded number of iterations.

LEMMA 11. The strategies in Equations (2.5) and (2.6) for py, guarantee that Aq(xy, p, By; px) >
o) Bipi + opibi|c(xy) |2 for some o € (0,1). Therefore, combining it with Lemma
10, we have that the backtracking line search condition ¢(xy + oppr, pr) < &(k, pr) —
BarAq(xk, pr, V f(xr), B; pr) always holds for oy, < %

PROOF. Equation (A.6) in Lemma 10 shows that ¢(xr + arpk, pr) — &(xk, pr) <
a (V (@) "pr — prbkllc(zr)|2) + "5 a2||py||3. Here, we let oy to be small enough
such that

KV f+ Kvye
. (V@) e = peille@n)ll2) + Lo pil3

Ry +/€v
< — apAq(xk, pr, V f(xk), Bi; pr) + %aiﬂpk\@

— BoAq(y, pr, V f(xk), Bi; pr),

ie., mak\\pkﬂz (1—B)Aq(zk, pr, V f (1), Bi; pi;). Here, we let 2555 q ||py |13 <
(1_7||p 13 < ? k:kak’ ie., ap < K(i;f,)fvl . In conclusion, the backtracking line
search condition holds when oy, < Kg;f?:; O

The next lemma demonstrates that if the Lagrange multipliers are bounded, then the
penalty parameter will stabilize. This result is crucial for the global convergence of the al-
gorithm, as convergence is only assured subsequent to the penalty parameter’s stabilization.
Specifically, once the penalty parameter stabilizes, the merit function’s convergence naturally
leads to the convergence of the iterates.

LEMMA 12.  Under Assumption 1, 0y, > 70 holds for all k =0,1,---. If we further as-

sume that Assumption 2 holds, then the sequence {py} is monotonically increasing and there
(1+E)MLag

exists a large enough K €7, such that pr=p>0forall k> K, where p< (o)t -
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PROOF. Under Assumption 1, it is obvious thz}vt 0 > 76 holds in our algorithm, for zlll
k=0,1,---. If there does not exist p > 0 and K € Z such that p = p > 0 for k > K,
accordlng to Equation (2.6), then there is an infinite sequence {k;} C Z; where p‘”al

pr,—1 and pg, = (1+4€)pj; wial Tt further implies that —V f () " py — Dy I Bipr <0and pmal

Vf((lﬁz) 9’: ’nj& kkﬁ’;p : by Equat1on (2.5). The KKT conditions for the relaxed SQP Subproblem

(2.7) show that there exist some (A, iy, u3'p) satisfying

Vf(@k) + Bipr + Ve(x) Ay — pilf + 3 =0,
ch(wk) + Vc(wk)Tpk = 0,
<z +pr<u,

HslubT(wk +pr—4£) =0,

(A.7)

pyR " (g + pr —u) =0,

ui“z >0 and ps“b >0.

Multiplying both two sides of the first equality by pj, we have

Vf(xk) " pr+ p Bipr = —pi V(i) Ay + pj pi'y — pfl p34
= A" elan) — piR (@ — €) + 3R (@ — )
<O e(zy) <AL lalle(@r) |2 < Miglle() 2,
where the first inequality comes from ;ﬁ“b >0, ;ﬁ“b >0, and £ < x;, < u. Then,
V f(zx,) " pr, +pf Br,Pr, My My,
(1 =0)blle(@)ll2 ~— (L—0)0k, ~ (1—0)70

However, pj, = (1 + G)pt,;al > (1 + €)pg,—1 implies that p, 1 — oo as kj — oo. It is a

(A.8) pr,—1 < Pt =

contradiction. Therefore, there exist p > 0 and a large enough K € Z, such that pr=p>0
(1+5)MLag D

for all k > K. Here, we can also conclude from Equation (A.8) that p < oyt -

PROPOSITION 1. If we suppose that all accumulation points of the generated sequence
{x} satisfies EGMFCQ, then limy, py, < oc.

PROOF. Suppose that limj,_, p, = 00, then we can find a subsequence {k;} C Z, such
that py,, > pi,—1 and py, = pr—1 for k ¢ {k;}. By the fact that

T T
trial _ Vf(il?kj) Di; +pkj Bkjpkj < MVfM&u + "@Mt?,u
[ = - ’
7 (1—0)0k, llc(zk,) |2 (1—0)70|c(zk,)]l2

we have lim;_, Hc(wkj ) H2 =0. By Lemmas 9 and 12, it is a contradiction. d

Proposition 1 shows the boundedness of the penalty parameters from the constraint quali-
fication perspective. More specifically, if EGMFCQ holds for all accumulation points of the
sequence {xy}, then the penalty parameter is guaranteed to be bounded. Given that we up-
date the penalty parameter by multiplying it by a factor greater than one, it follows that the
penalty parameter will eventually stabilize.
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LEMMA 13.  Under Assumptions 1 and 2, there exist sufficiently large Ke Zy and p > 0,
such that py, = p for all k > K and

B Byrraprlo o BB

Pk 13-
kv + Kve 2(kyy + kve)

(A9)  o(xk,p) — d(xpy1,p) >

PROOF. By Lemma 12, the penalty parameter pj, becomes stable when k > K for some
sufficiently large K € Z, i.e., pr = p for k > K. Next, we only consider the iterates when
pr. becomes stable. The backtracking line search guarantees that

(a1, p)~0(a111,9) = B Mt pu, @), B ) b (301 B + ol ).

By Lemma 11, we have o > % by the backtracking line search. Furthermore, by tfle
positive-definiteness of By, (i.e., By = «1I) and the lower-boundedness of 0, (i.e., 0 > 70),

together with the stabilization of p; (i.e., pr = p) and the lower-boundedness of «y (i.e.,
T(1 B)ka1

— KvstKkve

ag > ), we complete the proof for Equation (A.9). O

Proof for Theorem 1. It is a direct result of Lemma 13. Here, we only consider the case
where the penalty parameter p; becomes stable. By the boundedness of the feasible region
(i.e., £ < x < u) and smoothness of the objective and the constraints, we have that ¢(x, p) is
(lower and upper) bounded. Then Equation (A.9) implies that

6(1— TK,pTQO'
( : Zn ||2+ anugm

KV + Kve

which completes the proof for Equatlon (2.12). Conditions in Equatlon (A.7) show that
IV f(r) + Ve(@)AR® — pi + u37lls = |!kak||2 < r2|lpell2, 13} © (z = £)]2 <
T (@ — £) < My [pella and 152 © (@ — w)ll2 < " (w — @) < Mygg|[pil2. then
Equatlon (2.13) is straightforward.

A4. Proof for Lemma 2. Denote A* = A(z*) := {i: (x*); = (€); or (x*); = (£);} the
active set of inequality constraints at z*. Denote ¢ = min{(x* —£);, (u—x*);,i € A"~} > 0.
First, let z; be sufficiently close to z* such that ||z — z*||c < 7€, then min{(zy, —£);, (u —
)iyt € A} > %5. Since EGMFCQ holds at x*, there exists a vector z* € RY satisfying
Condition (2.4) at *. The fact that ¢(x*) = 0 further implies that we can scale the vector z*
by some constants such that

(2%); >0, if (z*); = (£);,
(Z*)Z' < 0, if (m*)l = (U)Z,
12%]loc < /2

By the smoothness of ¢(x) and the linear independence of columns of Ve(x*), we can
find zj such that c(ar;k) + Ve(zg) "2, = 0 and ||z — 2%[|c < §min{|(z*);] : (:1:*)Z =
(€); or (x*); = (u);} < ge as [l — *[|y — 0. Then |24l 0 < |2k — 2*[loo + [ 2*[|oo < e
(zk)i > 0, if (x*); = (£); and (2zx); < 0, if (x*); = (u);. Together with the fact that
min{(x; — £);, (u — @), € A7} > %5, we show £ < xj, + 2z, < u. Therefore, 0, =1
is always accepted if xy, is sufficiently close to x*.
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APPENDIX B: PROOF FOR THEOREM 2 AND 3

B.1. Some Technical Lemmas for Theorem 2. We first show that the adaptivity param-
eter will stabilize after sufficient iterations.

