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ABSTRACT

We analyze linear convergence of an evolution strategy for con-
strained optimization with an augmented Lagrangian constraint han-
dling approach. We study the case of multiple active linear con-
straints and use a Markov chain approach—used to analyze ran-
domized optimization algorithms in the unconstrained case—to es-
tablish linear convergence under sufficient conditions. More specif-
ically, we exhibit a class of functions on which a homogeneous
Markov chain (defined from the state variables of the algorithm)
exists and whose stability implies linear convergence. This class of
functions is defined such that the augmented Lagrangian, centered
in its value at the optimum and the associated Lagrange multipliers,
is positive homogeneous of degree 2, and includes convex quadratic
functions. Simulations of the Markov chain are conducted on lin-
early constrained sphere and ellipsoid functions to validate numer-
ically the stability of the constructed Markov chain.

Keywords

Augmented Lagrangian, constrained optimization, evolution strate-
gies, Markov chain, randomized optimization algorithms

1. INTRODUCTION

Randomized (or stochastic) optimization algorithms are robust
methods widely used in industry for solving continuous real-world
problems. Among them, the covariance matrix adaptation (CMA)
evolution strategy (ES) [12] is nowadays recognized as the state-
of-the art method. It exhibits linear convergence on wide classes
of functions when solving unconstrained optimization problems.
However, many practical problems come with constraints and the
question of how to handle them properly to particularly preserve
the linear convergence is an important one [2]. Recently, an aug-
mented Lagrangian approach to handle constraints within ES al-
gorithms was proposed with the motivation to design an algorithm
converging linearly [2]. The algorithm was analyzed theoretically
and sufficient conditions for linear convergence, posed in terms of
stability conditions of an underlying Markov chain, were formu-
lated [3]. In those works, however, only the case of a single linear
constraint was considered.
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Markov chain theory [14] provides useful tools to analyze the
linear convergence of adaptive randomized optimization algorithms
and particularly evolution strategies. In a nutshell, for the case
of unconstrained optimization, on scaling-invariant functions—a
class of functions that includes all convex-quadratic functions—
for adaptive ESs satisfying certain invariance properties (typically
translation and scale-invariance), the stability analysis of an ap-
propriate Markov chain can lead to linear convergence proofs of
the original algorithm [7]. This general approach was exploited
in [5] to prove the linear convergence of the (1, \)-ES with self-
adaptation on the sphere function and in [6] to prove the linear
convergence of the (1 4+ 1)-ES with 1/5th success rule. This gen-
eral methodology to prove linear convergence in the case of uncon-
strained optimization was generalized to constrained optimization,
in the case where a single constraint is handled via an adaptive aug-
mented Lagrangian approach [3]. The underlying algorithm being
a(1+1)-ES.

In this work, we generalize the study in [3] to the case of multi-
ple linear inequality constraints. We analyze a (u/pw, A)-ES with
an augmented Lagrangian constraint handling approach in the case
of active constraints. The analyzed algorithm is an extension of the
one analyzed in [3], where we generalize the original update rule
for the penalty factor in [2] to the case of multiple constraints. We
construct a homogeneous Markov chain for problems such that the
corresponding augmented Lagrangian, centered at the optimum of
the problem and the corresponding Lagrange multipliers, is pos-
itive homogeneous of degree 2, given some invariance properties
are satisfied by the algorithm. Then, we give sufficient stability
conditions on the Markov chain such that the algorithm converges
to the optimum of the constrained problem as well as to the associ-
ated Lagrange multipliers. Finally, the stability of the constructed
Markov chain is investigated empirically.

The rest of this paper is organized as it follows: we present aug-
mented Lagrangian methods in Section 2 and give an overview on
how the Markov chain approach is used to prove linear conver-
gence in the unconstrained case in Section 3. We formally define
the studied optimization problem, as well as the considered aug-
mented Lagrangian in Sections 4 and 5 respectively. In Section 6,
we present the studied algorithm and discuss its invariance prop-
erties. In Section 7, we present the constructed Markov chain and
deduce linear convergence given its stability. Finally, we present
our empirical results in Section 8 and conclude with a discussion in
Section 9.

Notations

The notations that are not explicitly defined in the paper are pre-
sented here. We denote R™ the set of positive real numbers, RJ
the set of strictly positive real numbers, and N the set of natural
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numbers without 0. x € R™ is a column vector, X7 is its transpose,
and 0 € R" is the zero vector. ||x|| denotes the Euclidean norm of
X, [x]; its ith element, and [M];; the element in the ith row and jth
column of matrix M. L,x, € R™*™ denotes the identity matrix,
N (0,L,x») the multivariate standard normal distribution, and ~
the equality in distribution. The symbol o is the function compo-
sition operator. The derivative with respect to x is denoted V and
the expectation of a random variable X ~ 7 is denoted E.

2. AUGMENTED LAGRANGIAN METHODS

Augmented Lagrangian methods are constraint handling approaches

that combine penalty function methods with the Karush-Kuhn-Tucker
(KKT) necessary conditions of optimality. They were first intro-
duced in [13, 16] to overcome the limitations of penalty function
methods—in particular quadratic penalty methods—which suffer
from ill-conditioning as the penalty parameters need to tend to in-
finity in order to converge [15].

Similarly to penalty methods, augmented Lagrangian methods
transform the constrained problem into one or more unconstrained
problems where an augmented Lagrangian, consisting in a Lagrangian
part and a penalty function part, is optimized. The Lagrangian is a
function £ : R" x R™ — R defined as

L(x,7) = f(x)+ Zvigi(x) : (1)

for a function f subject to m constraints g; (x) < 0. The vectory =
(y', -+ ,4¥™)T € R™ represents the Lagrange factors. An impor-
tant property of L is the so-called KKT stationarity condition which
states that, given some regularity conditions (constraint qualifica-
tions) are satisfied, if x* € R" is a local optimum of the constrained
problem, then there exists a vector v* = (y*',--- ,y*™)T €
(R*)™ of Lagrange multipliers v**, i = 1,--- ,m, such that

ViL(X',7") = Vs f(x) + > 7"'Vai(x) =0,
i=1

if we assume f and g;, 7 = 1, - - - , m, are differentiable at x*.

Remark 1. Given the gradients Vi f(x") and Vyg;(x*), ¢ =
1,---,m, exist, the first-order necessary conditions of optimality
(KKT conditions) ensure the existence of at least one vector v* of
Lagrange multipliers. However, if the constraints satisfy the lin-
ear independence constraint qualification (LICQ), that is, the set
of constraint normals is linearly independent, the vector v* of La-
grange multipliers is unique [15].

The Lagrangian £ is combined to a penalty function, which is
a function of the constraints g;, to construct the augmented La-
grangian h. Examples of augmented Lagrangians are given in (9)
and (10), where w = (w',- -+ ,w™)T € (RL)™ is the vector of the
penalty factors w®. More generally, the augmented Lagrangian can
be defined as

m

h(X7 Y5 W) = f(X) + Z tp(gi(x), ’yi7 wi) ) 2

i=1

where ¢ is chosen such that a local optimum x* of the constrained
problem is a stationary point of A, that is for all w € (RE)™,

th(X*>7*7w) =0 )

assuming the gradients at x* are defined. The augmented Lagrangian
h is minimized for given values of v and w instead of the initial ob-
jective function f.

In adaptive augmented Lagrangian approaches, ~y is adapted to
approach the Lagrange multipliers and w is adapted to guide the
search towards feasible solutions. A proper adaptation mechanism
for w helps preventing ill-conditioning since, with an augmented
Lagrangian approach, the penalty factors w® do not need to tend to
infinity to achieve convergence [15].

