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Abstract

We analyze a stochastic process resulting from the normalization of states in the zeroth-order optimization
method CMA-ES. On a specific class of minimization problems where the objective function is scaling-invariant,
this process defines a time-homogeneous Markov chain whose convergence at a geometric rate can imply the
linear convergence of CMA-ES. However, the analysis of the intricate updates for this process constitute a great
mathematical challenge. We establish that this Markov chain is an irreducible and aperiodic T-chain. These
contributions represent a first major step for the convergence analysis towards a stationary distribution. We rely
for this analysis on conditions for the irreducibility of nonsmooth state-space models on manifolds. To obtain
our results, we extend these conditions to address the irreducibility in different hyperparameter settings that
define different Markov chains, and to include nonsmooth state spaces.
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1 Introduction

The convergence of stochastic processes is at the core of many algorithms in various domains. Well-known examples
include Markov chain Monte-Carlo (MCMC) algorithms [11] like the Metropolis-Hastings algorithm [33, 28] that
aim to sample a target distribution 7 by generating a Markov chain with stationary probability measure 7. Fast
convergence of the Markov chain towards = is one important property for the underlying algorithms. It can
be described qualitatively as the geometric ergodicity of the Markov chain, i.e., convergence at a geometric rate
towards 7, a question that has been widely studied [17, 38]. We focus here on an application of stochastic processes
to the domain of numerical stochastic optimization which is closely connected to MCMC. We analyze indeed
a Markov chain underlying the so-called covariance matrix adaptation evolution strategy (CMA-ES) [26, 23], a
widely used stochastic derivative-free optimization algorithm [39, 14, 9, 16, 2, 32, 41, 1]' that can tackle difficult
optimization problems which are notably nonconvex, multimodal and ill-conditioned. The algorithm minimizes a
function f : R™ — R by sampling Gaussian vectors whose mean and covariance matrix are adapted iteratively.
The adaptation of the parameters of the Gaussian distribution has been carefully designed, combining several
independent principles [25, 26, 24, 37]. Ample empirical evidence shows that the algorithm converges geometrically
fast [26, 24, 22, 20]—in optimization referred to as linear convergence—towards the optimum on large classes
of functions and the covariance matrix learns the inverse Hessian [21] up to a scalar factor on strictly convex
quadratic problems. Yet, establishing a convergence proof of CMA-ES that reflects its working principle (i.e.,
without modifying the algorithm to enforce convergence) is still an open and difficult theoretical question.

In this context, we extend a methodology that was already successful to analyze stepsize adaptive algorithms [5,

, 10, 8, 42] to prove the convergence of CMA-ES by exploiting its mechanisms and reflecting its working principle,
including the learning of second-order information. The methodology is based on the definition of a normalized
Markov chain that models the algorithm when minimizing a scaling-invariant function, a function class that includes
non quasi-convex functions [43]. As we will explain, if this Markov chain is stable—in the sense that it converges to
a stationary distribution geometrically fast and satisfies a Law of Large Numbers—then the linear convergence of
the algorithm follows. With more work, the learning of the inverse Hessian on strictly convex-quadratic functions
should follow as well. In order to obtain such stability properties, the irreducibility of the process (the definitions
will be recalled in the paper) is a necessary condition. On top of establishing the irreducibility of this Markov chain,
we prove that it is an aperiodic T-chain, paving the way to a convergence analysis by means of a geometric drift
condition.

Because of the intricacy of the algorithm, the irreducibility cannot be easily established by simply investigating
the transition kernel of the Markov chain. Instead, we rely on recent results connecting the irreducibility of a
Markov chain defined on a smooth manifold to the stability of an underlying control model. More precisely, we
view the Markov chain as a nonlinear state-space model

b1 = F(or, a(¢r, Upy1)) (1.1)

where {Uii1}ten is an independent and identically distributed (i.i.d.) process valued in a measured space U,
F: X xV — X is a locally Lipschitz update function between smooth manifolds X,V and a: X x U — V is a
measurable, possibly discontinuous function. When F is nonsmooth, we call (1.1) a nonsmooth state-space model.
The connections that we rely on between the irreducibility, aperiodicity and T-chain property of the Markov chain
and an underlying deterministic control model have been recently established [19], relaxing the assumptions in
previous work [12] that the state space of the chain is an open subset of an Euclidean space and F' is continuously
differentiable. This latter work was already a generalization of the case where a(¢¢, Ust1) = Uy and F is smooth,
i.e., infinitely differentiable [34].

While part of the methodology we follow relies on the results presented in [19], we introduce here two other
generic and central techniques for the analysis.

Like in many practically used algorithms (in contrast to toy algorithms), different update mechanisms can be
turned on and off in CMA-ES by some specific hyperparameter settings (like learning rates) resulting in different
algorithm variants with varying number of state variables. Our aim is to analyze all algorithm variants without
repeating the similar mathematical analysis for each of them. Hence, in order to have a single proof, we introduce
the notions of projected and redundant Markov chains. Specifically, we consider a Markov chain {(¢¢, &) }ren valued
in the manifold X x Y with

(Br41,&e11) = F((01, &), (01, &), Uera)) (1.2)
where {¢; }sen obeys (1.1), and F: X x Y x V — X x Y and @: X x Y x U — X x Y satisfy the same assumptions as

LAs of March 2024, two Python implementations of CMA-ES received together more than 60 millions downloads.



F and a, respectively. We suppose then that

Ix o F (¢, €), &((¢,€),u)) = F(¢, (¢, u)) (1.3)
for every (¢,&,u) € X x Y x U, where IIx: X x Y — X is the canonical projection of X x Y on X. The Markov chain
{(bt, &) }een is said to be redundant, whereas {¢: }+en is said to be projected. We derive similar tools as in [19] to

analyze the projected Markov chain {¢;}:en by investigating the redundant control model (1.2).

Contributions Overall the contributions of this paper are twofold.

On the one hand, we provide two generic tools to analyze the irreducibility, aperiodicity and topological
properties of complex nonsmooth state-space models. First, we extend the methodology to investigate Markov
chains following (1.1) with locally Lipschitz updates on smooth manifolds in order to be able to deduce irreducibility,
aperiodicity and T-chain property from a redundant chain to a projected chain. Second, we show how to transfer
the analysis of nonsmooth state-space models following (1.1) from smooth manifolds to nonsmooth manifolds, as
long as they can be continuously transformed into smooth manifolds.

On the other hand, using the developed tools, we establish the irreducibility, aperiodicity, and T-chain property
of a Markov chain defined by the normalization of states of CMA-ES when minimizing a scaling-invariant function.
Our results include most of the relevant hyperparameter settings, some of them described by separate Markov
chains. The proven properties constitute an essential step for a proof of linear convergence of CMA-ES.

Organization In Section 2, we present the update equations behind CMA-ES and define a class of normalized
Markov chains associated to the algorithm when minimizing scaling-invariant functions. In Section 3, we state our
first main result that these Markov chains are irreducible, aperiodic T-chains. In Section 4, we state and prove
results on the irreducibility, aperiodicity and topological properties of nonlinear state-space models. In Section 5,
we apply the results exposed in Section 4 to the normalized Markov chain defined earlier ant prove the main result
of Section 3. For the sake of readability, some proofs are delayed and presented in Appendix A and Appendix B.

Notations Throughout this paper, we use the following notations: N, N*, R, R, R, | for the sets of nonnegative
integers, positive integers, real numbers, nonnegative real numbers, and positive real numbers, respectively. Unless
stated otherwise, for n € N* and any vector z € R, ||z|| denotes the Euclidean norm of x. The set of real
symmetric matrices of size d x d is denoted S%, and its subsets of positive semi-definite matrices and of positive
definite matrices are denoted Si and Si 1, respectively. Given a positive integer n, &, represents the set of
permutations of {1,...,n}, and its cardinality is denoted n!. The differential application of a function F' at a point
x is denoted DF(z), and the Clarke derivative of F' at = is denoted F(x). We use the notations Argmin f and
Arg max f for the sets of global minima and global maxima of f, respectively. When unique global minimum and
maximum exist, we denote them as argmin f and argmax f, respectively. For any sequence {vg}ren+ and any
k € N*, we set vy, = (v1,...,v;). For a topological space X, we denote B(X) the Borel o-field of X, which makes X
a measured space. If p is a measure on B(X) and v is a measure on B(Y), we denote p ® v the product measure of
w and v, which is a measure on B(X x Y). Likewise, for k& € N*, we denote u®* the measure product of u by itself
k times, as a measure on B(XF).

2 Definition of Markov chains arising from a normalization of CM A-ES

We present in this section the CMA-ES algorithm and define normalized Markov chains—candidates to be stable—
associated to the algorithm. We explain the connection between the stability of these Markov chains and the
convergence of the algorithm, motivating thus why the irreducibility, aperiodicity and topological properties of the
Markov chains that we study in the paper are an important part for obtaining a convergence proof of CMA-ES.

2.1 Presentation of CMA-ES

The covariance matrix adaptation evolution strategy (CMA-ES) is an iterative algorithm which aims to approximate
a problem solution
x* € Argmin f(x) (P)
z€RC
where d € N* is the dimension of the problem, and f: R — R is the objective function. A vector z* € R%,
solution to (P), is called a global minimum of f. The CMA-ES attempts to approach x* by successively sampling,



for iterations ¢ € N, new candidate solutions from a multivariate normal probability distribution A (my,d2Cy).
The vector m; € R? is the current mean of the distribution and we specifically desire that f(m;) converges to the
essential infimum of f. The positive real number o; > 0 is the current stepsize, and the symmetric positive definite
matrix C; € Si . is referred to as the current covariance matrix. For our analysis, we generalize the assumption
that the distribution of the candidate solutions is multivariate normal.