LEMMA 14. Under Assumption 3, there exists a constant £ > 0 such that &, = £ for all
sufficiently large k.

PROOF. Observe that the sequence {&; } is monotonically decreasing and &, < £x_1 holds
if and only if £ < &, and & < (1—€¢)&,—1. Suppose limy,_, oo & = 0, then it follows that
liminfy_, o &M = 0. However, the selection of pj, guarantees that Aq(zy, Py, G, Bk, pi) >
1P} Bipr, > % ||py||3, implying that &2l > 5L Tt is a contradiction. Therefore, we conclude

that limy,_, o, & > 0. ]

The following lemma is essential in our subsequent analysis and is extended from Lemma
A.3 in [51]. The results investigate the competition and reveal the asymptotic behavior be-
tween the two sequences {«y} and {S;}. Importantly, we observe that when {ay} decays
faster than {3}, the asymptotic behavior of terms described in the lemma is dominated by
the sequence {y }, resulting in the asymptotic normality of the generated iterates with aver-
aged gradient as studied in Section 4.

LEMMA 15 (Lemma A.3 in [51]). For two sequences {ay} and {By} satisfying oy, =
11 (k4 1)7% and By = 1o(k + 1)7% with 11,15 > 0 and by, by > 0, the followings hold

1. Deﬁneszif0<b2<1andxz—IZ—; if bo =1, then

kR

1 1
lim — > J] [ - aB)) Bici = ————,
kroo Ok S0 iSid1iet D1t X

where we require that Zfﬁ:l at + x > 0. Moreover,

k k l k1
dim 3 =37 T [J0- ) save ][ [] (01— ai) § =0,

i=0 j=i+1t=1 j=0t=1

forany b e R and e; — 0.
2. If0 < by < by <1, then

k k
lim — 1—o;)(1—055) o8 =1.
i ;jl}rl( i) (1= 5))

LEMMA 16. For two given sequence {ay} and {Bi} satisfying limg_,.o ap = 0,
limg o0 Bk = 0, and limy_, o ./ B, = 0, then

(B.1) lim E [|lgi — Vf(z2)[3] =0.
k—oo

Therefore, there exists a number M, > 0 such that
E|llgr - v/ (@0)l3) < M2,

under Assumption 3.
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PROOF. By the update scheme of gy, we have
gr — Vf(xr) =B (ge — V (k) + (1 = Br) (Gr—1 — Vf(@r-1))
+ (1= 8e) (Vf(xr-1) = V (k)
= Br (gk — V[ (@) + (1= Be) {Br-1(gr—1 — Vf (®-1)) + (1 = Be-1) (Gr—2 — V f(®r—2))
+ (1= Br—1) (Vf(wr—2) = Vf(r-1))} + (1 = Br) (Vf(@h-1) — V[ (k)

k k

=> | TI @=85) ] Bi(gi = V()
i=0 \ j=i+1
k
+ Z H 1—85) | (Vf(zic1) = Vf(xi))
=1 \j=1t
=W+ Ws.

Here, both W; and W, are random variables. By Lemma 15 and the fact that

|W2||2 < Z H 1 - 6_] aiflMK,ua

=1 \j=t

we have Wy — 0 as k — oo since limy_, oo o;—1/3; = 0. It follows that limy_, o E [gr, — V f ()] =
limg_, o0 E[W;] =0, since

E [ ]
2
k k
=S (I a-8)| 82 [lgi~ Vi@l
i=0 \j=i+1
k k 2
Sag H(l—[i’j) B2 = 0as k — oo,
i=0 \j=i+1

where the last convergence result comes from Lemma 15. Therefore, limy_, o E [H gr — Vf(xk) H%} <

2limy o E [HWl H%} + 21imy o0 |[Wal|5 = 0, which completes the first part of the proof.
The second result is straightforward since a convergent sequence must be bounded. O

The above lemma establishes the convergence of the averaged gradient to the exact gradi-
ent in expectation, by utilizing the asymptotic behavior of two sequences in Lemma 15. The
lemma not only assures us of the asymptotic validity of using gy as a surrogate for V f(xy),
but also offers a bound for their difference, lending confidence in the effectiveness of the
algorithm. Following this, the next lemma studies the perturbation robustness property of
the quadratic SQP subproblems and implies that the solutions are Lipschitz continuous with
respect to the gradients. Consequently, the fact that the averaged gradient is asymptotically
convergent to the exact gradient implies that the Debiased-StoSQP is arbitrarily close to the
deterministic algorithm after sufficiently many iterations. This constitutes one of the most
significant advantages of Debiased-StoSQP, employing averaged gradients, over other fully
stochastic algorithms [6, 20].
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LEMMA 17. Suppose Assumptions I, 2 and 3 hold, then
(B.2) 1Bk — Prlly < 51 llgr — Vi (i)l
and
Ey, D1 — prlly < 51 Ex llge — Vf(26)ll5 -

PROOF. The relaxed SQP subproblem at x;, with the averaged gradient g; can be written
as

1 1= 112
min — ||p+ B, "gi
win 5 o+ B0,
which is a convex-constrained quadratic problem. The variational inequality implies that

(pr — P, —By ' g — Pr) g, <0.

Since py, is the solution of the relaxed SQP subproblem at x;, with exact gradient V f(x),
we similarly have

(Pr. — Pr, — By, 'V f(xk) — pi) g, <0.
Summing up the above two inequalities, we have

0> (py — Pr. — B}, 'gr, — Px + B, 'V f () +Pi)p,
(B.3) = |lpr — rll’s, + (Px — Pr-Gr — V£ (k)
> |k — Pl B, — Pk — Prlly - 11Ge — V.F (i)l -

Note that ||pg — ﬁkHQBk > K1 |lpk — ﬁng, combining with Assumption 3, we complete the

proof. O
LEMMA 18. Suppose that Assumptions 2 and 3 hold, then

(B.4) Ey H(Vf(mlc) _gk)TﬁkH < Mo Mgy,

(B.5) Ey va(l‘k)Tpk - Q;ﬁkH < MgMg + 2 (Myy + My) My,

and

(B.6) Ex ||l Bupe — pi Bupe|| < 267 koMM,

PROOF. The first relation is straightforward since Ej[||gr — V f(xx)|,] < M, and
|Pr|l2 < Mp . By triangle inequalities, we have

Eg HVf(CBk)TPk - g/;rﬁkH
—Ey | |(V/(@0) ~ 9) " P+l (o1 — 1)

SMUME,u +2 (MVf + MO’) Mﬂ,u,a

and
Eg Hp;kak — ﬁ;—BkﬁkH

=E;, H(Pk —px) By (pi +251<:)H

<260 My o B [||pr — Prll] < 267 k2 My o, M,y
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LEMMA 19. Suppose that Assumptions 1, 2 and 3 hold, then
Ex. [|Aq(zr, pr, V (zk), Br; k) — Aq(xk, Prs i B px) ]

(B.7)
<MyMpy+2 (Mg + My) My, + K7 o Me o M.