There exist in the literature some examples where augmented
Lagrangian approaches are used in the context of evolutionary al-
gorithms. In [17], the authors present a coevolutionary method for
constrained optimization with an augmented Lagrangian approach,
where two populations (one for the parameter vector and one for
Lagrange factors) are evolved in parallel, using an evolution strat-
egy with self-adaptation. The approach is tested on four non-linear
constrained problems, with a fixed value for the penalty parameter.

In [9], the authors present an augmented-Lagrangian-based ge-
netic algorithm for constrained optimization. Their algorithm re-
quires a local search procedure for improving the current best solu-
tion in order to converge to the optimal solution and to the associ-
ated Lagrange multipliers.

More recently, an augmented Lagrangian approach was com-
bined with a (1 4 1)-ES for the case of a single linear constraint
[2]. An update rule was presented for the penalty parameter and
the algorithm was observed to converge on the sphere function and
on a moderately ill-condition ellipsoid function, with one linear
constraint. This algorithm was analyzed in [3] using tools from
the Markov chain theory. The authors constructed a homogeneous
Markov chain and deduced linear convergence under the stability
of this Markov chain. In [4], the augmented Lagrangian constraint
handling mechanism in [2] is implemented for CMA-ES and a gen-
eral framework for building a general augmented Lagrangian based
randomized algorithm for constrained optimization in the case of
one constraint is presented.

3. MARKOV CHAIN ANALYSIS AND LIN-
EAR CONVERGENCE

Randomized or stochastic optimization algorithms are iterative
methods where—most often—the state of the algorithm is a Markov
chain. For a certain class of algorithms obeying proper invari-
ance properties, Markov chain theory can provide powerful tools to
prove the linear convergence of the algorithms [8, 7, 5]. We illus-
trate here on a simple case the general methodology to prove linear
convergence of an adaptive randomized algorithm using Markov
chain theory. We assume for the sake of simplicity the minimiza-
tion of the sphere function x — f(x) = 1x"x with, without loss
of generality, the optimum in zero. We assume that the state of the
algorithm at iteration ¢ is given by the current estimate X; of the
optimum and a positive factor, the step-size 0. From this state, A
new candidate solutions are sampled according to

X7t;+1 :Xt-f'UtUi_;'_l, 7,:17,>\ y

where U§+1 are independent identically distributed (i.i.d.) standard
multivariate normal distributions (with mean zero and covariance
matrix identity). The state of the algorithm is then updated via two
deterministic update functions Gy and G, according to

Xir1 = Gx((Xs,01),6 * Upgr) 3)
ot+1 = Go (01,6 * Upgr) 4)
where Usr1 = [Uly,---,Upq] is the vector of i.i.d. random

vectors U}, ; and

¢ = Ord(f(Xt + O'tUi-kl)i:l,w- 7)\)



is the permutation that contains the indices of the candidate so-
lutions X¢ + atU,’;H ranked according to their f-value. That is,
the ordering is done using the operator Ord such that, given A real
numbers z1,-- -, 2x, ¢ = Ord(z1,- - - , zx) satisfies

zey Lo <z - )

In (3) and (4), the operator ‘** applies the permutation ¢ to U;41
and

cx Uiy = [Ui(ff, ce »Ug-(:i)} . (6)

It has been shown that if the update functions Gx and G, satisfy the
following conditions [7]:

(i) forallx,xo € R", forall o > 0, forally € (R™)*
Gx((x +X0,0),y) = G((x,0),¥) + X0 ,

(ii) forall x € R™, forall o, > 0, forally € (R™)*

Gu((x,0)y) = aGe( (2. 2).¥)

a «

(iii) forall o, o > 0, forally € (R™)*
o
gU(G7 y) - agl" (57)’) )

then the algorithm is translation-invariant and scale-invariant. As a
consequence, (Y¢)ten, with Y; = ?—:, is a homogeneous Markov
chain that can be defined independently of (X¢,0¢), given Yo =
Xo

=0 as

o0

Yoi, = Gx((Yt,1),6 * Upyr)
+ ga(1,§*Ut+1) ’

where ¢ = Ord(f(Y: + Uiﬂ)i:l,... ) [7, Proposition 4.1] (this
result is true for the sphere function but more generally for a scaling-
invariant objective function). Let consider now the following defi-
nition of linear convergence:

Definition 1. We say that a sequence (X;)icn of random vec-
tors X; converges linearly almost surely (a.s.) to Xop if there exists
CR > 0 such that
[IX¢ — Xopt| _

= —CR as.
too t || Xo — Xop|

The constant CR is called the convergence rate.
Using the property of the logarithm, the quantity % In ”;‘;H (Xopt =
0 here) can be expressed as a function of Y according to

-1
LXKl 1 Xl
In 222111

Xl = Xk
t—

= o

IXkt1]l oxGo (1,6 * Ugt1)

In
(I Xk || Ok+1

I
N —

-
=)

[ Yt ]

_ 1
t 1Ykl

In

gd(17§*Uk+1) ) (7)

=0

o

where we have successively artificially introduced o;+1 = 05 Go (1, 5%

Upg+1) and then used that Yr, = Xi/ok and Ye+1 = Xpt1/0k+1-
In (7), we have expressed the term whose limit we are interested in
as the empirical average of a function of a Markov chain. However,
we know from Markov chain theory that if some sufficient stabil-
ity conditions—given for instance in Theorem 17.0.1 from [14]—
are satisfied by (Y¢)ten, then a law of large numbers (LLN) for

Markov chains can be applied to the right-hand side of the previous
equation. Consequently,

t—1

X 1 Y
X T Vel

=1
IXoll = 287 22 v
- / In [lyl|(dy) — / In |y} (dy)

+ / E(n(Gy (1,5 * Ury1))|Ye = y)n(dy)

—CR

lim 1 In
t—o0 t

gd(ly S * Uk:+1)

where 7 is the invariant probability measure of the Markov chain
(Y¢)ten. Hence, assuming that a law of large number holds for the
Markov chain (Y¢):en, the algorithm described by the iterative se-
quence (X4, 0¢)ren will converge linearly at the rate expressed as
minus the expected log step-size change (where the expectation is
taken with respect to the invariant probability measure of (Y:)ten).
This methodology to prove the linear convergence of adaptive al-
gorithms (including many evolution strategies) in the unconstrained
case holds on scaling-invariant functions (that include particularly
functions that write g o f, where g is a 1-D strictly increasing func-
tion and f is positively homogeneous, typically f can be a convex-
quadratic function). It provides the exact expression of the con-
vergence rate that equals the expected log step-size change with
respect to the stationary distribution of a Markov chain. This illus-
trates that Markov chains are central tools for the analysis of con-
vergence of adaptive randomized optimization algorithms. Remark
that the convergence rate can be easily simulated to obtain quantita-
tive estimates and dependencies with respect to internal parameters
of the algorithm or of the objective functions.

We see that there are two distinct steps for the analysis of the
linear convergence:

(i) Identify on which class of functions the algorithms we study
can exhibit a Markov chain whose stability will lead to the
linear convergence of the underlying algorithm (in the exam-
ple above, the Markov chain equals Y: = Xt /o).

(i1) Prove the stability of the identified Markov chain.

The second step is arguably the most complex one. So far, it has
been successfully achieved for the analysis of the linear conver-
gence of self-adaptive evolution strategies [5] and for the (1+1)-ES
with one-fifth success rule [6] in the unconstrained case. The main
tools to prove the stability rely on Foster-Lyapunov drift conditions
[14]. In this paper, we will focus on the first step. Particularly, the
Markov chain for step-size adaptive randomized search optimizing
scaling-invariant functions (i.e. unconstrained optimization) was
identified in [7]. In addition, in the constrained case, the Markov
chain has been identified for the (1 + 1)-ES with an augmented
Lagrangian constraint handling in the case of one linear inequality
constraint [3]. We consider here the extension to more than one
constraint and a more general algorithm framework.