The parameters of the sampling distribution are updated using two cumulation paths p¢,p¢ € R, which
implement a weighted moving average of the steps followed by the mean.

More precisely, the algorithm works as follows. At iteration t € N, given m; € R?, o, > 0, C; € Sjir 4, and
p?,ps € RY, we generate independent identically distributed (i.i.d.) samples Uby,.oos U,{\_H following a sampling
distribution v¢ in R? and independently of (my, o, Ct, p¢, p§). Usually, the distribution ¢ is the standard normal
distribution in R?. However, throughout the paper we will refer to CMA-ES as the algorithm presented in this
section with a general and abstract sampling distribution Vg. We compute then A candidate solutions

zh i =my+ o /ClU, fori=1,... ), (2.1)

and rank them with respect to their f-values. Formally, we define a permutation s;;1 € &) satisfying
F (@) << (e ™) (2:2)

When f (xi_H) =f (m{H), we impose for uniqueness s;rll (i) < st;ll (j) if i < j. We say that we have neutral
selection when, instead of (2.2), the permutation s;4; is independent of the samples U 1 for all £ € N. This is
the case, for example, when the permutation is fixed for all ¢, or when f(z},,) is independent of its argument or
independent of Uy, ;.
The mean is moved towards the best solutions, and is updated by applying the function F defined as
F™:(mv) €RIXRE = m+cpv (2.3)

Cm

given a fixed learning rate ¢,, > 0 (by default ¢,, = 1). Precisely, the mean obeys
p . # 4
M1 = Fcri <mt7 oi\/Cy Z w tS:il(l)> =my + o/ Cy Z wi” ts-ril(l) , (2.4)
i=1 i=1

where wi" > --- > wy" > 0 are weights such that S w™ =1, and 4/C; is the symmetric positive definite square
root of C;.
We introduce the function to update the paths p7, p¢ € R%. Given a decay factor c € (0, 1], FP is defined as

FP: (p,v) €ERIx RY = (1 —c)p+ /c(2 — ¢) ptegv (2.5)
where pog = 1/||Wn||?, with w,,, = (wi, ... ,w;T)T. The closer the decay factor c is to zero, the more the updated
path depends on the previous path due to the term (1 — ¢)p. Conversely, when ¢ = 1, the updated path is collinear
to and only depends on v. We set two decay factors, ¢, c. € (0,1], and use (2.5) to update two cumulation paths,
one for updating the stepsize and the other for the rank-one update of the covariance matrix (see below). We
update

14 14
Pl = (1= co)pf + Vo (2 = o) plest ngn ;ﬁl(z) =F? <pg, Zw;n ;ﬁl(z)) , (2.6)
=1 =1
and

©w w
iy = (1= colpf + Ve — coper/Cr Y wi U D = FP <p§,¢ctzw;“ m“”) : (2.7)
=1 =1

The second argument in the RHS of (2.7) is the same as in (2.4) disregarding stepsize o;. Eq. (2.6) additionally drops
V/C;. Consequently, when p§ and U/, are standard Gaussian, then, under neutral selection, pf ; is a standard
Gaussian vector too and, in particular, the length of pf,; does not depend on its direction. The path pf,; from
(2.7) maintains under neutral selection the covariance matrix C; when p§ has covariance matrix C;. The path is
commensurable with updating C; and its expected length can strongly depend on its direction.

The stepsize is updated using the path pf7, ;. Considering an abstract measurable function I': R? — R, that
we call stepsize change, the update reads

o1 =0 X I (P?+1) : (2.8)



A standard stepsize change used in CMA-ES is the cumulative stepsize adaptation (CSA) where I' equals

o -en( (1) -

where E| v | = E|||| for a random variable ¢ distributed under v&. When v¢ is the standard normal distribution,
(2.9) increases the stepsize when ||p¢|| is larger than to be expected under neutral selection (assuming that p§ ~ v¢)
and decreases the stepsize when ||p7 || is smaller. When consecutive steps are taken in a similar direction, the expected
path is long while the same progress could be made in fewer iterations with larger steps. When consecutive steps
are negatively correlated, the expected path is short and a smaller stepsize is advisable. A smooth alternative to
(2.9) implementing the same idea is [1]

T2, (p) = exp [ -2 pl® VY (2.10)
osa 2d, \E[v{?

These two stepsize changes rely on the choice of damping parameter d, > 0, which is chosen ~ 1+ 24/ peg/d in the
first case and ~ 1 4+ 2ueg/d in the second case. Empirically, I‘ICS A and I%s A show similar performance when used
with CMA-ES [18]. While the function Fés A is the default stepsize change, previous theoretical works on ES also
have investigated ['aq, [1, 12].

Last, we introduce the update function for the covariance matrix, which depends on the choice of learning rates
¢1,¢, = 0 such that ¢ + ¢, € [0, 1]:

FC . 8%, xRix8t — 8%,

€1 e . (2.11)
(C,pM) —»(1-c1—c,))CHapp' +c,M

and the covariance matrix is updated via

n , 1T
Ciii = (1 -1 = e)Cot epi i) T+ euv/Co Yt (U750 [ @] Ve,

=1
C c - c yrse+1(d) sea (@]
=FC, | Cupiy, VG Y [Ut+1 HUt+1 } VG| . (212
=1

where we define weights w§ > --- > wf, > 0 such that >>}” | wf = 1. Moreover, we assume throughout the paper that
0 < ¢1 + ¢, < 1. This assumption will be essential in the proofs of Lemma 5.6, Corollary 5.1 and Proposition 5.7.
The setting c¢; +c, = 1 is however used in practice when p is large and we believe that with further work our results
could be proven for this case as well.

The term cipp ' is called the rank-one update, whereas the term cuM is the rank-mu update since in (2.12) we
replace M by a matrix of rank min(u, d) almost surely which satisfies a maximum likelihood condition for the best
samples of the last iteration [22, Proposition 7]. In practice, also negative weights are used for the rank-mu update
of the covariance matrix [30, 27]. However, since the updated covariance matrix must be positive definite, the norm
of the vectors corresponding to negative weights must be controlled. We do not consider negative weights in the
present paper.

2.2 Assumptions

Our analysis of CMA-ES relies on analyzing the stability of normalized Markov chains underlying the algorithm. The
construction of these Markov chains assumes that the objective function is scaling-invariant. A function f: R* — R
is said to be scaling-invariant with respect to * € R? when for all x,y € R% and p > 0:

fla+a2") < fly+a") & flpr +27) < flpy +27) . (2.13)

The class of scaling-invariant functions has been of interest for the convergence analysis of different variants of
ES [8, 42], and is related to the class of positively homogeneous functions [43]. We make an additional technical
assumption on the level sets of the objective function to avoid ties in (2.2), which will be useful to define lower
semi-continuous density functions in Lemma 5.2. Overall, we will use the following assumptions:

F1. The objective function f: R? — R is a strictly increasing transformation of a continuous function with Lebesgue
negligible level sets.



F2. The objective function f: R? = R is scaling-invariant with respect to a point x* € R?.

Instead of assuming F1, we can suppose without loss of generality that the function f is continuous with
Lebesgue negligible level sets since CMA-ES is invariant to increasing transformations of the objective function [6].
Assumption F2 is central in this analysis since it is required to define an equivalent, normalized Markov chain via
(2.14) below.

In order to go beyond scaling-invariant functions, it might be possible to adopt another approach, considering for
instance recent works on the convergence of evolution strategies that prove a drift condition on the state variables
of the algorithm and hence the convergence on composites of strongly convex functions with strictly increasing
functions (for however so far the (1+1)-ES selection scheme only) [3, 36].

Furthermore, the sampling distribution l/g should satisfy the following assumption that allows in particular to
characterize a density for the ranked candidate solutions, see Lemma 5.2.

N1. The probability distribution v& admits a continuous density p&(-) with respect to the Lebesgue measure on R%
which is positive everywhere on R?.

This assumption is satisfied by a multivariate standard normal distribution as used in CMA-ES. We have
moreover the following assumptions on the stepsize change I'.

T'1. The stepsize change T': R? — R, | is a locally Lipschitz map and is differentiable at every nonzero vector of
R%.

I'2. Given c. the cumulation parameter for the path in (2.6), the function I' satisfies iminfT'(p) > (1 — c.)~* for
Ip|| to +o0.

I'3. The function T satisfies T'(0) < 1.

Assumption I'l is required to apply the results stated in Section 4.1 and in particular to ensure that the analyzed
process satisfies the condition H2 in Section 4.1 to obtain the irreducibility and aperiodicity of the Markov chain
defined in (2.14). Assumptions I'2 and I'3 are used in Propositions 5.5 and 5.7, respectively.

Assumptions I'l-T'3 are satisfied by both stepsize changes, Fés A and I%S A as stated in the following lemma.

Lemma 2.1. Assume that ¢, € (0,1]. Then, the stepsize change functions I'tg, and T'%g,, defined by (2.9) and
(2.10) respectively, satisfy the assumptions T'1-T'3.

Proof. The proof is simple and left to the reader. O

2.3 Proving the stability of a normalized Markov chain leads to linear convergence

Before stating our main results, we define a normalized Markov chain underlying the CMA-ES algorithm. Let
(Q, F,P) be a probability space. An event is an element W € F, and the probability of W is P[W]. A random
variable U valued in a measured space (U,U) is defined as a measurable function U: Q — U, and for A € U, we
identify P[U € A] to P[{w € Q | U(w) € A}]. A transition kernel on a topological state space X equipped with its
Borelian o-field B(X) is an application P: X x B(X) — R, such that, for every x € X, A € B(X) — P(z,A) is a
probability measure, and for every A € B(X), z € X — P(z,A) is a measurable map. Then, a (time-homogeneous)
Markov chain with transition kernel P on (X, B(X)) and initial probability distribution v on B(X) is a sequence of
random variables ® = {¢; }+en valued in X, satisfying for every ¢ € N

P[(¢07"'7¢t)€AOX"'XAt|¢0Nlj]

= / 1 {(Io, AN 71‘,5_1) € AO X X At—l} P(l‘t_l,At)P(SCt_Q, d,It_l) NN P(Io,dxl)l/(dl‘o)
Xt+1

where for every probability measure v on B(X), we have equipped (2, F) with a probability measure P[-|¢g ~ v].
We define the t-step transition kernel by P*(z,A) = Pl¢; € Alpg ~ 8] for every t > 0 and A € B(X).