PROOF. Note that Aq(xy, pi, V f(z), Bi; pi) = =V f(@x) " pr.— 5p;, Brpr+pibil c(xr) |2,
where the last term pr0y || c(xk)||2 is independent of V f (zy,) and py. Using results in Lemma
18, we have

Ex [|Aq(xr, P, V f(xk), Bi; pr.) — Aq(Tk, Pr, Gies Br; pr)|]

|

T 1 _ _
<Ej H—Vf(wk)Tpk + g;pkH + iEk szkak - p;—BkPkH

2 2

- 1 1_ _
=Ej, H ~Vf(zx) pr+ gy Pr. — =P}, Brpr + by, Bk

SMaMl,u +2 (MVf + MO’) Ml,u + RI1K2M£,uMa~
J

LEMMA 20. In line 10 of Algorithm 2, the step size oy is selected from the interval

min , max) .__ 500 Sk Yk 2
[ak » O, ] T [va+PkNvC’ Kvtprkve + Qr}/k]’ then

(B.8) Ej {akvf(wk)—r (Pr — pk)} < 0ViMy ki "My + "By, [Vf(wk)T (P —Dpr) | 5

under Assumptions 2 and 3.
PROOF. Denote the event Cj, = {V f ()" (pr — pr) > 0}, then
Ey, {akvf(ick)T (Pr — Pk)]
=Ei [auV S (@) (Br— i) G| + Ex [uV (@) (B — i) I
<aP By |Vf(@p)" (B — i) G| + ol Ex [V (@) (B — pe) ICE
—a B | V(@) (B = i) + (0™ = af™) B [V (@) (B —pe) 1G]

<af"Ej {Vf(wk)T (Pr — Pk)} + 0V My iy M,
O

LEMMA 21.  Under Assumptions I, 2 and 3, if S0k =0 D opeo 7}3 < 0o and
ZEO:K a"E [Pk — Prll5) < o0, then

(e.)
(B.9) Z " Ag(xk, pr, V f(zr), Br; p) < oo, almost surely.
k=K

It further implies that

(B.10) likm inf Aq(xk, pr, V f(xy), Bg; p) =0, almost surely.
—00
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PROOF. We only consider the case when pj, and § becomes stable, i.e., pr, = p and § = £
for all £ > K. It follows from Assumptions 1, 2 and 3 that

(B.11)
Ex [0(xri1,p) — O(Tk, P)]

=B [f(@r + cwpr) — f(@n) + p(lle(@r + carpr) |, — [le(@r)]])]

- K c
<Ey [nV (@) P+ L aflpell3 + 5 [e(@n) + aeve(@n) B |, — le@i)ll, + S ad Ipel3)]

=Ey |axVf(zx) " Pr — by |lc(xr)|, +

Kvf =+ pEve o2
AT

[ _ _ Kv f + pEve

| ox V(@) e+ 0 @n) (B~ pr) — awple elwr)lly + " o krb]
I _ « _ K + PRV,

Bl |~k Aq(@r, pr, VI (@0) Brop) — Spf Bupe + anVf ()| (o= pi) + "0 p kuz]
: . )

<Ey | —arAq(zk, pr, V f(zk), Bi, p) — %p;kak +axVf(z) " (Pe — pr)

1 _ - _
+204k’YkACJ(ka,Pk7Vf(wk%Bk,P)] ,

=E, [<_04k + ;ak7k> Aq(xy, . V f(@k), Br, p) + oV f () " (Br — pr)

1 _
+§ak”yk (AQ(m/wﬁkvvf(mk)aBkaﬁ) - AQ(wkvpkavf(wk)kavﬁ)) )

where the last inequality comes from the selection of £ and ay, in lines 10 and 11, respec-
tively. Without the loss of generality, we assume that 7 < 1 and continue from Equation
(B.11),

Ex [¢(xkt1,0) — d(Tk, D))

1 . B : _ _
<Ej [—201?1’]&41(331@,1% Vf(wk)7BkaP)] + My o™ By, [||Pr — Prllo) + 0vi My pri* M,

1
+2a X (Mo M + 2 (Mg + My) Me o + 157 k2 Mp o M,)

where the inequality is due to Lemmas 19 and 20. It further implies that

Be [é(ersn.p) — min oo )1

K+K

1
<é(zk,p) — in é(=, p) Z "By [Aq(xk, pr, V [ (1), Bk, p)| Fr-1]
2 =
(B.12) K+K K+K
+ Mgy > oy (1P — Prlly [Fe1] + oMy iy My Y i
k=K k=K

K+K
(MgMe +2 (Mg + My) M + 57 kaMeu M) > o™y,

l\')M—t
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Since > 72 (72 < o0, oz?‘“ = O () and af*™* = O (yx + 7). we have 27 ) Py, < co.
Note that E [>"72 z o "Ey [|pr — Pk |, \]—“k,l]] =20 g MK [||pg — pilly) < oo shows
that > 72 - aP"Ey, [||pr — Prllo | Fr—1] < 00. We conclude from Equation (B.12), the step
size '™ = O (), the assumption Y oz &M Ey [||pr — Pk |y | Fk—1] < oo and Robbins-
Siegmund theorem [59] that Equation (B.9) holds. Moreover, since Y ;- , v = 00, together
with Equation (B.9), we obtain Equation (B.10). ]

B.2. Proof for Theorem 2. Note that although {v} is the pre-defined sequence in the
algorithm, the only difference between «, and +; is a constant. Therefore, o™ = ¢1(k +
1)~! implies that 7, = ¢3(k + 1)~! for some ¢3 > 0. For simplicity, we directly discuss the

behavior of the sequence related to a?i“ rather than ;. We need the techniques and notations

in the proof of Lemma 16, where all conditions are satisfied and E {Hgk -Vf (mk)||§} <
9F [leug} +2F [ngug} . In details,

2

k k
E[jwili3] = -2 | ITa-m B8 [lgi — V f ()]
1= J=i+
k k 2
<o;> | 11 =80 | B2=00.
=0 \j=i+1

by utilizing Lemma 15. Similarly, for |||, we have

ko[ k
IWall, < Mewd | [T = 8)) | o = O (ai™/By).
i=1 \j=i
Therefore, we conclude that E [||gi — V f () [l5] < O (Bk + o™ /B). Since ™ = v (k +
1)~ it is not difficult to verify that 3% = o™ E [||py — pi|,] < oo, if b1 + %2 > 1 and
2b1 — by > 1. We equivalently require that by € (2,1] and by € (2 — 2b1,2b; — 1).

B.3. Proof for Theorem 3. We first show that the Problem (3.6) is convex and then the
corresponding solution (A}, pt] ., ugk) is well-defined. The stability of quadratic problems
in Lemma 23 is an generalization of Lemma 17.

LEMMA 22.  Problem (3.6) is convex, i.e., the Hessian matrix V2 F (X, 1, p2; ) is pos-
itive semi-definite for any x, A, @1 and po.

PROOF. The direct computation of the Hessian matrix for F'(\, o1, po; @) is
(B.13)

2Ve(z) ' Ve(x) —2Ve(x) 2Ve(x)
V2ZF(A, p1, po; ) = —2Ve(z)" 2T + 2diag ((:c - £)2) —2I
2Ve(x)" —2I 21 + 2diag ((a: — u)2)

For any vector w = (w1, w2, w3) € R" x R4 x R%,
w VPF(A, g, po; 2)w = | Ve(@)wy — wy + ws[5+|(z — £) © w5 +]|(z — u) © wsl|3 > 0.

Therefore, Problem (3.6) is convex. ]



46 NA ET AL.

LEMMA 23 (Stability of Quadratic Programs, Theorem 2.1 in [21]).  For two constrained
strongly convex quadratic problems

, 1
y*€ming y+-y' Qy,
yeA 2
and
1
y* eming 'y +-y' Q'y,
yeA 2

where the feasible region A is convex. Suppose that max{||y*|y,[|[y**||,} < M, for some
My, > 0. Ife=max{|g—d'|l,,|Q — Q'|l5} and both two matrices Q, Q" are positive defi-
nite with v1I < Q, Q' < vs1, for some 0 < v1 < vo. Then, the following holds

ly* —y™y < 6Ul_1 (1+M,).