4. OPTIMIZATION PROBLEM

We consider throughout this work the problem of minimizing a
function f subject to m linear inequality constraints g;(x) < 0,
¢ =1,---,m. Formally, this writes

min f(x)
subjectto g;(x) <0, ¢ =1,---,m , (8)

where f : R" - R, g; : R® — R, and g;(x) = b;"x + ¢,
b, € R", ¢; € R.



We assume this problem to have a unique global optimum Xop;.
We also assume the constraints to be active at Xop, that is, g; (Xopt) =
0,7 = 1,---,m. This constitutes the most difficult case. Indeed,
if the constraint is not active, when close enough to the optimum,
the algorithm will typically not see the constraint such that it will
behave as in the unconstrained case. In terms of theoretical analy-
sis, the unconstrained case—for a general class of step-size adap-
tive algorithms—is well understood in the case of scaling-invariant
functions [7]. Additionally, we assume that the gradients at Xopt,
Vi f (Xopt) and Vxg;(Xopt), ¢ = 1,--- ,m, are defined and that the
constraints satisfy the linear independence constraint qualification
(LICQ) [15] at Xop. We denote vopt the (unique) vector of La-
grange multipliers associated to Xop.

5. CONSIDERED AUGMENTED LAGRAN-
GIAN

A practical augmented Lagrangian for the optimization problem
in (8) is given in the following equation

h(X,’Y,UJ) = f(X)

" yigi(x) + Lgi(x)2 if 7t 4 wigi(x) >0
'y vgig) 3 9i(x)" ify . gi(x) 20 ©
= .l otherwise

T 2wt

#1(9:(x),7%,w)

The use of a different penalty factor for each constraint is motivated

by the fact that the penalization should depend on the constraint

violation—which might be different for different constraints. The

quality of a solution x is evaluated by adding f(x) and either (i)
; "

v gi(x) + %gi(x)Q if g;(x) is larger than 73—2 or (i) — 3;, other-
wise, for each constraint function g;.

The augmented Lagrangian in (9) is constructed such that (i) the
fitness function remains unchanged when far in the feasible domain
and (ii) h is “smooth” in that it is differentiable with respect to g;.
Therefore, (9) is the recommended augmented Lagrangian in prac-
tice. For the analysis, however, we consider a simpler augmented
Lagrangian (equation below) so that we can construct a Markov
chain.

m i

h(x,7w) = J(6) + D790 + Sai0 . (10)

1=1 N—————
w2(g:(x),7%,w?)

The difference is that in the previous formulation the penalization is
a constant and hence inconsequential for g;(x) < —v/w’. Since
we focus in our study on problems where the constraints are ac-
tive at the optimum, the augmented Lagrangians in (9) and (10) are
equivalent in the vicinity of Xop, as illustrated in Figure 1 for one
constraint. Inactive constraints are covered in that the analysis re-
mains valid when these constraints are removed, in which case we
recover the original equation (9) up to adding a constant to the f-
value. Therefore, conducting the analysis with (10) gives insight
into how a practical algorithm using (9) would perform close to the
optimum.

6. ALGORITHM

In this section, we present a general ES (Algorithm 1) with comma-

selection and weighted recombination (denoted (p/ ptw, A)-ES) for
constrained optimization, where the constraints are handled using
an augmented Lagrangian approach.

First, A i.i.d. vectors UiH are sampled in Line 3 of Algorithm 1
according to a normal distribution of mean O and covariance matrix

o i D1 1 A — i
70 =20, ' =10 10 n—l\. m=1, + —20.}@ =10

600 S 8 it |— 1+3a
50 T 4 - e

6 v
\

~1005 =5 = 5 10 2075 =5 0T ot 5 10
9i X

Figure 1: Left: ;(g:(x),7%,w") for j = 1 (blue) and j
(red), as a function of g;. Right: Augmented Lagrangians, f(x
S i(gi(x),7",w’), for j = 1 (blue) and j = 2 (red), inn
withm = 1. f(z) = $2°, g1(z) = — 1, and Zop = 1.

~—

2
+
1

the identity. They are used to create A candidate solutions X},
according to

X; 1 =X¢ + 0. Ulyy a1

where X is the current estimate of the optimum and o is the step-
size. The candidate solutions are then ranked according to their
fitness, determined by their h-value. This is done in Line 4 with
the operator Ord defined in (5), where < is the permutation that
contains the indices of the ordered candidate solutions.

Later on, we will make explicit the dependency of ¢ on the objec-
tive function, the current solution, and the current step-size, where

needed (this would read g(’;(tztt)wt) here). The solution X1 at
the next iteration is computed by recombining the p best candi-
date solutions—or parents—in a weighted sum according to Line 5,
where w;, ¢ = 1, -, u, are the weights associated to the parents
and the operator ‘*’ applies the permutation ¢ to the vector U1 of
the sampled vectors U§+1 as defined in (6).

The step-size is adapted in Line 6 using a general update function
Go. For the sake of simplicity, we consider that G, is a function
of the current step-size o and the ranked vector ¢ * Uy of the
sampled vectors Ui+1'

The Lagrange factors are adapted in Line 7. As a result of this
update rule, a Lagrange factor ~y; is increased if g;(X¢41) is posi-
tive and decreased otherwise. A damping factor d., is used to atten-
uate the change in the value of ;.

Each penalty factor w} is adapted according to Line 8. This up-
date is a generalization to the case of many constraints of the orig-
inal update proposed in [2] for the case of a single constraint. A
penalty factor w; is increased in two cases: the first one is given by
the first inequality in Line 8 and corresponds to the case where (i)
the change in h-value due to changes in ~; and w; is smaller than
the change in h-value due to the change in X;. Indeed

wigi(Xit1)? & |h(Xeg1, Vet Aiy, wi+Aiw) —h(Xes1, e, we)|

where A;y = (0,--- , A", -+ ,0)Tand Ajw = (0, -+ , Aw’,

-,0)7. By increasing the penalization, we prevent premature
stagnation [2]. The parameter w! is also increased if (ii) the change
in the corresponding constraint value |g; (X¢+1) — gs(X¢)| is signif-
icantly smaller than |g;(X;)| (second inequality in Line 8). In this
case, increasing the penalization allows approaching the constraint
boundary (g;(x) = 0) more quickly. However, increasing w; in-
creases the ill-conditioning of the problem at hand, therefore, in all
other cases, wi is decreased (second case in Line 8). Similarly to
the update of the Lagrange factors, we use a damping factor d,, to
moderate the changes in w;.