The sequence {(m¢, p?, p$, ot, Ct) }ren introduced in Section 2.1 defines a time-homogeneous Markov chain on the
state space R3 xR y xS¢ . This is immediate from the observation that the definition of (m41,pf, 1,541, 0t+1, Ces1)
depends only on the previous state (ms, py, p§, o+, C¢) and the independent random input Utlﬂ, e Ut’\H. However,
when the mean converges to the optimum of the function, the stepsize oy, the covariance matrix C; and the path
p$ converge to 0. Therefore, this Markov chain is not Harris recurrent (it does not revisit every neighborhood of
any state infinitely many times). Yet, as illustrated later in (2.18) and Proposition 2.3, our methodology to prove



linear convergence [8] relies on a Law of Large Numbers which motivates to have a positive Harris recurrent Markov
chain (with a stationary probability distribution) and, more generally, a chain stable enough to apply an ergodic
theorem [35, Theorems 13.0.1] and satisfy a Law of Large Numbers [35, Theorem 17.0.1]. Therefore, we define
a normalized process, candidate to have a stationary distribution, underlying the CMA-ES algorithm. Consider
R: 8% + — Ry a normalization function which is

R1. (positively) homogeneous with degree 1, i.e., for every A € ST, and p > 0, R(pA) = pR(A),
R2. locally Lipschitz continuous,
R3. differentiable on a nonempty open subset of th_.

Assumption R1 is required to define a normalized Markov chain, see (2.14) below, as proven in Proposition 2.2.
Assumption R2 is used to prove irreducibility and aperiodicity of the normalized chain, notably for the verification
of condition H2 introduced in Section 4.1. Later, Proposition 5.7 uses R3 to prove a maximal rank condition.

We give examples of normalization functions that satisfy these assumptions.

Proposition 2.1. The d-th root of the determinant, det(-)'/?, and the i-th largest eigenvalue, \;(-), for i €
{1,...,d} counted with multiplicity, are functions defined on Sj‘h that satisfy R1-R3.

Proof. The proof of the property R1 is immediate from the linearity of the determinant as a function of the columns
of the matrix and the definition of an eigenvalue. For the properties R2 and R3, we know that the determinant of a
matrix is a polynomial function of the coefficients of the matrix [29, Section 0.3], hence it is infinitely differentiable
and in particular is locally Lipschitz [13, Proposition and Corollary 2.2.1]. For the eigenvalues, A;(-) is locally
Lipschitz on Sﬁlr +» as a consequence of Weyl’s theorem [29, Corollary 4.3.15]. Besides, A;(+) is infinitely differentiable
on a neighborhood of any symmetric matrix with eigenvalues that have simple multiplicity [40, Theorem 5.3]. O

Given the CMA-ES Markov chain {(m, py, p$, o¢, Ct) hren defined in Section 2.1 and a normalization function
R, we define the normalized chain ® = {(zt,pt, g, Bt,7¢) }+>1 as follows.? For all ¢t > 1, we set

— —x” — 0 — Py _ _GC _ _R(Cy)
ot = %7 Pt =Dt Gt = \/ﬁ? Et - Tét)’ Tt = R(Ctil) . (214)

We prove below that when the objective function is scaling-invariant, the normalized chain defined by (2.14) is a
time-homogeneous Markov chain that can be defined independently of the original Markov chain {(m, py, p¢, o+, Ct_)}teN.

We establish first that on scaling-invariant functions, the permutation sorting the candidate solutions m;+o¢v/C Uy
also sorts the vectors z; + /X Uf,q, fori=1,... A

Lemma 2.2. Let t > 1 and suppose that the objective function f satisfies F2. Let s;v1 € &y be a (random)
permutation that sorts the indices i = 1,..., X with respect to the f-values of m; + Jt@Uf+1. Then, syy+1 also
sorts the indices i = 1,...,\ with respect to the f-values of x* + z; + \/EitUtiH. Moreover, we can ensure the
uniqueness of siy1 by imposing a tie-break (cf. Section 2.1).

Proof. Let i =1,...,A. By definition of z; and 3;, we obtain

f (m* + 2z + \/EtUtiH) =f (Jc* + R(C) Y20, x |my —a* + at\/CtUtiHD .
We conclude by using the definition of a scaling-invariant function (2.13). O

From the previous lemma, we deduce in Proposition 2.2 below that the normalized chain defined in (2.14) is a
time-homogeneous Markov chain that can be defined independently of the original Markov chain. Indeed, given R
satisfying R1, denote with a slight abuse of notation (since we use the same notation as for (2.14) with however
a different time index) the time-homogeneous Markov chain ® = {¢:}1>0 = {(2t, D1, @, 2, 74) }e>0 defined via

2The definition of ¢; in (2.14) suggests transforming p¢ in (2.7) like Ctl/QCt_jlﬁpf to avoid the time index ¢ — 1 in (2.14). Then, p§,

would become equal to Cl/Qp" . We can prove unbiasedness for p” and affine invariance with p¢ and ¢, = 1 [6].
t Pty1



o €Y =R x R71({1}) x R4 (where R7}({1}) = {E € §¢, : R(X) = 1}) and the following recursion

2t + C /W, Utsfll R (2, VX Sow Utsfll)
Vi1 L(pet1) Vi1 L(pis1)
P = (1= co)pt + Vo (2 — o) pearw, UL = F2 (pr, w, USH)

71/2 Ty
Fp /> Ty
di+1 = tW t+1

1T
Et+1 —7"t+1Fcl c“<zt7qt+1’ \/ wa |: ;j»*ll( :| [Ufiﬁl(l)} \/Et>

241 =
(2.15)

. 1T
re = Ro F(/l CH<Et7Qt+1a \/>Zw [ f_fil(l):| |:Utj_+11(l)} \/2>t>

with U = {Uy41}ten an ii.d. process independent of ¢g with Uy = (Uf,...,U) ~ (v&)®*, and s441 the (almost
surely unique) permutation that sorts the f(z; ++/3:U{, ), i =1,...,X. Moreover, Ut‘:"_ﬁl denotes the collection of

vectors (Ufﬁll(l), ey Utsfll(/\)). Remark that in (2.15), the update of the covariance matrix ;11 writes
by
S = Tl
R(3¢41)

where 2t+1 is the covariance matrix to which we apply the rank-one and rank-mu updates, i.e.,
. 1T
iy = ngc <2t7(h+1, ﬁzw { tsrll z)] [Ujﬁl(z)} ,/Et>

1T
= (]_ —C1 — )2t+01qt+1 qt+1 +CHV Zw |: tsfjl ] {Utsjjl(z)} kV4 Et s (216)

where F c(f e is defined via (2.11). Similarly 7411 can be expressed using XN]t_H as

Tt+1 = R(it_;'_l) .

The update of ¢; in (2.15) defines a function Fg such that

bri1 = Fa(or, USLT) (2.17)

We prove in the next proposition that if f is scaling-invariant, the normalized chain defined in (2.14) can be defined
independently of the original CMA-ES chain via the recursion (2.17) provided it is initialized properly. While the
normalized process (2.14) imposes t > 1, the next proposition defines this process via the recursion (2.15) and thus
allows to start with any time index.

Proposition 2.2. Suppose that the objective function f satisfies F2 and that the normalization function R satisfies
R1. Let {(m,p?,pf, Ci,0¢) bien be the chain associated to CMA-ES defined in Section 2.1 and ® = {¢1},5, =
{(z1, pt, @1, ¢, 71) }i>1 be the normalized process defined via (2.14) fort > 1. Then ® is a time-homogeneous Markov
chain valued in the state space Y = (R%)3 x R71({1}) x R, that satisfies

b1 = mi . Py Ci R(Cy)
'\ ol /RC) " /R(Cy) R(C1) R(Co)

and for t > 1 we have
brr1 = Fa(dy, U

where Fg is the function in (2.17) defined via the equations (2.15), s;r1 € Gy is a permutation that sorts® the
f@*+ 2+ VEUL,), i=1,...,) and U = {Upy1 }+>1 is the i.i.d. process used to define {(m¢,p7, p§, Cr,01) ben,
thus independent of ¢;.

3We always sort increasing and, as explained in Section 2.1, in case of a tie between the f-values of the candidate solutions of indices
i and j with 4 < j, we impose s;+11 (1) < s;_ll (j) to ensure the uniqueness of the permutation s¢11.



Proof. By Lemma 2.2, it is sufficient to show that (2.15) holds for every ¢ > 1 in order to prove that ® is a time-
homogeneous Markov chain. Let ¢ > 1, and consider the matrix 3, defined in (2.16). Since Fg’% is homogeneous
with respect to its first variable, positively homogeneous of degree 2 with respect to the second variable, using (2.14)
and the definition of Ciyq in (2.12) we find

S = R(Cy) 'Cyy1 .