LEMMA 24. Under assumptions in Theorem 3, we have

lim F(AL, g i 5 s k) = 0, almost surely.
k—o00 ’ ’

PROOF. Denote (A}, 'y, ') as Lagrangian multipliers of the relaxed SQP subprob-
lem at x;, with full gradient V f(x,). It follows that

sub sub , sub

* * * s S S 2 3 . )
F(Np 117 gos 15 5 ®x) < F®, 130, 3 ) < | Biprlly + |5 © pr|;, + || 5% © prl],
< (K/Q + 2MLag) Hpng’
then

liminf F'(AL, g1 g, 1315 ®k) = 0,

k—o0

by liminfy o ||pk||, = 0. Suppose that lim supy,_, . F'(A}, 15 1, 43 s k) > 0, we can find
a sufficiently small number ¢ > 0 and two infinite sequences {m;} and {n;} with K <m; <

n;, such that
€
oS
Ez—f—MLag
pell, > c for m; < k <
Dillo = 52+MLag7 A %

Note that we can always achieve it due to the following derivation

F(A:’L17l"l’>{,m17l’l’z7m17$ml) > 287 ”an

and

(B.14)
FONE, w* o, pul ) = ' F(\ -
(N> 11 o> 13 15 T ) R (A, p1, p2; )
. € 9

< F(\ : I

_er_;giﬁo{ ( ,ﬂlaﬂ2a$k)+6MEag IC 7H17M2)||2}
g 2

S PR, pS%, w37 ) + e O, 3%, 5 |15
Lag

< 1Bl + [tk ol + sk o mul + 5
19

< (FLQ + 2MLag) Hpk”g + 9
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Here, F(A},.s 47 1,5 M5 1, i Tm,) > 2€ automatically implies that ||py,, [l, > /m.

Since liminfy,_, oo ||k, = O, there must exists n; > m; such that ||y, [l < | /+ +€MLag‘ Let

F(X pr, ;) = F(X, 1, po; ) TN o1, p2) 5 -

L€
2
6]\4Lag

It also implies that ﬁ(}\*m*,u’{*m,u’g*m,mm) > 2¢ and ﬁ(}\,ﬁ*,u’{*n,ug*n,mn) < (k2 +

2 _ 2"
2Myag) [P, ll3 + 5 < 5e. where (Njr, pui%,, , 15%,,) € Miny 1, >0,,50 F(A, 1, p2; 2,
and (A}7, pi%, 5 w57, ) € Miny >0 4, >0 F/(A, 1, p2; @y, ). Note that the function F(X, py, po; )
is strictly positive-definite with

€

6MEag

< Hwﬁ(x,m,m;m)HQ <2 (M2, +4MZ, +2M}, +4).

For simplicity, we denote wy, = (A}, 3%, pu3%.), then

€ 2 ) ~ , €
6M2_ < F ) < M, €
GMEag Hwk‘HQ — A,MIZH(%,I/ILQEO (>\;N17M2,-’13) ~ (K,Q -+ Ldg) HpkH2 + 2’
and thus
6MP,, (K2 + 2My ) M}
(B.15) w5 < \/ 8 - © oy 3Mag,
for all k € N.

We first write F'(\, g1, fto; x;) into the general quadratic form that

- 1
F\ p1, pos ) = |V f (k)5 + qf w+ QwTka,

where
2Ve(xy) "V f ()
ar = —2V f(x)
2V f(xk)
and
2Ve(xy) ' Ve(zy) —2Ve(xy) 2Ve(xy)
Ou=| —2Vel@)T 2 +2diag <(xk —£)2) _of LS
2Ve(ay) T —or 21 + 2diag (w4 — u)?) OM e

The smoothness of the objective f(x) and the constraints ¢(x) show that

lGr+1 — Gkl <2(kveMy s+ Myekvs + 26v¢) || g1 — k|5

(B.16)
<2(kveMyvy + Myckvy + 26vy) Mpyory,
and
BAN 1Qk+1 — Qilly £ 4(Myckve + 2rve +2Mp ) |Tri1 — x|y

<4 (MVCK/VC + QHVC + 2MZ,u,) ME,uak~
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Then

() *ok ok
F()‘k-i-lv K1 k415 2 k415 Tpy1) — ()‘k 1Y) o oy ko wk)‘

1 1 9 9
< q;+1wk+1 + iwlcT+1Qk+1wk+1 - ql;rwk - iwkTkak + ‘va(fnlﬂ-l)”z - va(fﬂk)Hz‘
T T T L T
S D1 Whet 1+ S Wip 1 Qi1 Wit 1 — G Whet1 — 5 Wei1 QrWiit

1 1
— g, wii1 + §’w;;r+1Qk’wk+1 — g wy, — i'wl—quk'wk + )||Vf($k+1)\|§ - ||Vf($k)||§’

1 2
<wrgillo llgre1 — qrlly + 3 we1ll5 |Qr+1 — Qklly

1
+llaxlls [werr = willy + 5 lwiallz [ Qklls werr — will,

1
+ 5 lwillp 1Qkllz lwrrr — willy + IV F(@r41) = V@)l (IV f(@rra)ll + 1V F (@0)]2)-
Using Lemma 23, Equations (B.15), (B.16) and (B.17), and Q > 6M2

|wis1 — will, = O (%), where we omit some universal and uncritical constants. Com-
bining it with Equations (B.15), (B.16) and (B.17), we have

I, we have

o[y *ok ok T )Rk kk *k Qg
’F()‘k:-i—lv“1,k+17“2,k+17mk+1) — F(A 1 1575 k) | < MF?27

for a universal constant M > 0, where the constant is independent of g, k and €.
Therefore, it follows from the above inequalities and our construction of the sequences
{m;} and {n;} that

1 ~ ~
n;—

1
< 3 PO i b ) = PN 81 05 45 20)

k:mi

(B.18)

n;—1

< Z MF%-

k=m;
Summing up both two side from 7 = 1 to oo, we have

oo n;—1

o3 i3 Y o

=1 k=m;

However, ||pg ||, > v/ 7t M - for m; <k <n; — 1, which further implies that

0o Mn;— oo n;—

3 Z < et Mo 57 Z a2 < 2 Mg z o Ipell3 < .

i=1 k=m; =1 k=m;

It is a contradiction. Therefore, we complete the proof that hmk_>oo F (/\k, I s S i XE) =
0.

LEMMA 25. Under assumptions in Theorem 3, we have

lim c(xy) =0, almost surely.
—00
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PROOF. The proof scheme is similar. For completeness, we provide the details here. Sup-
pose that limsupy,_, . [[c(z) ||y = 0 but liminfy ., [|c() |, = 0. Then we can find a suf-
ficiently small number £ > 0 and two infinite sequences {m;} and {n;} with K <m; <n,,
such that

HC(.’L‘mz) |2 > 257 Hc(wm) ‘2 <&,
and
le(zk)|ly > €, form; <k <n,.

It follows from the definition of the sequence that

e < le(mm,)lly = lle(en,)ll,
n;—1
<3 lle@r)lly = lle(@ir)lly
k=m;
n;—1
<Y le(xr) = e(@pa)ll
k=m,;
n;—1
< kMg Z ay, forallieN.
k=m;

Multiplying both two sides by € and by the fact that ||c(xy)||, > €, for m; < k < n;, we have

e2 < keMgy, Z ag ||e(xy)||,, forallieN,

k’:mi

which implies that oo < 32°°, S0y [le(zp) [l < S50 & ai lle(zp) ||, < oo. Tt is a con-

o . k =M
tradiction. UJ

Combining with Lemmas 24 and 25, we finish the proof for Theorem 3.
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APPENDIX C: PROOF FOR THEOREM 4

C.1. Proof for Lemma 3. We proceed by prove each of the four conclusions in turn.
C.1.1. Proof for Conclusion I. Note that

_ 1
pi €argminVf(zy) p+ =p' Byp,
PEQ 2

where Qi = {p: c(x) + Ve(xy) 'p=0}N{p: £ <z +p<u},and let
. « 1
p* cargminVf(z*) 'p+ Sp' Bip,
PO 2
and
) 1
p; €argminVf(z) p+ ipTka,
peEN*
where Q* = {p: c¢(z*) + Ve(z*) 'p=0} N {p: £ < x* + p < u}. Lemma 23 shows that
Py, — p*|l, < C'|lxp — z*||, for some C' > 0, since both pj; and p* are bounded by My ,,. In
the next part, for simplicity, we use the same notation C' to denote some universal constants.
We slightly rewrite the formulation for py, and pj, that
1