Algorithm 1 is a randomized adaptive algorithm that can be de-
fined in an abstract manner as follows: given the state variables
(Xy, 0¢, ¢, we ) at iteration ¢, a transition function F> {9t i=1,.m)
and the vector U1 = [Uipq,- -+, U] of i.i.d. normal vectors



Algorithm 1 (u/pw, A)-ES with Augmented Lagrangian Con-
straint Handling

Ogivenn € Nx, x, ki, k2,dy,dw € RE, N p e NS, 0 < w; < 1,

I
Zwi =1
i=1

1 initialize Xo € R", 0o € RY, 40 € R™, wo € (RL)™, t =0
2 while stopping criterion not met
3 Uiy =N(0,Lixn), i=1,-+ A
4 ¢ =0rdh(Xs+ ot Uji1, e, wt)i=1,- 1)
"
5 Xy =Xe 00 Y wils# Uppa)i, Upr = [Uppg, -+, U]
i=1

6 o1 = ga(0t7< *Ut+1)

i i wz .
T Y=+ dftgi(xtﬂ)v i=1--,m
Y

wixh)if wigi(Xe1)? < kix
) [h(Xt41,7t,wt) —h(Xe,ve,wt)|
8 wz_,_l = n
or k2|gi (Xe41) — gi(Xe)| < [g:(Xe)
wﬁx’l/d“ otherwise, i =1,--- ,m
9 t=t+1

Ui_H, compute the state at iteration ¢ 4 1 according to

(Xt+17(7t+17%+1:wt+1) =
f(f:{gi}izl,-n ,wL)((Xt’ Oty Ve wt), Ut+1),

where the superscript indicates the objective function to minimize,
f, and the constraint functions, g;. The deterministic transition
function F(f{9:}i=1,-.m) 5 defined by the following general up-
date rules for X¢, o¢, ¢, and wy:

Xiy1 = gx((XnUz),C * Ut+1) s (12)
ot+1 = Go(0t,5 * Upp1) (13)
Vier = HY (v, wi, Xeqa), i =1+ ,m (14)
wiyr = HE9D (wi v, X, X)), i=1,---,m ,  (15)

where ¢, Gx, H, and H,, are given in Lines 4, 5, 7, and 8 of
Algorithm 1 respectively. These notations are particularly useful
for defining the notions of translation and scale-invariance in the
next subsection. They also make the connection between the con-
structed homogeneous Markov chain and the original algorithm
clearer.

Comparing (12), (13), (14), and (15) to (3) and (4), it is easy
to see that Algorithm 1 is built by taking an adaptive algorithm for
unconstrained optimization and changing its objective function to
an adaptive one—the augmented Lagrangian—where the parame-
ters of the augmented Lagrangian are additionally adapted every
iteration. This idea was already put forward in [4] for the case of
a single constraint, and we generalize it here to the case of m con-
straints.

6.1 Invariance

Invariance with respect to transformations of the search space is
a central property in randomized adaptive algorithms. In the uncon-
strained case, it is exploited to demonstrate linear convergence [7,
6]. In this subsection, we discuss translation-invariance and scale-
invariance of Algorithm 1. We first recall the definition of a group
homomorphism and introduce some notations.

Definition 2. Let (G1,.) and (G2, *) be two groups. A function
® : Gi — G> is a group homomorphism if for all z,y € Gy,
O(2.) = B() « D(y).

We denote S(€2) the set of all bijective transformations from a
set € to itself and Homo((R"™, +), (S(€2), o)) (respectively
Homo((RZ,.), (S(2), 0))) the set of group homomorphisms from
(R™, 4) (respectively from (R .)) to (S(£2), o).

Translation-invariance informally translates the non-sensitivity
of an algorithm with respect to the choice of its initial point, that
is the algorithm will exhibit the same behavior when optimizing
x — f(x)orx — f(x — Xo) for any Xo. More formally, an algo-
rithm is translation-invariant if we can find a state-space transfor-
mation such that optimizing x — f(x) or x — f(X — Xo) is the
same up to the state-space transformation. In the next definition,
which is a generalization to the constrained case of the definition
given in [7], we ask that the set of state-space transformations is
given via a group homomorphism from the group acting on the
function to transform the functions, that is (R™, +), to the group
of bijective state-space transformations. Indeed this group homo-
morphism naturally emerges when attempting to prove invariance.
More formally, we have the following definition of translation-
invariance.

Definition 3. A randomized adaptive algorithm with transition
function F/1oidi=1..m) + ) x U — Q, where f is the ob-
jective function to minimize and g; are the constraint functions, is
translation-invariant if there exists a group homomorphism ® €
Homo((R"™, +), (S(R2), o)) such that for any objective function f,
for any constraint g;, for any xo € R", for any state s € 2, and for
any u € U,

FU AL iz m) (5 )

= ®(—x0) (]:(f(x—m)«,{gi(X—XO)}1:1,4-4 ,nl)(¢(XO)(S)7 u))

Similarly for scale-invariance, the set of state-space transforma-
tions comes from a group homomorphism between the group where
the scaling factors acting to transform the objective functions are
taken from, that is the group (RZ,.) and the group of bijective
state-space transformations.

Definition 4. A randomized adaptive algorithm with transition
function F/{giti=1.-m) . O x U — Q, where f is the objective
function to minimize and g; are the constraint functions, is scale-
invariant if there exists a group homomorphism ¢ €
Homo((RZ,.), (S(Q), 0)) such that for any objective function f,
for any constraint g;, for any o > 0, for any state s € €2, and for
any u € IUA,

]:(f(X)v{gz‘ () }i=1,... ,m) (S7 ’u) —

(1)) (f(f(ax),{gi(aX)}i=1,.-. m) (®()(s), u))
The next proposition states translation-invariance of Algorithm 1.

PROPOSITION 1. Algorithm 1 is translation-invariant and the
associated group homomorphism ® is given by

(p(xo)(x?Uv’Yvw) = (x+x070777w) s (16)
Sforallxo,x € R", forall o € R, and for all y,w € R™.

The proof of this proposition is given in Appendix A.l. In the
next proposition we state the scale-invariance of Algorithm 1 under
scale-invariance of the transition function G,.



PROPOSITION 2. If the update function G, of the step-size sat-
isfies the following condition

ga(Ut,§*Ut+1) Zagg(Ut/a,§*Ut+1) y a7

for all o > 0, then Algorithm 1 is scale-invariant and the associ-
ated group homomorphism ® is defined as

O(a)(x,0,v,w) = (x/a,0/a,v,w) , (18)
foralla > 0, forallx € R", forall o € R, and for all v,w € R™.

The proof of the proposition is given in Appendix A.2.

In the next section, we illustrate how translation and scale-invariance

induce the existence of a homogeneous Markov chain whose stabil-
ity implies linear convergence.

7. ANALYSIS

In this section, we demonstrate the existence of an underlying
homogeneous Markov chain to Algorithm 1, given the augmented
Lagrangian in (10) satisfies a particular condition. To construct the
Markov chain, we exploit invariance properties of Algorithm 1, as
well as the updates of the Lagrange factors and the penalty factors.

As stated in Section 4, we assume that the optimization prob-
lem admits a unique global optimum X, and that the constraints
gi, © = 1,--- ,m, satisfy the LICQ at X, hence that the vector
Yopt Of Lagrange multipliers is unique. Once we have the Markov
chain, we show how its stability leads to linear convergence of (i)
the current solution X; towards the optimum X, (ii) the vector
of Lagrange factors ~y; towards the vector of Lagrange multipliers
Yopt, and (iii) the step-size o towards 0.

7.1 Homogeneous Markov Chain
We start by recalling the definition of positive homogeneity.

Definition 5. [Definition 4 from [3]] A functionp : X — Y is
positive homogeneous of degree k > 0 with respect to x* € X if
forall & > O and forallx € X,

p(x* + ax) = o"p(x* +x) . (19)

Example 1. Our linear constraint functions, ¢;(x) = b]x + ¢;,
are positive homogeneous of degree 1 with respect to any x* € R™
that satisfies g;(x*) = 0. Indeed,

gi(xX" + ax) =b] (x* + ax) + ¢; = a(bix" +¢;) + ax
= ag;(x" +x) , forall @ > 0. (20)

The following theorem gives sufficient conditions under which
the sequence (P¢)ten, with &; = (Y, I't, ws), is a homogeneous
Markov chain, where the random variables Y; and I'; are defined
in (21) below.