By the property R1 applied to the previous equation we obtain R(le_l) = R(C;)"'R(C441) = r411. Furthermore,
the following holds

1 =R(Cp1) 2oy X (mygy — 27)
_rt+11/2R(Ct) 125 F(ptH) 1 lmt —z" + o/ C Z me::il(Z)]

(Ztv V WT Utsril)
VTl (Pes1)

2+ V2 Z w U

—r T (1) ™" %

where F" is defined via (2.3). Moreover,
i1 = R(Cis1) 'Cia

(I —e1=¢)Cr + er(pis) (Pi4) +Cuzw (\ﬁ St+11( ><\/> SHI(Z) ]

= R(Cpy1) "

_ -1
—’I‘H_l)(

o
(1—c1—cu)Ei + c1(qi1)(qe41) +CMZw <\/7US*+1()> (\/7U5f+1 )]

. N1 T
=r \FS . (Et,qt+17\/ Zw { tﬁl()} [Utﬁll()} /Et>

Finally,
Gt+1 = R(Cy)~ 1/2p§+1
—R(C) (1~ e + v ared@ — GIR(C)ACY2 Y upui
i=1
CP00= g + Vo2 — o) EWZMZ” n=re g, VEw LU
i=1
where F? is defined via (2.5). O

Now that we formally prove that the normalized chain defined in (2.14) is a time-homogeneous Markov chain
when the algorithm optimizes a scaling-invariant function, we recapitulate how its stability is connected to the
linear convergence of CMA-ES on scaling-invariant functions. For T' € N, using the definition of the normalized
Markov chain in (2.14) and the definition of the stepsize change (2.8) we obtain

1. mp -2 1«
—log ————1 = =Y "[log |1 — 2| — log [|m; — 2*]
T ||m0 — ac*|| T P
T-1
= =" (108 (21l VEGezjon ) g (IR )
+=0
1= 1. R(Ci)
Ot+1 t+1
=7 ; (1og [ze1]| — log ||z + log + 3 log R(Ct))
1= 1
=% (log |ze41]] — log ||ze]| + log T'(pes1) + 3 longl) . (2.18)
t=0



If the Law of Large Numbers applies to the RHS of (2.18), we obtain a limit of the LHS when T' goes to infinity.

If this limit is proven to be strictly negative, we have shown linear convergence of the underlying optimization
algorithm. In order to apply limit theorems [35, Theorem 17.0.1] and obtain a Law of Large Numbers, we require
the chain ® to be geometrically ergodic. Key assumptions for ergodicity are irreducibility and aperiodicity of
the Markov chain whose notions will be formally introduced in Section 3. We thus connected the stability of
the normalized chain to the convergence of the underlying optimization algorithm. More formally the following
proposition holds.

Proposition 2.3. Consider the CMA-ES algorithm defined in Section 2.1 optimizing a function f satisfying F2.
Assume that the process ®, obeying (2.15) with state space Y = (R9)? x R71({1}) x R4y (where R™*({1}) = {Z €
S_‘h : R(X) =1}), is an irreducible, aperiodic and positive Harris-recurrent Markov chain with (unique) invariant
probability measure 7. Assume moreover that the functions

(2,p,¢,%,7) €Y = log ||z]|,log '(p), log 7 (2.19)

are m-integrable. Then the CMA-ES algorithm behaves globally asymptotically linearly almost surely:

1 . 1
lim — log = lim E {log ”mt“x} = / <1ogr(p)+ 2logr) dr . (2.20)

T—oo T [lmg — 2*||  t—oo Iy — ||

[mz — 2|

Proof. The almost sure limit of the LHS in (2.20) follows directly from (2.18), LLN for ergodic chains [35, Theorem
17.0.1]. The limit of the expectation in (2.20) follows from the ergodic theorem [35, Theorem 14.0.1], since

[0 — ]|

1
o = log|[ze41]| — log [|z¢]| +1log T'(p41) + 5 logres1 -
[me — 2|

1
og 5

O

The previous proposition illustrates that proving irreducibility and aperiodicity of the chain ® is a stepping
stone to establish linear convergence of CMA-ES. Proving these properties will occupy Section 5. Later, we intend
to prove the geometric ergodicity by means of Foster-Lyapunov drift conditions [35, Theorem 15.0.1] that depend
on small sets (as given in Theorem 3.1). Characterizing small sets is facilitated by the topological T-chain property
as formalized in the next section.

3 Main Results I: Irreducibility, aperiodicity, and T-chain property of
normalized Markov chains underlying the CMA-ES algorithm

We present in this section one of the two main results of this paper stating the irreducibility, aperiodicity and T-chain
property of the normalized chains underlying the CMA-ES algorithm defined in (2.14). We start by introducing the
definitions of irreducibility, aperiodicity and T-kernel. Let P be a transition kernel on a state space (X, B(X)). We
say that P is irreducible when there exists a nontrivial nonnegative measure ¢ on B(X) such that, for every z € X
and every A € B(X) with p(A) > 0, there exists a positive integer k satisfying P*(z,A) > 0. When a measure ¢
satisfies this definition, we say that P is @p-irreducible.

When P is irreducible, the period of P is the largest integer £ > 1 such that there exist disjoint sets Dq,...,Dy €
B(X) with

©((D1U---UDg)?%) = 0 for every irreducibility measure ¢ of P (3.1)
P(x;,Dipq)=1forz; € D;and i =0,...,k — 1 (mod k). '
An irreducible transition kernel P always admits a period k > 1 [35, Theorem 5.4.4], and when k =1, P is said to

be aperiodic.

For any positive integer m, a set C € B(X) is called m-small when there exists a nontrivial measure v,,, on B(X)
such that P™(x,A) = v, (A) for every x € C and every A € B(X).

Given a probability distribution b on N, we define the transition kernel K, on (X,B(X)) as
Ky(z,A) =3 150 b(k)P*(z, A).

A substochastic kernel on (X, B(X)) is a function T: X x B(X) — R such that T'(-,A) is measurable for every
A € B(X) and T'(z,-) is a finite measure on B(X) with T'(z,X) < 1 for every x € X. We say that the substochastic
kernel T'is a continuous component of the transition kernel K, when T'(-, A) is lower semicontinuous on X, T'(x, X) > 0
and Kp(z,A) > T(z,A) for every € X and A € B(X). A transition kernel P on (X, B(X)) is called a T-kernel
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when there exist a probability measure b on N and a substochastic kernel T" which is a continuous component of the
transition kernel K. Moreover, we say that a Markov chain is irreducible, respectively aperiodic, a T-chain, when
its transition kernel is irreducible, respectively aperiodic, a T-kernel. We can now state our first main contribution
presented in the next theorem and its corollary. They constitute a first milestone towards a linear convergence
proof of CMA-ES. The complete proof of the following theorem is presented in Section 5 (cf. Theorem 5.1).

Theorem 3.1. Suppose that the objective function f, the normalization function R, the stepsize change I' and the
sampling distribution V{} satisfy F1-F2, R1-R3, T'l-I'3 and N1, respectively.

Let ® = {(2t,pt, e, B¢, 7¢) }e>1 e the normalized Markov chain underlying CMA-ES defined via (2.14) and P
its transition kernel. Assume that 0 < ¢y + ¢, < 1. Then,

(1) if ccyco € (0,1), ¢y >0 and 1 — c. # (1 — ¢5)\/1 — 1 — ¢, then P is an irreducible aperiodic T-kernel, such
that compact sets of R4 x R x R? x R71({1}) x Ry are small;

(i1) if cc € (0,1), ¢, =1 and ¢, > 0, then the process {(z¢, qt, Le, 7¢) i1 is an irreducible aperiodic T'-chain, such
that compact sets of R? x R? x R™1({1}) x R,y are small;

(iii) if c¢; € (0,1) and c. = 1, then the process {(z,pi, Xt)}i>1 9 an irreducible aperiodic T-chain, such that
compact sets of R x R x R~1({1}) are small;

(iv) if cc = co =1, then the process {(zt, L) hi>1 s an drreducible aperiodic T-chain, such that compact sets of
RY x R7Y({1}) are small.

This result covers the entire range of eligible hyperparameter settings for CMA-ES except when ¢; + ¢, = 1,
orc,=0and ¢, <1,0orl—c.=(1-¢ys)y/1—c1 —c, > 0. Most importantly, when cumulation is used in the
rank-one update, we need for our proof the rank-mu update. Without cumulation however (c. = 1), the rank-one
update is already sufficient to prove irreducibility and aperiodicity.

We finally formulate a particular case of Theorem 3.1. Using Proposition 2.1, Lemma 2.1 and Theorem 3.1, we
find that Markov chains obtained with some standard stepsize change of CMA-ES and normalized by its minimum
eigenvalue (possibly expressed in a different coordinate system which would be more fitted to the objective function
f) or det(-)*/4 are irreducible, aperiodic T-chains.

Corollary 3.1. Let H € S, . Consider the process ® defined via (2.14) with a normalization function R = det(-)'/4
or B = Ain(HY2 x - x HY2)/Apin(H) and with the CSA stepsize change I' = T'hg, or T' =T%g,, see (2.9) or
(2.10), respectively. Assume as in Theorem 3.1 that [ satisfies F1-F2 and the sampling distribution satisfies N1,
then under the same conditions on the hyperparameters as in Theorem 3.1, ® is an irreducible aperiodic T-chain.

4 Main results II: Extension of the analysis of nonlinear state-space
models

We present in this section our methodological extensions of tools to analyze the irreducibility, aperiodicity and
T-chain property of Markov chains. After reminding the basics in Section 4.1, we present two extensions.

First, some of the learning rate settings from Theorem 3.1(i), (ii), (iii) and (iv) give rise to a so-called redundant
Markov chain, where one state variable can be dropped to define another Markov chain. We thus introduce
redundant and projected Markov chains in Section 4.2 and explain how irreducibility, aperiodicity and T-chain
property of the projected chain can be deduced from an analysis of the redundant chain. The main result of this
section is Theorem 4.2.