2
- I,

Py € arg min
PEﬁk
and
1

2
- I,

Py, € argmin
peQ
where Q) = {p+B,;1Vf(mk) :pEQk} and Q* = {p+B,;1Vf(:1:k) :pGQ*}. Then
|px — Pill, = ||Pr — Pjll,- By Proposition 3.1 in [21] and results in [37], there exists
p* € O and p) € Qy, such that Hﬁ*l—f’kHBk < Cllzy — x*||, and Hﬁjﬁ—ﬁkHBk <
C||xx — x*||, for some C' > 0, then
1555, < 67| 5, < 1Pkl g, +C llzr — 2",

and

|}, |Bk <lpillg, +Cllzr — x5

Equipped with the above inequalities and the optimality condition that (p;,p* — p;) > 0,
we have

1Pkl B, <

P[5, =12+ 5" =i,
= 1855, +2 (B0 —Bi) + 57— piy,
> 1Bill5, + |57 — Bil|, -
Therefore,
B —pil[5, < 1675, — 15515,

=" = Br + Br 5, — IBE I,

<

~ ~ A ~ 112 ~x (|12
D" — Pl g, 1Pkl g, + [BxlB, — 19415,

P~ pill, +2

P — Py

<||p* — pul[, +2

<Cllar — a7y,

|5, I1Bell s, + 1Bkl 5, = lI%] 5, | (1] 5, + 1Bkl 5,)
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for some C > 0. Thus

~ A ~ ~ A ~ 2
1B — Bills, < ||Px — 57 + 5" — P[5,

(C.1) <2||px — || +2

Y ~x |2
b —Dpi ’Bk,

< Oy — x|,

for some C' > 0. The facts that ||p, — pj ||, = ||Pr. — Pill, < C/||®r — *||5 and ||p; — p*|, <

C||lxr — x*||, show that ||py — p*||, < Cy/||xk — x*||, for some C' > 0. Note that p* =0
for any positive-definite matrix By, since x* is a local solution of Problem (1.1). We complete
the proof as xj, — x* in Assumption 5.

C.1.2. Proof for Conclusion 2. 'We revisit the definition of g and have that
gr — Vf(wr) =B (ge — Vf(xk)) + (1 = Br) (Gr—1 — Vf(Tr-1))
+ (1= Br) (Vf(@p-1) = V f (k)
=Bk (gr — Vf(xr)) + (1 = B) {Bk-1 (g1 — Vf(@—1)) + (1 — Br—1) (Gr—2 — V f(zx—2))
+ (1= Br1) (Vf(@r—2) = VI (@r-1))} + (1= 5r) (VI (@r-1) = V(@)

k k
=> | TI @=85) ] Bi(gi = V()
=0 \j=it1
I
+Z H(l = B5) | (Vf(zi-1) — Vf(x;))
i=1 \j=i
=Wk + Wak.

Here,

ko[ k
[Waklly < Z H(l —Bj) | @ic1Meu,

i=1 \j=i
then Wh ,, — 0 as k — oo since limy_,o o;—1/3; = 0. We apply Theorem 4.4 in [34] with

7=2,6(k) = La==1/2and X = (T _ppa(1 = Bi)) B/ (VERRY2) (g1 =V (@1))
for any sufficiently small € > 0, as well as the Borel-Cantelli Lemma that the martingale dif-
ference array satisfies ||W; ||, — 0, almost surely.

C.1.3. Proof for Condition 3. 'We will show that there exists a sufficiently small £* > 0
such that if ||gk - Vf(mk)Hz <e*, I(:Ek +]§k) = I(a:k + pk) and j(mk + ﬁk) = j(mk +
pr) hold. The almost sure convergence of g, — V f(x)) implies that ||gy — V f(xy)|y <
£* holds for some sufficiently large k > K*. Let (A, ui"p, p3'0) and (AP, @'y, a3'p) be
the Lagrangian multipliers of the relaxed SQP subproblem with the full gradient V f(xy)
and the stochastic averaged gradient gy, respectively. Let (A*, uf, pu3) be the Lagrangian
multiplier for Problem (1.1) at * and denote ¢ = min{{(p}); : ¢ € Z(x*)} U {(pd)i : i €
J(x*)}} > 0 due to the strictly complementary slackness condition. Since py is the optimal
solution of the strongly convex quadratic SQP subproblem, the KKT condition shows that
V f(xk) + Brpr + Vc(azk))\;“b — u]“z + u%‘jz = 0. Taking k — oo (xp — «* and p; —
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0), it follows from the LICQ at x* that (AZ“b, ,ujuz, ,u%“i) — (A", ], p3). So there exists
sufficiently large K* > 0 such that (p3"%); > 3¢ for all i € Z(z*) and (p'h); > 3¢ for all
i € J(x*). Therefore, x) + py, has the same active and inactive set as «*, i.e., Z(xy + pr) =
Z(x*) and J () + pr) = J (x*). Denote ¢’ = max{(x* — £);, (u —x*); :i ¢ Z(x*) and i ¢
J(x*)}. When K* is sufficiently large, we have max{(xy + pr — £)i, (u — T, —pg)i: i ¢
Z(z*) and i ¢ J(z*)} > 3¢'. Lemma 23 shows that ||p, — pi|l2 < (1 + Mpy)r; 'e* under
the assumption that ||gr — V f(zr)||2 < &* when k& > K*. If ¢* is sufficiently small such
that (1 + My, )k; 'e* < L¢/, then max{(zx + pr — £)i, (u — T — Py)i 21 ¢ Z(z*) and i ¢
J(z*)} > 3¢
The LICQ condition implies that columns of [Ve(z*),[~1I]z(g-), [I]7(z+)] are lin-
early independent and [Ve(x™*), [—I]I(m*), [I]j(m*)]T[Vc(az*), [—I}I(m*), [I]J(m*)] > kol
for some ko > 0. By the smoothness of ¢(x), there exists sufficiently large K* such that
[VC(CBk), [_I]I(m*)7 [I]j(w*)]T[Vc(a:k), [_I]Z(m*)a [I]j(m*)] b %H()I for all k > K*,' The
KKT condition of the SQP subproblem at xj;, with g, shows that g, + By px + Vc(a:k))\Z”b —
ﬂsl‘fz + ﬂ;‘jz = 0. Since max{(zy + pr — )i, (u —xr, —Pr)i: 1 ¢ Z(x*) and i ¢ T (x*)} >
€, ([ﬁl‘JZ)Z = ([LEUZ), =0fori¢ Z(x*)and i ¢ J(x*). Therefore,
[Ve(@r) (A° = A°) = (AYR — i) + (AR — p22) [,
<llge = V£ (@)lly + [ Bxpr — Brprlly
< (1 +(1+ M&u)ﬁfl/@) e*,
and
Xiub _ Ai;Ub
Ssub __ ,, sub

[“l,k “Lk] () <2k5 " (Mye+2) (L4 (1+ Mgy )ry ko) €™

ﬂsub _ Msub}

[ 2k = B2k ] 7y ),
We let €* to be small enough such that the right-hand side of the above inequality is less than
e ie., 26y (My, +2) (L+ (14 Meq)ky 'K2) e* < Le. Then, together with (p$™h); > 3e
for i € Z(z*) and (u$®); > 3e for i € J(x*), we have (f15"}); > 3¢ for i € Z(x*) and
(a3e); > %e for i € J(«*). It implies that both =}, + pj and x;, + Py can correctly identify
the active and inactive sets of constraints at *. Therefore, Z(xy +py) = Z(xx +pr) = Z(x*)

and J (xx + pr) = T (xg + pr) = T ().