THEOREM 1. Consider the (1] piw, A)-ES with augmented La-
grangian constraint handling minimizing the augmented Lagrangian
h in (10), such that the step-size update function G, satisfies the
condition in (17). Let (X¢, 0t,Vt,wt)ten be the Markov chain as-
sociated to this ES and let (Uy)ten be a sequence of i.i.d. normal
vectors. Let X € R™ such that g;(x) = 0 foralli =1,...,m, and
lety € R™. Let

X —x andl"t:u.

[ Ot

Yt:

@D

Then, if the function Dhg 5., : R*"T™ 5 R defined as
Dh’i”_‘/vw(X, 7) = h(x7'77w) - h(.i',:)/,w) (22)

is positive homogeneous of degree 2 with respect to [X,7), then the
sequence (®¢)ien, where &y = (Y¢, ', wy), is a homogeneous
Markov chain that can be defined independently of (X, o4, vt, wt)
as Yo = (Xo —X)/00, To = (70 — 7) /00 and for all t

Yiy1 = Ge((Ye,1),6 % Uy1)/Go (1,6 * Upg) (23)
T = HECO ML wi, Yir1)/Go(Lcx Unpr) , (24)
wi-‘rl = Hiif('+i)’gi('+f))(w:a Iﬂi + ’73 §t+1) ) (25)

with
¢ =0rd(h(Ye + Uiy + %, T 4+ 7,we)iz1,. 2) ,  (26)
Yier = Ge((Yi,1),6 % Usy1) 27

where the Ord operator extracts the permutation of ordered candi-
date solutions (see (5)).

The proof of Theorem 1 is given in Appendix A.3. The key idea in
the proof is that when Dhs 5., is positive homogeneous of degree
2 with respect to [X, 7], the same permutation < is obtained when
ranking candidate solutions X; +o¢U%, 1 on h(.,y;,w;) than when
ranking candidate solutions Y+ Ui ; on h(. +%, Ty +7, we), i.e.,
h(.,vt,w h(.4XTi4+7,w
(X(t;tt) )= g(Y<t?r1) e = S -
Scale-invariance of Algorithm 1, induced by the property of G,
in (17), is also used explicitly in the proof while translation-invariance
is used implicitly.
Theorem 1 holds for any X € R™ such that g;(X) = 0, for all
i € {1,---,m}, and for any § € R™. In particular, it holds for
the optimum X of our constrained problem and the associated
vector Yopt of Lagrange multipliers.
The following corollary states that on convex quadratic func-
tions, (®P¢)ten (defined in Theorem 1) is a homogeneous Markov
chain for X = Xop and 5 = Yopt.

COROLLARY 1. Let (X¢, 0¢,7vt, wt)ten be the Markov chain as-
sociated to the (u/w, \)-ES in 1 optimizing the augmented La-
grangian h in (10), with f convex quadratic defined as

fox) = ST Hx (28)
where H € R™*" is a symmetric positive-definite matrix. Let Y =
@ and I'y = w where T.p; is the optimum of the con-
strained problem and ~opy, is the vector of the associated Lagrange
multipliers. Then (®¢)ten, with @1 = (Y, Ty, wt), is a homoge-
neous Markov chain defined independently of (X, ot, Ve, wt) as in
(23), (24), (25), (26), and (27) by taking X = Xp; and 3y = Yopt.

We prove the corollary by showing that the function D, vop¢ 0
defined in (22) is positive homogeneous of degree 2 with respect to
[Xopt, Yopt ] for f(x) = %XTHX. For the proof (see Appendix A.4),
we use the following elements:

e The definitions of the gradients of f and g;, Vi f(y) = y'H
and Vxg;(y) = b], respectively.

e The KKT stationarity condition at the optimum X

fo(xopt) + Z ’Yivxgi (Xopl) =0 . (29)

i=1



Remark 2. For a convex quadratic objective function f and lin-
ear constraints g;, ¢ = 1,---,m, KKT conditions are sufficient
conditions for optimality. That is, a point that satisfies KKT condi-
tions is also an optimum of the constrained problem (see [15, The-
orem 16.4]). The optimization problem we consider is unimodal,
therefore X, is the only point satisfying the KKT conditions.

7.2 Sufficient Conditions for Linear Conver-
gence

In the sequel, we investigate linear convergence of Algorithm 1.
There exist many definitions—not always equivalent—of linear con-
vergence. We consider here the almost sure linear convergence
whose definition is given in Definition 1. We will also briefly dis-
cuss another definition of linear convergence that considers the ex-
th+1 — Xopt ||

Xt =xopt ||~

We start by giving the definitions of an invariant probability mea-
sure and positivity [14]. We consider a Markov chain (X;):en that
takes its values in a set X C R™ equipped with its Borel o-algebra
B(X). The transition probabilities are given by the transition prob-
ability kernel P such that for x € X and B € B(X)

P(x,B) =Pr(Xi41 € B| Xy =X) .

pected log-progress In

Definition 6. Let w be a probability measure on X" and let X; ~
7. We say that 7 is invariant if

m(B) = /X 7(dx)P(x, B) .

We say that a Markov chain is positive if there exists an invariant
probability measure for this Markov chain.

Harris-recurrence [14] is related to the notion of irreducibility.
Informally, a Markov chain is e-irreducible if there exists a nonzero
measure ¢ on X such that all p-positive sets (that is, sets B €
B(X) such that ¢(B) > 0) are reachable from anywhere in X. In
such a case, there exists a maximal irreducibility measure ¢ that
dominates other irreducibility measures [14].

Definition 7. Let (X¢)ien be a t-irreducible Markov chain. A
measurable set B € B(X) is Harris-recurrent if

Pr(z l{xteB}:OO|X0:X):1,

teNs

forallx € B. By extension, we say that (X¢).cn is Harris-recurrent
if all ¢-positive sets are Harris-recurrent.

We can now recall Theorem 17.0.1 from [14] that gives sufficient
conditions for the application of a LLN for Markov chains.

THEOREM 2 (THEOREM 17.0.1 FROM [14]). Let Z be a pos-
itive Harris-recurrent chain with invariant probability w. Then the
LLN holds for any function q such that 7(|q|) f lg(z)|m(dz)
< o0, that is, for any initial state Zo, lim;_, o0 * 7 Zk:o q(Zk) =
w(q) almost surely.

Consider now Algorithm 1 minimizing the augmented Lagrangian

h in (10) corresponding to the optimization problem in (8), such
that the function Dhx,, op:,w, defined in (22) is positive homoge-
neous of degree 2 with respect to [Xopt, Yopt]. By virtue of Theo-
rem 1, (®¢)ien is a homogeneous Markov chain. The following
theorem gives sufficient conditions under which Algorithm 1 con-
verges to the optimum X, of the constrained problem, as well as
to the corresponding Lagrange multiplier vopt.