The second methodological extension is motivated by the Markov chain (2.15) which is valued in a possibly
nonsmooth manifold since the normalization R(-) may be not continuously differentiable, for instance when R(-) =
Amin(+). To analyze such a chain, we apply a homeomorphic transformation, thereby defining a Markov chain valued
in a smooth manifold, and explain how irreducibility, aperiodicity and the T-chain property of the original Markov
chain can be deduced from an analysis of the transformed Markov chain.

These results are applied in Section 5 for the proof of Theorem 3.1.

4.1 Deterministic control model and sufficient conditions for irreducibility and aperiodicity

We introduce in this section different definitions and theorems our analysis is based on the original article [19] to
which we refer for more details. Let X and V be two smooth connected manifolds,* equipped with their Borel

4In the rest of the paper, manifolds will be considered as connected.
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o-fields, denoted B(X) and B(V), respectively. We later denote the dimension of X by n. The tangent space of X
at a point = € X is denoted T, X, and we denote distx and disty the distance functions on X and V, respectively,
which induce their respective topology. Consider a transition kernel P on (X, B(X)) associated to the Markov chain
following the update equation

bir1 = F(dr, a(dr, Upyr)) (4.1)

where F': X x V — X and a: X x U — V are measurable functions, and {U;1 }en is an i.i.d. process independent
of ¢y and valued in a measurable space (U,U), where U is a o-field of U.> We consider additionally the following
assumptions on the model.

H1. For any x € X, the distribution u, of the random variable a(x,Uy) admits a density p, with respect to a o-finite
measure Cy on V, such that

(i) the function (z,v) — p;(v) is lower semicontinuous;

(ii) for A € B(V), (v(A) =0 if and only if A is negligible, i.e., Leb(p(ANV)) =0 for every local chart (¢, V) of
V.

H2. The function F : X x V — X is locally Lipschitz (with respect to the metrics distx @ disty and distx ).

Below, Proposition 5.3 provides the Markov chain (5.3) that follows the control model (4.1) and satisfies H1
and H2 under mild assumptions on the objective function f and the stepsize change I'.

We define inductively the extended transition map S¥: V¥ — X associated to (4.1) for any k € N, 2 € X and
vk = (v1,...,0;) € VF as follows

SV =u (4.2)
S’;('Ul:k) =F (Sffl('l}l:kfl),vk) for k> 1. ’

From this definition, we obtain that if F is locally Lipschitz (respectively differentiable), then (z,v1.x) = S¥(vi.1)
is locally Lipschitz (respectively differentiable). Likewise, we define the extended probability density p¥: V¥ — R,

by
{ pi(v1) = pa(v1)

_ 4.
pE(v1e) = pF H(v1p_1) ¥ ps’;*l(vl;k,l)(vk) for k > 2. (4:3)

Given the Markov chain {¢;};en defined via (4.1), the function p¥ is a density associated to the random variable
(a(do,U1), ..., a(¢pr—1,Uk)), when ¢g = x. For € X and k € N*, we define the control sets of (4.1) by

ok = {vi € VE | pk (o) > 0} . (4.4)
Assumption H1(i) implies that these sets are open subsets of V¥. We define moreover
0 = {v1.00 € VV | Vk = 1,014 € OF} . (4.5)

We say that =* € X is a steadily attracting state, when for every z € X and every neighborhood U of z*, there
exists T' > 0 such that for every k > T, there exists vy, € O’; such that Sglj (v1.x) € U. When F is continuous, vy
can be taken in OF [19, Corollary 4.5], i.e., z* € X is steadily attracting if and only if for every neighborhood U of
x*, there exists T' > 0 such that for every k > T, there exists vi.x € OF such that S’;(vlzk) € U. In particular, if
for every z € X, there exists v1.o, € O such that S’f (v1.k) tends to x*, then z* is a steadily attracting state [19,
Corollary 4.5].
We formulate now the following controllability condition of a steadily attracting state.

H3. There ewist a steadily attracting state x* € X, an integer k > 0, and a path v, € OF. | such that OSE. (Vi) s
of mazximal rank.

For a locally Lipschitz function G: V¥ — X, 9G(v) is the Clarke’s derivative of G at a point v € V¥ which is a set
of linear applications between T, V¥ and T¢ ()X [19, Appendix B]. If G is differentiable at v, then dG(v) = {DG(v)},
where DG(v) denotes the usual differential application of G in v. We then say that OG(v) is of maximal rank when
its elements are of maximal rank, that is, of rank n (the dimension of X). When G is differentiable at v and DG (v)
is of maximal rank, then 0G(v) = {DG(v)} is of maximal rank. We base our analysis on the following statement.

5Since we do not assume U to be a topological space, we consider a general o-field U instead of its Borel o-field.
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Theorem 4.1 (Sufficient conditions for irreducibility and aperiodicity [19, Theorem 2.3]). Consider the Markov
kernel P defined via (4.1) such that H1-H3 are satisfied. Then P is an irreducible, aperiodic T-kernel, and every
compact set of X is small.

This theorem summarises the methodology we follow to analyze a normalized Markov chain underlying CMA-ES:
we prove that the chain satisfies (4.1) as well as conditions H1-H3° under appropriate conditions on the learning

rates, as well as on the functions f, T and R, and on the sampling distribution vg.

4.2 Irreducibility and aperiodicity of a projected Markov chain

The CMA-ES algorithm maintains two paths p{ and py that do not parametrize the probability distribution for
sampling candidate solutions but are used for (accelerating) the update of the covariance matrix and the stepsize,
respectively. Yet, when no cumulation for the stepsize path is used, i.e., ¢, = 1, or no cumulation for the rank-
one update path is used, i.e., ¢, = 1, the CMA-ES algorithm typically still works properly while it is sometimes
slower [18]. In these cases, the normalized Markov chain underlying CMA-ES can be described with fewer variables:
p¢ and p¢ boil down to random vectors that depend on the previous step only through the ranking permutation of
candidate solutions. In order to analyze those algorithm variants without repeating proofs with small variations,
we introduce here a method that allows to derive properties for a projected Markov chain from a redundant Markov
chain with a specific parameter setting. We define a redundant Markov chain as a Markov chain {(¢¢, &) }ten valued
in a topological product space X x Y such that the process {¢:}ien also is a Markov chain, valued in X. In that
case, we say that {¢; }ien is a projected Markov chain of {(¢y, &) hen-

Prior to that, we formalize the simplification of the normalized Markov chain of CMA-ES when at least one
cumulation parameter is set to 1. The proof is a direct consequence of Proposition 2.2 and thus omitted.

Corollary 4.1. Suppose that the objective function f and that the normalization function R satisfy F2 and R1,
respectively. Let {(mys,p7,ps, Ct,04) hten be the Markov chain associated to CMA-ES defined in Section 2.1 and
D = {d}i>1 = { (21, pe5 a1, e, 7e) b1 e the normalized process defined in (2.14).

(i) If ¢, = 1, then the process {(zi,qi, X¢,71) hi>1 defines a (time-homogeneous) Markov chain.
(ii) If c. = 1, then the process {(zt,pt, Xt) hten defines a (time-homogeneous) Markov chain.
(iii) If co, = c. =1, then the process {(z+, X¢) hren defines a (time-homogeneous) Markov chain.

Corollary 4.1 motivates the introduction of the notion of a projected chain of a Markov chain P, and to provide
conditions for irreducibility and aperiodicity as in Theorem 4.1. y

Define ® = {(¢¢, x¢) }+en a so-called redundant Markov chain on (X x Y, B(X x Y)), with transition kernel P,
such that

(¢t+17Xt+1) = F(¢t, Xt» d(¢tvxt7 Ut+1)) (4~6)

where F: X xY xV = XxY and @: X x Y x U — V are measurable maps, X,Y,V are (smooth, connected)
manifolds, (U,U) is a measurable space and {Uiy1}ien is an i.i.d. process valued in U, independent of (¢, x0)-
Assume H1-H2, and denote S'fw,y), Py and @éw) the extended transition map, the extended probability density
and the control sets associated to the control model (4.6), for every (z,y) € X x Y and k € N, respectively. Besides,
we suppose redundancy of the chain by assuming that the function & does not depend on the variable yx, i.e., there

exists a function « such that
a(o, x,u) = a(p,u) for every ¢ € X;x € Y,u € U. (4.7)

Furthermore, we suppose that ® = {¢; }+cn is a Markov chain on X with transition kernel denoted P, following the
next deterministic control model

¢r+1 = F(¢r, (b, Upt1)), (4.8)

with {U;41 }en being the i.i.d. process introduced to define the redundant chain via (4.6). Then, we say that ® is
a projected chain of d. As above, we denote Sf, p:’; and O’; the extended transition map, the extended probability
density and the control sets associated to the control model (4.8), for every x € X and k € N, respectively. The
next proposition connects the assumptions required for the two deterministic control models (4.6) and (4.8) that
are useful to show that ® and ® are irreducible aperiodic T-chains.

6Condition H4 introduced in Section 4.2 is required instead of H3 when ¢. =1 or ¢, = 1.
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Proposition 4.1. Consider the control models associated to the redundant chain (4.6) and its associated projected
chain (4.8). Then,

(i) if H1 (resp. H2) is satisfied for the redundant chain (4.6), then it is satisfied for its projected chain (4.8);
(ii) the closures of the control sets (’)(’f5 of the projected chain (4.8) equal the closures of the control sets (’N)@’X) of
the redundant chain (4.6), that is,

O =0k

() for every p € X, x € Y, k > 1; (4.9)

111) the extended transition maps and S , defined in (4.2), of the control models of the projected chain (4.8),
jit) th ded 47 Sfj, dS&X) d d 4.2 h I model h d ch 4.8
and the redundant chain (4.6), respectively, satisfy

Sg =1IIx o Séfaﬁ,x) foreveryp e X, x €Y, k> 1, (4.10)
where Iy : X x Y — X is the canonical projection of X x Y on X.