C.1.4. Proof for Conclusion 4. Equipped with the fact that g, — Vf(xx) — 0 al-
most surely, the condition ||gr — V f(xx)|l2 < ¢* always holds when k is sufficiently
large. By the proof in the previous section, we know that (A5, [ﬂ?i]z(m*), [ﬁ;“i] T()) =
(X%, 1] 2@+ s [13] 7(2+))- The update scheme for dual variables in Step 6 shows the follow-

ing recursion

k ko k
Ak1 = H (1—ay) Ak~ + Z H (1—aj) Ay,
j=K* =K j=i+1

then Ay — A* almost surely. Similar convergence results hold for ([gt1 1] 7(z+), [H2,k] 7(2+)) —
([#1]z(@)s (3] 7(2+)) and for dual variables indexed on inactive sets Z~ (z*) and J ~ (x™).
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C.2. Proof for Lemma 4. The definition of the averaged Hessian matrix B} shows that

(C2)
Lk
|Br — B[], < z > V(i G) — VA f ()
=1 2
1< :
"‘%Z V2 f(z;) +Z v cj x;) 2f($*) - ()‘*)] VZCJ'(:I)*)
i=1 =1 )
+ [[Akll,

k

TVZ Z

2 =1

1 k
%Z fxi;G) — sz(a:z

(325 + e

for some Yvy:r > 0 due to the compactness of iterates and smoothness of V2 f(x) and
V2¢(x). The first term converges to 0 almost surely by the strong law of large number, while
the second term converges to 0 almost surely by the Stolz-Cesaro theorem. Since Aj acts
as a regularization term for the positive definiteness of B and B* is positive definite, we
deduce that Ay = 0 when £ is sufficiently large. Moreover,

[ H), — H|ly < |[Bx = B™[ly + rve [ — 27|,

implies that H — H™ almost surely.
C.3. Proof for Theorem 4.

LEMMA 26. When Hy, is sufficiently close to H*, there exists a constant T, > 0, such
that
(C.3) HHk_l—(H*)_lHQSTLHHk—H*HQ.
Then
1

H*)il H S THv
2
for some Y g > 0. Moreover, Hk,_1 — (H*)"" almost surely.

PROOF. First, we build the relationship between H, ' — (H *)~t and Hj, — H*. Note
that

0=(H")"'H*- H,'H,
(C.4) =(H")""H"— (H") "Hy+ (H")""H, - H'Hj,
= (H")"'(H" ~ Hy)+ ((H") "~ H;') Hy,
then
ERTIN (6- o hl N -
(C.5) HH,; —(HY) H < 2 <Y |Hy— H*,,

2 )\min (Hk)

for some Y > 0, since we can assume that Ap;, (Hy) > %)\min (H*) without the loss of

generality, when H}, is sufficiently close to H*. The boundedness of HH & Yl is a direct
-1

I
result of Equation (C.3). The almost sure convergence of H, 1 (H™*)™" is straightforward

from Equation (C.3) and Lemma 4. ]
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LEMMA 27. Algorithm 3 generates a sequence {(xy, Ak, b1 1, H2,i;) } satisfying
Tyl — X"
Abi1 — A"

(11 641 — Nﬂz(w*)

[.UQ,kH - N;]j(m*)

= Q1+ Qak+ 3,

and
(K1 k1 — H1z @) | _ ﬁ mm (1, — pilz- (z*)
(12 1 — p5)] T (x* iR (12, k- — “2]J (z*) ,
where
Qlkz — Z H mm min¢i’
i=K* j=1+1
. . Dr;
min min AA]C
=K+ \j=it1 @)
[AN2,k]j(m*)
L+ —
k ) AK* —\F k k . .
Qs = 1L =™ |y e iy, |+ 20 11 0 e™al™a
i=K* ’ L) i=K* j=i+1
(2, K HQ]j(a; )
and
gi — Vf(x;)
¢z = _H;l g s
0
Vf(xi) +Ve(x) N — p1; + pag
8, =—(H* -1 ;- H - (H* -1 C(IIZl)
(H) = (B = (H) ) PR
Vf(zi) +Ve(x) N — p1; + pa x;—x*
B c(a:l) H* )‘z — *
Yi= [£— iBi]I(m*) B (B, — lfﬂz(m*)

[zi — U]J(w*) [p2,i — Mib(m*)
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PROOF. By the update scheme of Algorithm 3, we have

Tpy1 — " xp — P
AkJrl — A _ )\k — A" min min AA]“
ki =)z | 7| ok —0ilze | T (o = egt™ + ™) (A k] 7z
(2,41 — IJ’;]J(;I;*) (2, — l"’;]j(m*) [ANZk]J(m*)
xy, — Pk Vf(@r) + Ve(@e) Ak — pik + Bok
Ak — A min A)\k min gy—1 C(fl?k)
o [l'l'l,k - I'I'T]I(a:*) + (ak o ak ) [Aﬂl,k]z(m*) o ak Hk [Z — mk]I(m*)
[k — N;]J(w*) [Aﬂlk}\y(m*) [z — u]j(w*)
+ap ey,
xp — " Dk
_ Ak — A min A)\k min
[”l,k - HT]Z(&:*) + (ak Q% ) [Aﬂl,k]z(w*) + X d)k
[p2,r — Ng]j(w*) [A“Zdj(w*)
Vf(xr) + Ve(Tr) A — prk + ok
_ B B c(xy)
— oMmin ( 1 H* 1)
Yk ( P (HY) € — @kl 7020
Vf(xr) + Ve(Tr) A — prk + ok
; - c(xy)
— oMhin (fr* 1
o (H7) [€— mk]Z(m*)
xp — Dk
1 min Ak — A min A)\k min
= =™ | (s — 1)z + (ag — ™) PNTITA - + o Pk
[k — u;]j(w*) [AIJ‘Q,k]j(w*)
Vf(xr) + Ve(Tr) A — prk + o
; _ - c(xy)
— oMmin ( 1 H* 1)
Y ( P (HY) € — k] 7@
[z — u],](z*)
o CY}gnin (H*)—l "pk
We then obtain the result by applying the above equation recursively. O

LEMMA 28. Under Assumptions 5 and 6, then
1Qa.klly =0 (™).

PROOF. Under the boundedness of the generated iterates and the almost sure convergence
that ||g; — V f(xg)|l, < ¥, we have that the iterates in Equation (4.3) are bounded for all
k> K* ie.,

Dk
ANg
[Aﬂl,k]z(m*)
[AM2,1¢]J($*)

< M,

2
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for some Ma > 0, due to the LICQ condition. Recall that

which shows that
192kl = O (™),
since |a; — ™| < (19/13)(a?")? and Lemma 15. O
LEMMA 29. Under Assumptions 5 and 6, and suppose that 11 > bo if by = 1, then

(C.6) E [HQM 3} = O (B + (af™)?/B7) -

PROOF. By the definition of g; — V f(x;), we have

gi — Vf(x) : . gn — Vf(xy)
0 = ( I1 <1—ﬁh/>)ﬁh 0
0 h=F* \h'=h-t1 0

Vf(xn-1)—Vf(xn)

3 (Hu—ﬂh,)) 0
h=K*

h'=h 0
=W + Waj.
(C7
E [0 4l2]
k k . . 2
<T%IE Z H (1 — a;nm) a;"™ Wi +Wall,
=K~ j=it1

ST%{ Z H (1 — Oz;-mn) oM Z H (1 — Oz?}m> a;mE [HWLi + WQ,iH2 (Wi +Wa i 2]

i=K* j=i+1 V=K*j'=t'+1
ST%I Z H (1 - a;nln) Oé%rmn Z H (1 - a;’/un) a?/lln\/E HWLZ + WQ,ZHS] \/E [”Wl,i’ + WZi/H%]

i=K* j=i+1 V=K*j'=i'4+1

k k ' ) 2
ST%{ Z H (1 _ Oz;mn) aénm\/E [HWU + W2,1||3i|
i=K* j=i+1

Note that E [HWMHS} < M, S g Hz/:hﬂ (1 —ﬁh/)zﬁi < 2M,p; and HWMHS <

. , 2 .