THEOREM 3. Let (Xt,0¢,7t,wt)ten be the Markov chain as-
sociated to Algorithm 1 optimizing the augmented Lagrangian h
such that the function Dhy,,, ~.p. w, defined in (22) is positive ho-
mogeneous of degree 2 with respect to [xapt,fyopt], where Xop; is
the optimum of the constrained problem (8) and ~yopt is the cor-
responding Lagrange multiplier. Let (D+)+en be the Markov chain
defined in Theorem | and assume that it is positive Harris-recurrent
with invariant probability measure m, that E-(|1n||[¢]1]||) < oo,
E-(|In|[[¢)2]l]) < oo, and Ex(R(¢)) < oo, where

R(¢) :E(ln(gg(1,§*Ut+1))‘©t :(b) . (30)
Then for all Xo, for all o, for all o, and for all wo,

1 X o o .1

lim ,1n7‘| ¢~ Xop = lm - 7H% Yopt | = lim ,mQ

t=oo bt || Xo = Xop|| oo 0! Mo —yertll ~ t2e t 00
= —CRa.s. ,

where

~cr = [ R(8)r(a0)

The proof idea is similar to the one discussed in Section 3 for the

) . X
unconstrained case, where the quantities § In 1% —xopl

[IXo— xopl” ’

L le=voptll 5ng 1yp ot are expressed as a function of the Markov
[[70 =Yopt Il t oo

chain ®,. The detailed proof of Theorem 1 is given in Appendix A.5.
While in the previous theorem we have presented sufficient con-

ditions on the Markov chain ®; for the almost sure linear conver-

gence of the algorithm, other sufficient conditions can allow to de-

rive the geometric convergence of the expected log-progress. Typ-

ically, assuming we have proven a so-called geometric drift for the

chain ®, plus some assumptions ensuring that the conditional log-

progress is dominated by the drift function (see for instance [7,

Theorem 5.4]), then

ZT | By In Xttt = Xonl] [IX¢+1 — Xopt|

CR)| < P 31
(X — Xopl| ~ (R < AV(®) . OV

where » > 1, R is a positive constant and V' > 1 is the drift
th+1 Xop!H

function. Equation (31) also holds when replacing In X ot |

o
by In l7¢+1—Yopt |l and In 2L
[Ive=vopt I ot

8. EMPIRICAL RESULTS

We describe here our experimental setting and discuss the ob-
tained results.

8.1 Step-Size Adaptation Mechanism

We test Algorithm 1 with cumulative step-size adaptation (CSA)
[12]. The idea of CSA consists in keeping track of the successive
steps taken by the algorithm in the search space. This is done by
computing an evolution path, p;, according to

o (2 —co " )
pey1 = (1 —co)pe + (;171”2) ZwkU;-(ﬁ) ) (32
k=1Wk

where 0 < ¢, < 1 and p§ = 0. The constant

normalization factor that is chosen such that under random selec-
tion, if p; is normally distributed (p; ~ N(0, L, %)), then pyy1 is
identically distributed [10, 11]. The evolution path is used to adapt
the step-size o according to the following rule.

Oip1 = 0 expg—g ( llpe+1l

_ 1 . 33
BTN, L) ) &3



The norm of the evolution path is compared to the expected norm of

llPe41 1l
———at——— and
E|N (0L xn)l

the step-size is updated depending on this ratio: if % >
1, o+ is increased as this suggests that the progress is too slow.
Otherwise, o; is decreased. d, is a damping factor whose role is to
moderate the changes in o values.

In order for this adaptation mechanism to be compliant with our
general adaptation rule G, (0+, s*Uz41) (see (13)), we take ¢o = 1,
that is, we consider CSA without cumulation. In this case, (32)
becomes

a standard normal vector by computing the ratio

S wu

kkl

Pt+1 =

For the damping factor, we use

1
de =2+ 2max | 0, M—l ,
\/ n+1

which is the default value recommended in [11] with ¢, = 1.

8.2 Simulations of the Markov Chain and Sin-
gle Runs

We test Algorithm 1 on two convex quadratic functions, as a par-
ticular case of Corollary 1: the sphere function, fsphere, and the ellip-
soid function, feripsoid, With a moderate condition number. They are
defined according to (28) by taking (i) H = Ian for fsphere and (ii)

H diagonal with diagonal elements [H]; = an=1 ,i=1,---,m,
for feniipsoia and with a condition number o = 10.

We choose Xop to be at (10, - - -, 10)T and construct the (active)
constraints following the steps below:

e For the first constraint, by = —Vxf(Xopt)" and ¢1 = —b]Xopi,

e For the m—1 remaining constraints, we choose the constraint
normal b; as a standard normal vector (b; ~ AN(0,L,xn))
and ¢; = —b]Xp. We choose the point Vy f(Xop )T = —by
to be feasible, along with Xop:. Therefore, if g; (Vx f (Xopi)T) >
0, we modify b; and ¢; according to: b; = —b; and ¢; =
—C;.

With the construction above, the constraints satisfy the LICQ (see
Remark 1) with probability one. In such a case, the unique vector
of Lagrange multipliers associated to Xopt is Yopt = (1,0, -+ ,0)T.

As for the parameters of Algorithm 1, we choose the default val-
ues in [11] for both A and p. We set the weights w;, i = 1,--- | u,
according to [1], where they are chosen to be optimal on the sphere
function in infinite dimension. We take dy = do, = 5, x = ol/n,
kl = 3, and kz = 5.

We run Algorithm 1 and simulate the Markov chain (®¢):en (de-
fined in Theorem 1) in n = 10 on fiphere and fettipsoia With m =
1,2,5,9 constraints. For each problem, we test three different ini-

tial values of the penalty vectorwo = (1,--- ,1)7, (103, --- ,10%)T,

(10_3, cee 10_3)T. In all the tests, Xo and Yo are sampled uni-
formly in [—5,5]", 00 = 1,and vo = T'o = (5,--- ,5)T.

Figures 2-5 show simulations of the Markov chain on fppere (left
column) and fenipsoia (right column) subject to 1, 2, 5, and 9 con-
straints respectively. Displayed are the normalized distance to Xop,
|[Y¢|| (red), the normalized distance to Yopt, ||I'¢|| (green), and the

wo = (1,---,1)T (firstrow), wo = (10%,--- ,10%)T (second row),
and wo = (107%,--- ,10™%)T (third row). We observe an over-
all convergence to a stationary distribution, independently of wo,
after a certain number of iterations. For wy = (10%,---,10%)T,

fonerer =10, m=1, [wy]. =

#%““}‘fh o
A
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Figure 2: Simulations of the Markov chain on fopere (left) and
Settipsoia (right) with m = 1inn = 10.

the adaptation phase before reaching the stationary state is longer
than with wg = (1,--- ,1)T orwo = (1073,--. | 1073)T on both
Sophere and fenipsoia- It also increases with increasing m: it takes ap-
proximately 4 X 102 iterations on Sophere and fertipsoia With m =1
(Figure 2) and approximately 6 x 10° iterations with m = 9 (Fig-
ure 5). Indeed, the problem becomes more difficult for large m (as
shown below with single runs). We also observe from Figures 2-5
that ||w¢|| stabilizes around a larger value as m increases (approxi-
mately 4 x 10™% and 6 x 107° on Sophere and. fetipsoia Tespectively
with m = 1 versus approximately 1 and 4 with m = 9).

Figures 6-9 show single runs of Algorithm 1 on the same con-
strained problems described previously. Results on constrained
Sophere and constrained feiipsoia are displayed in left and right columns
respectively. The displayed quantities are (i) the distance to the op-
timum, ||X¢ — Xop|| (red), (ii) the distance to the Lagrange mul-
tipliers, ||v: — Yopt|| (green), (iii) the norm of the penalty vector,
||wt]| (blue), and (iv) the step-size, o+ (purple), in log-scale. Lin-
ear convergence occurs after an adaptation phase whose length de-
pends on the accuracy of the choice of the initial parameters: for
m=1and wg = (10’3, cee 10’3)T (Figure 6, third row), linear
convergence occurs after only around 30 iterations because wo is
already close to a stationary value (see Figure 2). On fiphere With
m = 2 (Figure 7, left column), the algorithm reaches a distance

t0 Xopt of 10™* after around 750 iterations with wo = (1,--- , 1)T,
compared to around 2500 iterations with wo = (103, ---,10%)7
and around 1300 iterations with wo = (1072, ,107*)T. The

reason is that wo = (1,---,1)7 is closer to the stationary value in
this case (Figure 3, left column). As the number of constraints in-
creases (Figures 8 and 9), the number of iterations needed to reach a
given precision increases: it takes more than 2 times longer to reach
a distance from the optimum of 10~ on both Sophere and. fettipsoid
withm = 9and wo = (1,---,1)T (Figure 9, first row) than with
m = 1 (Figure 6, first row). These results are consistent with the
simulations of the Markov chain in that the observed stability of
the Markov chain leads to linear convergence (or divergence) of
the algorithm—as stated in Theorem 3.