Proof. First, we prove (i). Suppose that the redundant Markov chain following (4.6) satisfies H1, i.e., for all
(¢, x) € XxY, the random variable &(¢, x, U1) admits a density p4,,) with respect to a o-finite measure (v satisfying
HI1, such that (¢, x,v) — P(g,y)(v) is lower semicontinuous. Let ¢ € X. By (4.7) we have a(¢, Uy) = &(¢,x, Uy) for
every x € Y. Let xo € Y. Then the random variable &(¢, xo,U1) admits a density p4,,) with respect to a measure
Cv on V satisfying H1(ii), and (¢,v) = Pg,y,)(v) is lower semicontinuous. Hence, a(¢,U;) also admits a density
with respect to (v denoted pg, such that py(v) = P(g,y,)(v) for every v € V. By uniqueness of the density up to a
null set, we obtain that, for ¢ € X and x € Y

Py(V) = Py (v) for (y-almost every v € V. (4.11)

Since (¢, v) = P(4,xo) (v) is lower semicontinuous, we obtain that (¢,v) = pg(v) = p(4,xo) (v) is lower semicontinuousand
thus the projected chain satisfies H1. For assumption H2, if Fis locally Lipschitz, then, since by definition we have
F(¢,v) =TIx o F(¢,x,v) for ¢ € X, x € Y and v € V, by composition F' is locally Lipschitz (Y being nonempty).

For (ii), from (4.11) and by definition of the control sets in (4.4), for every (¢, x) € X x Y, Of and (5& o only

differ by a {y-negligible set. Besides, both are open sets and ¢y is ,by H1(ii), a Borel measure, so O¢ = O(¢ ) (as

a direct consequence of Carathéodory’s criterion of Borel measures [15, Theorem 1.9]).
In order to prove (iii), we proceed by induction. Indeed, Sg = gi) = IIx(¢,x) = IIx o S(<Z> o Let k > 0 and

assume S =1TIIxo S(¢ 0 Let v1.p41 € VFL, we find S§+1(U1:k+1) = F(Séﬁ(vl:k),vkﬂ) =IIx oF(S (V1:k)5 Xks Vk+1)
where yi = Ily o S(¢7X) (vi.k) € Y. By induction hypothesis we find that IIx o F(Sg(vl:k),)(k,vkﬂ) = IIx o
F(Sﬁp X)(Ul:k)vvlﬁ—l) = Hx o Séfr;:)l()(vlik""l) and thus S$+1(U1:k+1) = HX 9] S@i_i)(vl:k_;_l). Hence S§+1 = HX (e}

Gk+1
S (6:x)" =

We deduce the following result, which characterizes the controllability condition for the projected Markov chain.
Proposition 4.2. Assume that F is continuous.” If x* = (¢*,x*) € X x Y is a steadily attracting state of the
redundant chain (4.6), then ¢* is a steadily attracting state of the projected chain (4.8).

Suppose moreover that there exists k > 1 and vi,, € @’; such that Sg’j* is differentiable at v, and for every
h? € Ty, X, there exists WX € Ty, Y, where (¢r, xx) = SE. (v}.,.) and with (h®,hX) € rge DSE. (v}.,.). Thenv},, € Og*
and DS} (vi,,) exists and is of mazimal rank.

Proof. Since F is continuous, we can use the definition of a steadily attracting set via taking the elements for the
k-step paths within the closure of the control sets (see Section 4.1) instead of the control sets. According to the

previous proposition (9 = Okd) ) for every ¢ € X, x € Y,k > 1 and we can thus easily prove that ¢* is steadily
attractlng for (4.8) When (¢*, x*) is steadily attracting for (4.6). Moreover, by Proposition 4.1(iii), we have that
S =TIlx o S(¢* .y- Then, by the chain rule [13, Corollary 2.6.6], we have

DK (v14) = DI (S5, oy (1)) 0 DSFye oy (vi)

ZHT XODS‘&&*,){*)(Ul:k)'

S(]Z* (1)

7 Alternatively, we can assume without loss of generality that for every ¢ € X, the density functions P(e,x) are identical for x € Y.
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Therefore every h? € ng* (v:,)X belongs to the range of DSQ* (vi.) (we use here that by assumption there exists

hX e THYS(¢* £*)(U;k)), making it a surjective linear map, hence of maximal rank. O

As a consequence, we derive sufficient conditions for irreducibility and aperiodicity of the kernel P of the
projected Markov chain ®. We replace the controllability condition H3 by the following.

H4. There exist a steadily attracting x*, an integer k > 0 and a path vi, € O, such that Sk, is differentiable at

x

v*,., and for every h? € TygX, there exists hX € T, Y with (h?, hX) € rge DSE. (v,,), where (¢, x) = Sk (v5,,).

Theorem 4.2 (Sufficient conditions for irreducibility and aperiodicity of a projected Markov chain). Consider the
control model of the redundant chain (4.6) and assume it satisfies conditions H1-H2 and H4. Then the kernel P
of the projected chain defined via (4.8) is an irreducible aperiodic T-kernel, and every compact set of X is small.

Proof. Denote x* = (¢*, x*). Since x* is steadily attracting for (4.6) and since F' is continuous by H2, then by

Proposition 4.2 ¢* is steadily attracting for (4.8). Besides, by Proposition 4.1(ii), we have v}, € Ok, = @g* By

Proposition 4.2 again, we find that ’DS;’Z* (vi;) exists and is of maximal rank. We complete the proof by applying
Theorem 4.1. O

Theorem 4.2 is used later to analyze the normalized chain defined in (2.14) when ¢, = 0 or ¢, = 0. Even though
Theorem 4.1 could be applied directly to the projected chain, this generalization allows to find a steadily attracting
state and prove a controllability condition on the same chain for all settings without repeating the same proof.

4.3 Homeomorphic transformation of an irreducible aperiodic T-chain

The state space of the chain ® defined via (2.14) is not a smooth manifold if the normalization function R is not
continuously differentiable on S¢,. In order to include nonsmooth functions R in our analysis (for instance if R(-)
is the minimal eigenvalue of a positive definite matrix), we apply Theorem 4.1 (or Theorem 4.2 when we do not
have cumulation) to a Markov chain O, defined as a homeomorphic transformation of ®, such that the state space
of © is a smooth manifold. This is achieved in Sections 5.1 to 5.4. Now, we explain why it is sufficient to prove
that the transformed chain © is an irreducible, aperiodic T-chain to have the same properties on ®.

Theorem 4.3. Let £: Y — X be a homeomorphism between the topological spaces Y and X, equipped with their
respective Borel o-fields. Let ® = {¢+}ien be a (time-homogeneous) Markov chain with state space Y, and define
© = {{(¢¢)}ten. Then,

(i) © is a (time-homogeneous) Markov chain with state space X;
(i) if © is irreducible (resp. aperiodic, a T-chain), then ® is irreducible (resp. aperiodic, a T-chain).

Proof. First, we prove (i). Denote P the Markov kernel of ®. If the distribution of £(¢g) is d, for = € X, then ¢ is
distributed under d¢-1(,). For A € B(X) and x € X, we have then

PlE(d1) € Al &(¢o) =a] =P [p1 € £ (A) | g0 = £ (2)] = P (), (A))

Moreover, P(§71(),£71(-)) defines a Markov kernel for ©. Indeed, since ¢ is a homeomorphism, £~ is continuous
and thus measurable. In particular the k-step transition kernel of © equals P¥(¢71(-),£71(-)) (where P* is the
k-step transition kernel of ®). Thus © is a time-homogeneous Markov chain.

Now we prove (ii). Suppose that © is irreducible, i.e., the kernel P(£71(-),£71(-)) admits a nontrivial nonnegative
measure 9 on B(X) such that for 2 € X and A € B(X) with ¥(A) > 0, there exists k > 0 with P*(¢~1(z),£71(A)) > 0.
Then, for every B € B(Y) such that ¥(£(B)) > 0 and for every y € Y, there exists k > 0 with P*(x,B) > 0, i.e.,
® is ¥ o &-irreducible. Likewise, for every irreducibility measure ¢ of ®, then ¢ o £~ is a irreducibility measure
of ©. In particular, every irreducibility measure ¥ of © can be defined as ¢ o £~! for some irreducibility measure
o of ®. Moreover, denote k > 1 the period of ©, i.e., k is the largest integer such that there exists disjoint sets
Di,...,Dy € B(Y) with

©((DyU---UDg)¢) =0 for any irreducibility measure ¢ of ®
P(E Y (y), 61 (Diyq)) =1 fory; €Dyand i =0,...,k—1 mod k.

Therefore k is the largest integer such that there exists disjoint sets Cq, ..., Cy € B(X) with
e(EHCLU---UC,)?) =0 for any irreducibility measure ¢ of ®
P(z;,Ciyq1)=1forz, € CGandi=0,...,k—1 mod k.

15



Hence, the period of ® equals k the period of ©. In particular, if © is aperiodic, then ® is aperiodic.

Suppose now that © is a T-chain and let T': XxB(X) — R be a substochastic kernel such that K,(£71(+),£71()) =
T for some probability distribution b on N, T'(-,X) > 0 and x — T'(z, A) is lower semicontinuousfor A € B(X). Then,
if we define T"(y, B) = T'({(y),&(B)) for y € Y and B € B(Y), we obtain that T” is a substochastic kernel such that
Ky, > T’ for some probability distribution b on N, T7(-,Y) > 0 and that y — T(y, B) is lower semicontinuousfor
every B € B(Y). Therefore, ® is a T-chain. O

5 Proof of Theorem 3.1

The objective of this section is to prove Theorem 3.1. To do so, we investigate nonlinear state-space models
associated to the recursion (2.15) using the theoretical tools presented in Section 4.