M2 (S TThones (L= Ba)on) < 203 02/62 = O (5 + (a)2/52). for i suf-
ficiently large, then E [H Qlk”%} = O (Br + (g™)?/B2). Here, we require that ¢y > by if
b1 =1, using Lemma 15. O



AN OPTIMAL METHOD FOR CONSTRAINED STOCHASTIC OPTIMIZATION 57
LEMMA 30. Under Assumptions 5 and 6, and suppose that 11 > b if by = 1, then

E[1Qsl3] = 0 (8 + (af™?/87),

and
" 2
L — T
Ak B )\* min\ 2 2
£ (16 = BT 7 ey = O (B + (af™)?/B5}) -

[N?,k - l’l’;]j(m*) 5

PROOF. Recall the definition of Q3 ;, that

L+ — x*

Qs = H (1—a™) s — i)z | T Z H (1= af™)ai™"ai,
=K 7 o) i=K* j=i+1

[p2, k- — l"’2]j(m*)

we have the following recursion
(C8) Q341 = (1— ) Qs + A} Gh1a.
Here,
x\—1 - x\—1
[8esally < | (7| gl + [ H = (B 7| 19 L0ialy

N 2
Lp41 — T

Ty — "
Akp1 — A* App1 — A*
< T * Yr||Hpp1 — H *
e | B T | W eneat
[NZ,k—l—l — “Z]J(a)*) 9 [“2,]44—1 - “;]J(w*) 9
Tyl — "
Akl — A"
T (g = Bl e < ket (€l #1192l +191).

[H2,k+1 - ”§]j($*) 9

where we define

x, —x*

Ar— A* .
Ep 1= HVHTL [I‘l'l,k_l"fﬂz(w*) +KV£TL||H]€—H ||2
[H2,k - H;]j(w*) 9

Then, for any a € (0,1) and there exists the corresponding threshold K, > K™ such that
€x+1 < aand

195 41lly < (1 — (1= a)afiii) 1Qs

min

o +aogl (HQl,szg + 1| Q2%

2)
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for all k > K,, as £, — 0 almost surely. We then develop the recursion for || Q3 k1], that

(C.9)
193,k+11l,

< (1— (1 —a)ain) [ Qsilly +aaf - (1Quklly + 1Q2klly)
<(1-(1-a)as) (1— (1 —a)af™) | Qsx-1ll,
+ (1— (1 —a)aty) acf™ - (/[Q1p-1lly + | Q2k—1ll)
+ac™ - ([ Quklly + 1Qakll,)

S..
k+1 . k+1 k+1 .
< I -0-aaf™)Qxl,+ >, | TI 0—0=a)af™) | aaf™ (|1Qui-1ll, + [Q2:-1ll,) ,
j=K.+1 i=K,+1 \j=i+1
and thus
E[11Qs 1]
k . ? k k .
<2 I O--aaf™) skl +2 > | JI - 0-a)ef™) | e
j=K.+1 i=K,+1 \j=i+1
k k

> IT @—0-aed™) |aai™ E[([Qui-1ll, + 1Q2i-1lls) (1Q1—1ll, + 1Q2i-1ll,)]

P=K,+1 \j/'=i'+1

2
k k i
<2 H (1 - (1- a,)a;ﬂin) ”QB,KQHQ + 2 Z H (1 —(1- a)a;mn) aainin
j=Ka.+1 imKo1 \jit1

k k
ST (- a-apamn mmm-wa[(\gu_lnﬁugz,z-_lnzﬂwa[(\@l,i/_lnwQz,z-f_luz

i'=K,+1 \j'='+1

<2 H (1-(1- )™ [ Qs 1.,

2
k k

w2 S [ TT 0= -aam aamm\/ (19111l + 192111’

i=K,+1 \j=i+1

Here, the fact that E |:(HQl ills

2 i
)% < 2B [1Quill +11Q2al)] = O (8 + a2/ 52)
implies E [H Qs k||2} =0 (B + (« mm) /3%). The second relation comes from the fact that

[HQl kll } { } and E [HQM‘@} are at least of the order O (S, + (aj"™)?/52).

Here, we requlre that 1 > Niea)

125y if b1 =1. Since a € (0,1) can be arbitrarily close to 0, we

know m < by < 1ifa<1, and thus the condition is automatically satisfied for a < %

and ¢1 > bo. O
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LEMMA 31. Under Assumptions 5 and 6, and suppose that 11 > bs if by =1, then we
have

(C.10) E[|\Hi — H'I3] = O (B, + (}™)?/5})
and
(C.11) E U\Hgl - (H*)‘le] O (B + (af™™)?/57) -

PROOF. We revisit the result in Lemma 26 that HH’f_l —(H*)™! H2 <TYp|H,—H*[,.
Then, in the left part of the proof, we mainly show the first equality.

(C.12)
. . x; —x*
. Ky A=A
H,—-H < i3Gi) — i i i
| H Il < z:; V FlaisG) f(w ))‘ , + k+1 = [H1i— Nl]I(:c*)

(2. = 15 72/ 1],

x; —x*

A — A*
(116 — l’l’ﬂI(m*)
(12,6 — Ni]j(m*)

+ Kve

2
Note that Ay is the modification to the positive-definiteness of By. If Ay, is the matrix with

the smallest £2-norm such that By, is positive definite, then || A ||, < HBk —V2f(z*) = Y (A%): Vie(z

Here, the strong law of large number shows that
(C. 13)
k

Z f(xi5G) VQf(mz))

=0

1 k 1+v .
—0 ((ng) -0 (\/ﬁik + azmn/ﬁk> , almost surely,

2

for any v > 0. It further shows that H}, (resp. By,) converges to H* (resp. B*) almost surely.
Then
2

k
E ||, H*|3] <3E Z @i G) - V2f ()
=0 2
% 2 2
L, — T T —
* E
(1 — Nl]I(w*) T 3RTe 11 = (:c )
[p2,i — Hﬁ]j(m*) 9 [k — Hz T/ ly
(51@ +( min /52) )
]

LEMMA 32. Under Assumptions 5 and 6, and suppose that 11 > b if by = 1, then

E[IWail3] = o (af™).

Ml
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PROOF. For simplicity, we denote

—Ggr — A Ve(Ty) + pi g — Mok =V (@) — A" Ve(z) + pi — p3
v = —cl@) andv* = —clz”)
k [Tk — €70 ’ [2" =€) 75
[u — mk’]J(m*) [u— $*]J(m*)

Then, there exist some ~, > 0 such that

x, —x*

A — AF
[Nl,k - NT]I(:E*)
[N2,k - N;]j(m*)

lv = v [ly < llgk = Vif (@k)|5 + Ko

2
We further have

B [Ipel3] = B [ o] = B 1 o — B
<THE [, — o1}

(C.14) T —x*

) _ 2 2 Ak — A”
<2Y% | E [Hgk — Vf(mk)”Q} pant 1 — Nﬂz(m*)

2k — /’l’;]j(m*)

2
=0 (Br)-
Then
k k 2
E[|yw2,ku§}s(z [T -b)ans E[umn@]) =0 ((0™)?/By) =0 (o™).
h=K* h'=h+1

After putting back IV times, we have

E[IWil3] =0 (5,

and

N
E[HWz,k:Hg} ( Z () Br)* + (o) Br) DV HY )

Observe that 8, 3" | (a1/8,)* = 0 (i) and N can be any arbitrarily large integer,
then

E[IWail] = o (af™).

under the condition that by < b;. ]

LEMMA 33. Denote

fin= Y T 0-apmaps (e - 1)

i=K* j=t+1
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Under Assumptions 5 and 6, and suppose that 11 > by if by =1, then