9. DISCUSSION

In this work, we investigated linear convergence of a (p1/ piw, A)-
ES with an augmented Lagrangian constraint handling on the lin-



5000

0 2000 3000 4
iterations

1 00 fa =10, m=2, [w,]. =1000
10° 10°
10* ﬂ]‘ 10°
10° 10%
10? 10’
10! 10?
10° 10!

107 10°

107 107 |

10° 000 3000 4000 0 6000 10° 2000 4000 6000 8000 10000
iterations iterations

Wipheres =10, m =2, [w,]. =0.001 n=10, m=2. [w,]. =0.001

=

10° 1000 2000 _ 3000 4000 5000
iterations

iterations

Figure 3: Simulations of the Markov chain on foppere (left) and
Settipsoia (right) with m = 2 in n = 10.

10° fopherer =10, m =5, [wy]; =1

107 2000 3000 400 00 107 T000 20003000 40005000
iterations iterations
1spheres2 =10, m=5. [w,], =1000 Fpimsoias =10, m =5, [wy]. =1000
10%h i —— 10°}
10° e 10°
10° TEr— 10° e
S — ¥l 10° =
101 i 102 ——T
10 aaih bl 10!

el 10°
7000 107

4000 6000 8000
iterations
=10, m=5, [w,]; =0.001

000 l‘ll.' 5000
iterations
Eipperes =10, m =5, [wg]. =0.001 Lot

b
10?

10"

10° ]
10" il el
10?2 el
10° T000 2000 3000 40005000

iterations

iterations

Figure 4: Simulations of the Markov chain on fiphere (left) and
fellipsoid (I‘ight) withm = 5inn = 10.

early constrained problem where all the constraints are active. We
adopted a Markov chain approach and exhibited a homogeneous
Markov chain on problems where the associated augmented La-
grangian, centered in the optimum and the corresponding Lagrange
multipliers, is positive homogeneous of degree 2. We gave suf-
ficient stability conditions which, when satisfied by the Markov
chain, lead to linear convergence to the optimum as well as to the
Lagrange multipliers. Simulations of the Markov chain on linearly
constrained convex quadratic functions (as a particular case of the
exhibited class of functions) show empirical evidence of stability
for the tested parameter setting. We draw attention, however, to the
fact that the observed stability may depend on the chosen parameter
setting—in particular the damping factors for the Lagrange factors
and the penalty factors—and proper parameter values are neces-
sary to observe stability, especially in larger dimensions and for
large numbers of constraints.

The conducted analysis gives insight into the behavior of the
practical (u/pw, A)-ES obtained when optimizing the augmented
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Figure 5: Simulations of the Markov chain on foppere (left) and
fettipsoia (right) with m = 9 in n = 10.
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Figure 6: Single runs on fiphere (Ieft) and feiiipsoia (right) withm =1
in n = 10, with three different values of wy.

Lagrangian presented in (9). Indeed, we focus our study on the
most difficult case in practice, where all the constraints are active
at the optimum.

Finally, this work illustrates how the Markov chain approach—
which is already applied to prove linear convergence of random-
ized optimization algorithms in the unconstrained case—can be ex-
tended to the constrained case.
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APPENDIX
A. PROOFS

A.1 Proof of Proposition 1
For Algorithm 1, the state sy = (X¢, o, Y, wt). Let

(X;+17U£+17’7£+17W:5+1) =
f(f('7x0>s{gi<~*x0)}1‘,:l‘--- ,771)((1)()(0)()(7:7 O, Ve wt), Ut+1) .

Given the definition of ®(xo) in (16) and the update functions Gy,
Go, H~, and H,, in (12), (13), (14), and (15) respectively, we have

Xt = (X +X0,00), 63, a2 2y 5 Usy)

=X +Xx0 + 0y Zw, g(XerXO W) Uit1)i

X0,0¢)
=1

ro h(.—x0,7t,wt)
Ot41 = go’ (Ut’§(Xt+x0 o) ) .

On the other hand, we have

h(.—x0,vt,wt)

(X¢+x0,0¢) = Ord(h(Xt + X0 =+ UtUi+1 — xo,’yt,wt)izl,... ’>\)

h(.,vt,wt)
(X¢t,0t)

It follows that

X1 = Gx((Xe, 00), §(hx(f’ztf)wt> * Uty1) + Xo
= Xt+1 +Xo , 34)
h(.,vt,wt)

/
Ot41 = ga(Ut7<(X, ot) ) =0ttt -

Using (34), we obtain

*x0>( i

Vi1 = Hi‘( Ve, we, Xpp1) = Ve + dftgi(xéﬂ —Xo)
Yy

_ gi 7 7 1 .
_H’yl(’ytthaxt‘,’l) = Vt+1, 1 = 17 ,m o,

i = M09 (51 X, 130, XE )

wixM @) i wigi(X 41 —x0)? <
k1 [h(X{ 1 —%0,7e,w8) — h(Xt+xo X0, 7t ,wt)|
= or ka|gi(Xi41 —x0) — gl(Xt + X0 —X0)| <
|91(Xt —+ Xo — Xo)‘
wix Y4 otherwise, i = 1,--- ,m

= Hfuf’gi)(wa’yaxﬁxtle) = w’ti-l»l? 1= 17 e ,Mmo
Therefore,

(Xt41 + X0, Ot 1, Vet1, Wet1) =

]:(f(-*xo)»{gi(-*Xo)}z‘:L-u ,m)(@(xo)(xt7 O, Ve wt)7 Ut+1) .
(35)

By applying the inverse transformation ®(—xo) to (35), we recover
Ffdgiti=1,.. ,'nL)(Xt, Tty Yer Wi)-

A.2  Proof of Proposition 2

The state at iteration ¢ is s; = (X¢, 0+, V¢, we). Let

(X2+1702+1,7£+1,w£+1) =
f(f(a<>1{9i(a<)}i:1,--- m)(q)(a)(xt,Ut,’Vt,wt),Ut+1) .

By definition, we have

q(hx(:’/a'yfryi) = Ord(h(a(X¢ /oo + 04 /Ul 1), 42, Wt )im1,.. 2)
h(.,ve,wt)
T O(Xt,0¢) ’
Using the definition of ®(«) in (18), (12), (13), (14), (15), and the
equation above, it follows

h(.,ve,w
X1 = Gu((Xe/a, 00/a), sl 105"+ Upia)

X; + ot h(yvt,wt)

= a Wi [c(xmat)

* Upg1]i
« ‘
im1

1 w X
=~ Gu((Xe,00), 53,00y ¥ Unn) = =2 (36)

and o}, 1 = G (0t/a, g(hx(;’li’)w”*UtH). Using the scale-invariance
property of G, (see (17)), we obtain

1 o
/ h t+1
Ory1 = Eg"("f’<<>c(t 25w Ui) =

Finally, using (36) we get

Vi1 = H?,’( )(’Ytywuxfsﬂ) =7+ d—tgz-(ozXQH)
¥

= Hgi(’y§7wz7xt+1) = ’YZ+17 1= 17 ,m
and
e = HY 0D (] 4, X f X )
wéxl/(4dw) ifwt.gz(aX;_H) <
k1 ‘h("‘Xter’tht) h(aXy/a,ve,wt)]|
= or ka|gi(aXii1) — gz(aXt/a)| <
) ‘gz(axt/a)l
wix V% otherwise, i = 1,--- ,m
= H&f’gi)(wa’Y;antﬂ) = wi+17 i=1,---,m .
Therefore,
X 1%
(ﬂv L ,%+1,wt+1) =
67 (6]

f(f(a~)v{gi(a~)}i=l,-~- ,m)(@(a)(xt’ o, 'tht),UtJrl) . 3D

By applying the inverse transformation ®(1/«) to (37), we obtain
f(fv{!ﬁ}i:l,-»- ,m)(Xt’ o6 wt).