Since the normalization function R is not assumed to be smooth, we consider a transformed Markov chain—for
which we can apply Theorem 4.3—valued in a smooth manifold and which can be transformed via a homeomorphism
into the normalized Markov chain (2.15). In Section 5.1, we introduce the control model associated to this
transformed process and verify the conditions H1, H2 reminded in Section 4.1.

Then, a last condition, H3 or H4,® is proven in two steps: Section 5.2 proves the existence of a steadily attracting
state (defined in Section 4.1) and Section 5.3 shows that a required controllability condition is satisfied. We conclude
the proof in Section 5.4, where the Markov chains associated to the different learning rate settings are analyzed,
based on Theorem 4.2.

5.1 Definition of normalized chains underlying CMA-ES following (4.1) and satisfying
HI1-H2

In order to apply Theorem 4.1 to the normalized CMA-ES Markov chain defined via (2.14), we require the state
space Y = R3? x R71({1}) x R4 1 to be a smooth connected manifold. As mentioned in the previous section, this is
not necessarily true unless we assume that the normalization R is continuously differentiable. Hence, we introduce a
homeomorphic transformation of the normalized chain which lives on a smooth manifold. Consider p: Sjlr L= Ry
a map satisfying

pl. the function p is (positively) homogeneous and p(15) = 1,
p2. the function p is smooth (C*°) on 8¢, .

We keep this smooth normalization function abstract for the moment and will take it equal to p(-) = det(-)*/¢
for proving Theorem 3.1. Define now

& Y= X

_ 5.1
(2,0,¢.2,7) = (2,p,¢,p()7' 2, 7) (5-1)

where X = R? x R? x R? x p~!({1}) x Ry . Then, as stated in the next proposition, X defines a smooth connected
manifold.

Proposition 5.1. Suppose that the map p: th — Ry satisfies pl-p2. Then, the set X = R x R? x R? x
p~r({1}) x Ry is a smooth connected manifold of dimension 3d + d(d + 1)/2.

Proof. First note that the set M := R34 x SfiJr x R, 4 is an open subset of the Euclidean space R3¢ x S¢ x R, hence
is a smooth submanifold of dimension 3d + d(d + 1)/2 + 1. Moreover, N := R is a smooth manifold of dimension 1.
Define then the map
o: M—N
(22,4, 3,7) = p(3).
Then, by p2, g is smooth. Moreover, it is a submersion at every point of M. Indeed, let (z,p, ¢, X,7) € M, and let
€ (—1,1). Then,
0 ((vav q, 3, T) + (0, 0,0,e3, 0)) = p((l + E)E) = p(z) + Ep(E)

by pl. Therefore, by Taylor expansion and since the derivative Dg(z, p, ¢, ¥,7) is linear, we have

D@(Z,p7 q7 E’ r)(07 07 0’ /4/27 O) = Hp(2)7

8H3 for case (i) and H4 for cases (ii), (iii), (iv) of Theorem 3.1.
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for every x € R, with p(X) > 0. Hence, Dg(z,p,q, =,7): R3? x S¢ x R — R is surjective and thus g is a submersion.
Therefore, by the submersion level set theorem [31, Corollary 5.14], X = g~ 1({1}) is a smooth manifold of dimension
3d+dd+1)/2+1—1=3d+d(d+1)/2.

Let us prove now that X is connected. Since R3¢ x R, is connected, it is sufficient to prove that the manifold
p~1({1}) is connected, and thus sufficient to prove that p=!({1}) is path-connected [31, Proposition 1.11]. Let
20,21 € p~'({1}). Since 8¢, is connected, there exists a continuous path v: [0,1] — 8%, with v(0) = %
and v(1) = £;. Define then the path 4: [0,1] — p~1({1}) by 4(t) = v(t)/p((t)) for t € [0,1]. Since v and p
are continuous, then % is continuous. Besides, 4(0) = Xo/p(Zp) = 3o and 4(1) = X1/p(X1) = X1, ending the
proof. O

Moreover, the map £ defined in (5.1) is a homeomorphism as stated below.

Proposition 5.2. Suppose that R and p are both continuous and satisfy R1 and pl. Then, the map £ defined in
(5.1) between the sets Y and X is a homeomorphism and
£ X=Y

(2.0.¢.2,7) (z,p,q,R(ﬁ:)*lﬁl,r) . (5.2)

Proof. We can easily verify that the expression of the reciprocal function of ¢ is (5.2). Then &¢~! (resp. £) is
continuous since R (resp. p) is continuous and takes value in Ry ;. O

We formalize in the next lemma the update equations for {0;}reny = {&(¢t) }ren-

Lemma 5.1. Suppose that the normalization function R satisfies R1 and let ® = {¢;}ien be the Markov chain
defined via (2.15). Let p be a normalization function satisfying pl and let £ be the homeomorphism defined in (5.1).
Then the Markov chain © = {0;}ren = {€(d¢) hren satisfies

_FT (20 R(Z) 1w, U
A1 = \/7_“rt+1F(Pt+1)

_ St41
P41 = FE (pt’met-i-l )

qi+1 = FY (r; q, \/ R(Z) ' Sw, U
FS o, (RED S an RE) /B Dy o [0/ [0 0] V3
pOFu(i,c“ (R(ﬁ:t)_lgt»QtJrl,R(ﬁ)t)_l\/gtzle w§ {U:rlrl(j)] [U:j‘jlm] T\/gt)
C S \—1% S \—1./% 7 c [rrse+1(9) se41(7) T3
rep1 = Ro FY | R(3e) 7™ 8, qrrr, R(Z0) ™IV 2 D00 wy |:Ut+1 } [Ut-i-l } 7}

(5.3)

it =

where {Up11 hen is an i.i.d. process independent of 0y = (zo, po, qo, 0, ro) = &(¢o) distributed in the measured space

U= (RH with Uy ~ 1/5, and s¢y1 1S a permutation of Sy that sorts the f-values of x* + z; + \/R(ﬁ]t)*lﬁ)tUtﬂ_l,
fori=1,... .

Proof. Since for t € N, according to (5.2), we have that X; = R(ﬁ]t)_lﬁ]t, the update equations for py11, qri1 ,re+1
and z¢41 in (5.3) are deduced directly from Proposition 2.2 where we replace 3; by R(X;)~13;. Moreover, we have,
by Proposition 2.2 and using the definition of ;41 in (2.16)

S Y1 i1 R(Zi41)
t+1 = = = X =
P(ZBit1)  R(Zii1)  p(Zera)

i 3 3 4 st i T
CCI’C“ ( 0ot VIR DD W [Lfﬁl( )} {Ut-‘:ll( )} VE: Et)
p o C(E,CH ( ty Qt+1, \/Z ?:1 'LUf [[Ttsjjil (l):| |:U:i+11(z):| \/—t>

The proof ends by replacing 3; by R(3;)~13,. O

Using Theorem 4.3, we can transfer the irreducibility, aperiodicity and the T-chain property from the Markov
chain © to the original normalized chain ® we are interested in. Our objective from now on is to prove that the
Markov chain © is an irreducible aperiodic T-chain. Our strategy for that is to apply Theorem 4.1 and verify that
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the required assumptions are satisfied. We first prove that © follows a deterministic control model of the form (4.1),
described in Section 4.1.

Consider the smooth manifold X = R x R% x R? x p=1({1}) x R, ; (see Proposition 5.1) that defines the state
space of the Markov chain © and let V := R%. We define

ag: XxU -V
. = s —— (1)
((Zap,lI,E,r)a(ul,...,u’\)) — {’/R(Eﬁ)u Fla*taty/RE) TS . (5.4)

i=1,...,u

where given g: A — R a function and v € A we have used the notation sg for a permutation that sorts increasingly
i . . &1 & . .

the g(v*), i = 1,...,\. Consider the (27,p™,¢", X ,rT) the update of § = (z,p,q, X, r) given the random input

equals v = ag(f,u) that is

T
+_ z+ CmW,, U (55)
VrtL(pt)

Pt = (1= co)p+ Va2 — colpen REE)E™ w]lo (5.6)
gt = r_1/2(1 —c)qg+Vee(2 - CC)/,Leﬂ‘W;I;l'U (5.7)

2"' (1—c1— cM)R(ﬁ)—lf) + Clq+(q+)T +cu Zg:1 wicvw;r

= - - (5.8)
p (1= 1 = IRE) IS + et ()T + e Xy wivie] )
m
r* =R ((1 — 1 — ) RE) IS + gt (qh)T + e wav,-v?) . (5.9)
i=1

This update defines a function Fg: X x V — X such that
(*.p", 0" 2T r7) = Fol(2p,4.3.7), a6 (6,u))
that can be expressed as
Fo((:0.4,5,7), (0., 0") = (Fu(2,p,0. R(E) 7' 8,750), Fyp, ()" 5:0), Fyla, 730),
Fg(q,R(f))_lf],r;v),FT(q,R(fJ)_lﬁ,r;v))T (5.10)

for (z,p,q, f],r) € X and (v',...,v") €V, and where F,, F,, F,, Fs and F, are defined as follows

F.(2,p,¢,%,m;0) = Fr(g, 2, r30) 7T 0 Fy(p, Z50) ' FR (2, w,,0) (5.11)
Fy(p, Z;v) = FY (p,=712w ] v) (5.12)
F‘Z(Qa r; U) = Fcpc (ril/Q(L W;LU) (513)
FC 3, F (g, mv), Yo wiviv,
Fs(q. 2, r50) = — = (& Fila ;) S )T (5.14)
po Fcl,c“ (E’ Fy(q,7;v), Zi:l Wy v, )
m
F.(¢,%,r;v) =Ro FCCM,M (E,Fq(q, 3, rv), wavmj) . (5.15)
i=1

Then, as stated in the next proposition, © follows the model described in Section 4.1 with the functions Fg and
ag defined above.