(C.15) E||l€l,] =030,
and
(C.16) E[[|Q3klly] = O (Br)-
PROOF.
k k 9
E [HgikH } Z H mm mln\/]E |:HHk_1 _ (I—I*)—lHJ \/E [HWL@' + W2,iH§
i=K* j=i+1
=0 (k).
k
Ef1Qsil,) = I (1—0—a)af™) skl
j=K.+1

k k

+ 2 | I -0—aaf™) a?ﬁ“-\/E[e%]\/E[(||Ql,i1||2+|1Q2,H||2)2].

i=K,+1 \j=i+1

Here,
B[] = O (E[I1Quil} + Qo3 + 1 Qsll3 + | Hisr — HF I ) = O (55)
and
2
E( '] =05
complete the first part of the proof. O

LEMMA 34. Let
Ql,k = Qik + gikv

where
gi — Vf(zi)
Qlk_ Z H mln mln( H*) g
i=K* j=i+1
0
k k
Z H mm mm (*H*)il (Wl,i+W2,i).
i=K* j=i+1
and
gi — Vf(zi)
81 k= Z H mln mm <<_Hz')_1 o (—H*)_1> 8
i=K* j=i+1 0

Under Assumptions 5 and 6, and suppose that 11 > by if by =1, then
1

mm
\ %k

(C.17) 0}, >N (0,007).
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PROOF. Let
(C.18)
lk = Z H mln mln (_H*)fl Wl}i
i=K* j=1+1
k k i i gh — Vf(xh)
mln mln *\ — 0
Y o (H <1—5h,>)ﬁh<-ﬂ>l 0
i=K* j=i+1 h=K* \h'=h+1
0
Eok ok ; gn — Vf(zn)
min min *\ — 0
=> > 11 a=ar™ar™ T (0 =8w)Ba(-H"™ 0
h=K~* i=h j=i+1 h'=h+1
0
— 0
= Z Qp,k (_H*) ! 0 = Z Sh,ks
h=K* h=K*

0

where aj, ;= Y1, HJ —it1 (1 - am‘n> a0 T3 _j,1 (1= Bp) By and sy, i, are independent

for different h. The asymptotic normality can be implied by the central limit theorem for the
martingale difference array. Before that, we first verify the corresponding conditions. We first
denote

gn— Vf(zn)
= (-H")" o ,
0

and note that E [¢Z¢2T|fh_1] — Q* as h — oo almost surely, since the smoothness of
f(x,&) shows that

Aii=E |g.g] — V@)V (@) |Fi| - E V@V I(@8) V(@) /()]
—E [V /(@) (@:36)" = VI (@) VF(@i5€)TFit | +E |V (@ 5V (@i36)T = VI (@) Vf(2"36) |7
+ V@)V (@) = V(@)Vf(@) +V(@)Vf(@:) - V@)V

<wyylai— <\/E IV £ @i )13 1 it | + \/E IV @3] + V@)l + |Vf<m*>||2>

§4I<vvvaf ||£132 — ZE*HQ — 0, as 1 — o0.
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Then,
k
Y E [ai,mmﬁﬂ—l}
h=K*
. A k k min{3,i'} i i’
H mm mm Z H mln r{un Z ( H (1—ﬂh/)>< H (1_Bh')

i=K* j=i+1 i=K*j'=i'"+1 h=K* h'=h-+1 h'=h+1

E[¢161"|Fi1]

k k ) k 4 % 7’
-9 Z (1 mln mm . Z H mln mm ( H (1 - /Bh/)> < H (1 - ﬁh/)
i=K* j=i+1 =K j'=i'+1 h=K* \h'=h+1 h'=h+1

kook i i 2
E|¢hh 1Fa1| - :ZI; [T (1= a2 (apn? ( I1 <1—ﬂhf>) BE | $hi 1Fa1]

*j=i+l h=K~* \h'=h+1

kook i i 2
3 [ (- aarn S T (1ot Gart 3 ( 1 <1—/ah,>) r

i=K* j=i+1 =K+ j'=i'+1 h=K* \W'=h+1

k k i i 2
-E[¢;¢;T|fh_1] - ZK [T a=a™?@m? > ( 11 (1ﬁh/>> BiE [mﬂfh_l}.

* j=i+1 h=K* \h'=h+1
Note that

] i 2
lim ;7! ( (1—/3”)) BRE |70 1P | = —n*
h/

i’ —00

hm (Oénin)—l (1 _ mln) (1 _ 5] ) mmﬁi/ =1,

(C.19)
k k 1/2 if by <1,

. min\— min\ 2 min !

lim (a;™) 12 H (1_%’ ) (% )2:9: {1/(2-) ifby =1,

TR i

k k
: miny\—1 min\2/ min)2 _
iliglo(ak ) ZK H (I —aj™)"(a;™)"Bi =0,

where we require that ¢; > % if by = 1. Therefore,

k
1i miny—1 E[Z * oxT _]: O
kggo(% ) h;(* ap kPr®n | Fr-1| =©

We then verify the Lindeberg condition. It is equivalent to showing that

k
. 1 2 * (12
Jim o hz; aj, kB [Hd’th “Las will, >e(apimyz ’}—hfl}

(C.20)
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Suppose that X1, Xo,- -+, Xp, -+
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are 1.1.d. 1-dimensional random variables with zero mean

3
and unit 3-moment, i.e., E [XZS] = 1foralli € N, then ZIZ:K a:;’L p=E [(ZZK ahkah) ] .

The equivalent form

Z =Y TL 0

mln

i

mm Z ( H (1_5”)
I

> BrXn

1=K* j=i+1 h=K* =h+1
further shows
k k
> ahy=E ( > athh
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k k ) % 3
=E 1| > [T a-af™ar ( IT ¢ 1—%)) B X
i=K* j=i+1 h=K* \h/=h+1
k k i k
<6 1-— amm mm . (1— amm mm . mm
i’ i i i
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—6 Z (1 mm 3 rnln Z H mm 1 _ BJ mm Z H
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i’ i 3
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Similarly, note that
i i 3 1
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where we require that 1 > by if by = 1. The above results imply that ZZ: K a%’k =

(@] ((arknm) ), thus the Lindeberg condition is satisfied. By the central limit theorem for mar-
tingale difference array (also called Lévy’s theorem), we deduce that
1
= 4N (0,007,

ik
mln
\ Yk
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Denote

Ee=0 % — 11<;—Z H (1= ™™ (—H*) " Wy,

i=K* j=1+1

according to Lemma, we have

B[] <7n 3 TT (- apar, [

i=K* j=i+1

2 =o (V).
where we require that ¢y > by if by = 1. By Slutsky’s theorem,
1

mln
\ Yk

e~ N (0,097).

Proof for Theorem 4: it is a direct result from Lemmas 28, 33 and 34.

C.4. Proof for Theorem 5. The second relation is implied by the first one because the
proof in Lemma 31 and the almost sure convergence of primal-dual iterates jointly show that

HH p — (H*)” H — 0, almost surely. We are left to show the first relation. Note that

12 =2, =

,MZ% E V(@' OVF("Q)T]

2

k
(5) (50 oo

2

kHZgzgl E[Vf@:0vi@:o)|

2

- ,{LZgz-g? ~E[Vf(@iQ)V f(i:0) | Fim]

2

- Z]E (Vi (@s Vs Q)T - VIOV ()]

2

The strong law of large number shows that

1 k1+l/
_o |/ (logk) 7

1 k
] ;gigi B [V (@i )V (@i )T |Fii | :

2

for any v > 0, almost surely. The almost sure convergence of iterates (i.e., ; — «*) implies
that

— 0,
2

k
k_lH > E [Vf(iﬁi;C)Vf(mi;C)T - Vf(:c*;g)Vf(m*;C)Tu—Fl}
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almost surely. Similarly, for the second term

k k
1 1
1 Zgz V(") Nt Y f(x) - M; (V1 () = VI
the strong law of large number also shows
k 14+v
1 B (log k)
mZ(Qz Vf(zy))|| =o 3 :
=0 2
for any v > 0 almost surely, and
k
S (Vi) - V)| o
i=0

almost surely. Therefore, we complete the proof.
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