A.3 Proof of Theorem 1
We have

X _ Ox((X¢,0¢),6 % Ugr1) —
Ol Go (0,6 * Upy)

Using translation-invariance and scale-invariance of Algorithm 1,
it follows

Yoii— Gx((Ye,1),6 % Upyr)
t+1 =
ga(1,§ *Ut+1)
with
h(ve,wt) _ _h(op+%yt,we) _ _h(ot.+X,0:T¢+7,w¢)
ST S Xeor) T SV = S(¥e,m)

= Ord(h(at(Yt + [Ut+1]i) 4+ )_(, O'tFt +4 ’7, wt)i:Lm 7)\)
= Ord(Dhs,5,0, (0¢(Ye + [Upg1]i) + X, 0600 + 7)i=1,..2)



where Dhg 5w, is defined in (22) and Y; and I'; in (21). By posi-
tive homogeneity of Dhg 5w, , it follows

O'tzphi,'?/,wt (Ye+ [Ugpa]i + X, + F)i=1,..,2)
Dhzy,w, (Ye + [Ugg1]e + X, T + 7)i=1,... )

= Ord(h(Y: + [Ugg1]s + X, T + 7, we)i=1,.-. )
__h(A4xTe+7,wt)

T 2(Ye,1) ’

On the other hand, we have

i

i Vi1 -7 HY (i, wi, Xes1) — 7
t+1 = =

o4l Go (04,6 % Ugg)
Y+ gtgiXen) =7 Ti+ ghgi(Xepn)
01Go(1,6 % Uiy1)  Go(1l,6 % Ustr)

Using positive homogeneity of g; with respect to X (see (20)) and
the definition of Y41 in (27), we have

9i(Xe41) = gi(ot+1Ye41 + X)
=0t9i(Go (1,5 * Usg1)Ye41 +X) . (38)

Ox((Ye,1),6%Usy1)=Y¢ 41

Therefore,

i :‘g + %gi(?t+1 + X) Hg/z‘(~+i)( i wi,\?tﬂ)
I = =

12
go‘(lyg*Ut+1) ga(LC*Ut-H)

fori =1,--- ,m. Finally,

W§+1 = Hfuf’gi) (Wz’ 7:7 Xf7 Xf+1)

wix ') if wigs (Xeg)? <
ky [h(X¢41,7t,wt) —h(Xe,ve ,we ) |

— or k2|gi Xe+1) — 9:(Xe)| <
lg: (X))
otherwise, 1 =1,---,m

wix M

wix /%) i wigi(Yerr +%)° <
k1 [R(Y41+%0e+5,we) —h(Ye+X,Ti+5,w) |

= or k2|gi(Yey1 + %) — gi(Ye + %)| <

|gi(Ye 4 %)
wiy M4 otherwise
= H£f<‘+i)’gi<'+i)) ("J;» F; + ’7i7 Yt? ?t“rl) )
fori = 1,--- ,m, where we used (20), along with (38), and posi-

tive homogeneity of Dhg,5,.,, With respect to [X, 7] to deduce that

h(Xes1, 72, we) — h(Xe, Yo, we) = 07 (Dhg5,w, (Yeg1 + X, 00D +7)

— Dhz 5,0, (Ye41 + X, 00Tt + 7))
= U?(h(?t+1 + i7 Ft + ’7,&}75) — h(Yt + i, Ft + ’_}/7 wt)) .
D11 = (Yet1, Let1, wet1) is a function of only Yy, T's, we, and

i.i.d. vectors Usy1. Therefore, (®+)¢en is @ homogeneous Markov
chain.

A.4 Proof of Corollary 1

By definition, we have

h(xopt + ax, Yopt + av, w) = f(XOP‘ + ax)
—_—

A
+ Z(%pt + av*)gi (Xopt + ax) + Z 5 9i (Xopt + 0X)
=1 =1
B C

By developing A, B, and C, we obtain

A=0a’f(xop + %) + (1= a®) f(Xop) + (Ll —a) x,H x|
——

fo("opl)

B =3 (opu +7)9:0kn +X) +a(l = a)rp b x,
1=1 Vx9gi (xl)p[)
C = a2 Z 7gi(xnpl =+ X)2 .

=1

The constraints being active at Xopt, 2 (Xopt; Yopt, w) = f(Xopt) for
allw € (RE)™. It follows that

Do vopt w (Xopt + X, Yopt + )
i

= i i w
= 0 (oo + %) + D (e +7) 95 (Nopt + %) + 2 g3 (Xop + %)’

i=1 2
— (o)) a1 = ) ( Vf (5em) + i Vg (o) ) -

The KKT stationarity condition in (29) is satisfied for Xop and Yopt.
Therefore,

thopla'Yopt sw (XOPt + X, Yopt + OKY)
2
= thnpu"/optaw (X“Pl +X, “Yopt + fY) .

Consequently, (®¢)ien is a homogeneous Markov chain with f
convex quadratic.

A.5 Proof of Theorem 3

[|X¢ *Xop(” 1 |7t —=Yopt I
[IXo—=%optll > & " llvo=ops I °
tion of the homogeneous Markov chain (®;):en defined in Theo-
rem 1. Using the property of the logarithm, we have

1
We express 4 In

and % In 2t as a func-
o0

t—1
L[ Xe = Xopll 1+
~In{——7— =— In
PRy ol 7 2

k=0

Xk+1 — Xopt||
I p
(X5 — Xopt |

= lfln HY}H_l”gg(l §*Uk+1)
£ 2 9

1 t—1 1 t—1
= 2> Vel - oWVl
k=0 k=0

t—1

1
+E;1ngg(1,g*Ut+1) ) (39)

(®)+en is positive Harris-recurrent with an invariant probability
measure 7 and Ex (| In]|[¢]1]]]) < 0o, Ex(|In||[¢]2]|]) < oo, and
E~(R(¢)) < co. Therefore, we can apply Theorem 2 to the right-



hand side of (39). We obtain

t—1
[1Xe — Xope| 1
12 = Xool _ gy — S I ||Y
t=oo bt || Xo — Xop| e 1 Z: [ Yig ||

t—1 t—1

- hm ZlnHYkH + hm 7211190 (1,6 % Uptq)

— [mlliehlins) - [1nliehlinas) + [ Rie)n(ds)

=—-CR .
We proceed similarly with 1 In M and 1 In "’ .
7o —vopt |l
e = el _ 15 1
t — "Jopt
e = opell I [Ty — 23 In Ty
||’70 _’YOPtH Z_: t ;)
t—1
Zlngg (1,6 * Ugg1) (40)
k=0
1
111’12 = ltziak‘kl
t go tk:O Ok
t—1
7tlirgolenga (1,6 Up1) . 1
=0

By applying Theorem 2 to the right-hand side of (40) and (41), we
obtain

lim ||% Yoptll _ o 1, o0 _
H°°t H’Yo—’YoptH twoo 1 00
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