Proposition 5.3. Suppose that the normalization functions R satisfies R1 and p satisfies pl. Then, the Markov
chain © = {(zt,pt, qt, Xt,74) }en defined by (5.3) satisfies

0t+1 = F@ (0,5, a@(Gt, Ut—‘,—l)) (516)
where Fg is defined in (5.10) and ag in (5.4).
Proof. Straightforward by Lemma 5.1. O
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Before to prove that the control model (5.16) associated to the Markov chain © satisfies the assumptions H1
and H2, we characterize in the next lemma the density of the random variable ag (6, U) for § € X and U ~ (v&)®*
assuming that the objective function is the composite of a strictly increasing function with a function with negligible
level sets and the distribution v¢ is admits a density positive everywhere with respect to the Lebesgue measure.
The latter assumption could be relaxed with more work, but for the purposes of this paper we only consider positive

densities.

Lemma 5.2. Suppose that the objective function f satisfies F1 and that the probability distribution 1/5 satisfies
N1. Define, for any 0 = (z,p,q,ﬁ),r) € R? x RY x R? x Si+ xRy and v = (vq,...,v,) € R¥*,
Al

p2x(v) = m1{f,k(z +VE01) < < fulz + V) L = QL () T pE (v1) - p (vy) (5.17)

with & = 3/R(X) where R is the normalization function used in (5.4), sz(u) = [1{fu(z + VEE) < fulz +
VEu) vk (dE) foru € R, and f, = f(-+a*). Then, p.x defines a density (with respect to Lebesgue in R¥*) of
the random variable £~ *ag(0,U), where U ~ (v&)® such that the density of ae(0,U) equals

1
vdet X

Besides, when R is continuous, the function ((z,p,q, ﬁ],r),v) € R3% x Sjl_+ xRy x R# sy P, ﬁ:/R(ﬁ:)(”) is lower

v — det 2_1/2pz,g(2_1/20): pzyz(E_l/zv) ) (5.18)

semicontinuous and thus the density function (5.18) is lower semicontinuous as well.

Proof. Let U', ... U> be independent random vectors identically distributed under the probability distribution 1/{},
and denote U = (U',...,U™). Let § = (2,p,q, 2,7") € R? x R? x R? x Sj‘f_+ x R4 4. Since the objective function f
satisfies F'1, then the random vector V = » 2cv®(0, U) satisfies almost surely

V= > 1{f* (z + \/EUU(1)> <. < f, (2 + \/EU"W)} % (U"“%...,U”“”) .

[ASICIN
where &) is the set of permutations of {1,...,A}. Hence, by symmetry,
1

ceSy
A

< II 2{r (z+ VB0 @) < 1 (24 VEUT D) b x (070, o).

k=p+1

Let : R% — R, be a smooth map with compact support. We have

E[n(V)] = ﬁ ;5: /l{f* (z—i—\/iug(l)) <o < S (z-i-\/iug(ﬂ))}

X ﬁ 1 {f* (z + \/iug(u)) < fs (Z + \/Euo(k))}

k=p+1

X n (ug(l), . ,ug(u)) p?](ul) .. .pg,(uk)dm cooduy.

However, observe that, for each k =+ 1,..., A, we have

/1 {f* (z + \/EUU(MO < f« (z + \/iua(k))}p‘g,(ug(k))duo(k) =1- QZTE (uo(u)) .

We deduce the desired result. Since the composition of lower semicontinuous functions is lower semicontinuous and
since f is continuous, when R is continuous, the function ((z,p,q,%,7),v) — p, E/R(i)(v) is lower semicontinuous.
O

Furthermore, under assumptions detailed in Section 2.2, we verify that H1 and H2 hold.
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Proposition 5.4. Suppose that the objective function f satisfies F1-F2, that the normalization function R satisfies
R1-R2, and that the stepsize change I is such that T'1 hold. Suppose moreover that p satisfies pl-p2. Consider
the Markov chain © = {(z¢,pe, qr, 3¢, 7¢) Yeen defined by (5.3). Define the functions Fo and ag via (5.10) and (5.4)
respectively. Then, © follows (5.16), and H1-H2 hold.

Proof. By Lemma 5.2, we find that H1 holds , with ¢y being the Lebesgue measure on V = R% . Furthermore,
using R2, p2 and I'l, we deduce, by composition, that H2 is satisfied. O

5.2 Finding steadily attracting states

In this section and in Section 5.3, we prove that the control model (5.16) satisfies condition H3.? This is required
to apply Theorem 4.1'% and find that the Markov chain © obeying to (5.3) is an irreducible aperiodic T-chain. In
this section, we focus on the existence of steadily attracting states. This is formalized in the next proposition.

Proposition 5.5. Suppose that the objective function f satisfies F1-F2, that the stepsize change satisfies T'1-I'2,
that the normalization functions R and p satisfy R1-R2 and pl-p2 respectively, and that the sampling distribution
v is such that N1 holds.

Then (0,0,0,14,1 —c1 —c,,) is a steadily attracting state for the control model (5.16) with the functions Fg and
ag given by (5.10) and (5.4), respectively.

Proof. Let 6y € X. By Lemma 5.3, we find v; such that S;O (v1) = (0,p1, q1, 3, r1). If g1 # 0, by Lemma 5.5, we set
vg, v3 such that Sgﬂ (v1.3) = (0, p3, 0, 3, r3). Using Lemma 5.6 we reach via a 4(d— 1) steps a state § = (0,-,0,1,4, ).
Using Lemma 5.7, we complete the path v; in case g1 = 0 or vy, v2, v3 otherwise into v1.0c = (v1,02,...) € Oge such
that limy_, oo Sgo (vi:k) = (0,0,0,14,1 — ¢ — ¢,). This implies [19, Corollary 4.5] that (0,0,0,Iq,1 —c1 —¢,) is a
steadily attractive state. O

The proof of Proposition 5.5 relies on Lemmas 5.3 and 5.5 to 5.7 below. First, we state the next proposition,
which is useful to provide candidates for the paths between an initial state and the steadily attracting state given
by Proposition 5.5.

Proposition 5.6. In the context of Proposition 5.5, let 0y = (zo,po,qo,ﬁlo,ro) e X, let k 2 1 and vy =

(v1,...,vx) € V¥ be such that for i = 1,...,k, we have v; = [v},...,v!'] € R¥ with v} = ... = v!' € RL. Then,

V1:.k € Ogo'

Proof. We prove here that v; = [v1,...,91] € O} . By Lemma 5.2, it is sufficient to prove that there exists a
0o

L. .. wh] € R¥}, ey which converges to vy such that sz’zo(Eal/an) > 0 for all n € N, where
3o = R(ﬁ]o)_lﬁlo and p, 5, is the density defined via (5.17). Moreover, by N1 and by definition of p., s, it is
sufficient to prove that for every n € N, f(zo +wl) < --- < f(z0 +w#). Furthermore, by F1, for every n € N, there
exists 2}, ..., 2 € B(zo +¥1,1/n) such that f(z}) < --- < f(2/). We take w?, = 2z — zg fori=1,...,pand n € N.

Then w,, converges to v; and belongs to (9507 so that v, € (’)(_1)0. Similarly, vy € (’)391 (1) for all x; and using the
90

sequence {w, = [w}

continuity of v — Sj (v) in vy, we deduce that vy € (9730 = {(x1,22)Ipg, (x1) X Pg1 (z,)(2) > 0}.  Similarly we
0

obtain that vy, € (’)50. O

The following lemma is the first step to build a path between an arbitrary initial state 8y € X to the steadily
attracting state 6* = (0,0,0,14,1 —¢; —¢,,) given in Proposition 5.5. More precisely, it shows that from 6y € X, we
can reach via a one-step path a state 6; such that z; = 0.

Lemma 5.3. In the context of Proposition 5.5, let 6y = (20, po, 9o, 3o, ro) € X. Then there exists 61 = (0, p1, q1, 3, ry) €
X and vy € Oéo such that S(}O (v1) = 01. Moreover, we can choose v1 as a function of zg such that vy goes to 0 when
zo tends to 0.

Proof. Let v; = —c;! X [20,...,20] € (R))*. It belongs to 0750 by Proposition 5.6. Set 61 = (21, p1, 41, ﬁ)l,rl) =

Sg, (v1). Then, 21 = F. (20, po, qos So/R(Z0),mo;v1) = 1 /*T(p1) ™1 % (20 — em X e W, [20, - -, 20]) = 0, see (5.5).
We have used in particular that ) w}* = 1. O

90r condition H4 if we assume no cumulation on the stepsize or the covariance matrix.
100r Theorem 4.2.
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We make the following observation when the mean zg is in 0: by performing one step via v; = (ug,...,u;) for
any u; in R?, we can find a zero mean again in two steps by choosing a path v1.o appropriately.

Lemma 5.4. In the context of Proposition 5.5, let 8y = (0, po, qo, 20,’]"0) € X. Then, given v1 = (u1,...,u1) € (9750

1

for some u; € R%, and by defining 6, = (zl,pl,ql,ﬁl,rl) = Séo(vl) and vy = frl_l/QF(pl)’ v1, we have that

V12 = [v1,v2] € OF and 0y = (22, pa, g2, B2, 72) = S5 (v1:2) satisfies z = 0.
Proof. By Proposition 5.6, we have vy € Oéo and vy.9 = [v1,v9] € 030' Moreover, we have

20 =15 0(p2) ™ ¢ (10 (00) T ¢ (04 en) = ery V(o) T ) = 0

ending the proof. O

Next, from any initial state 8y € X with zg = 0, we reach via a two-steps path a state 8, € X with z, = 0 and
g2 = 0.
Lemma 5.5. In the context of Proposition 5.5, let 6y = (0, po, qo, ﬁ]g,ro) € X such that qo # 0. Then, there exist

02 = (0, p2,0, 2277‘2) e X and vy € (9750 such that Sgo (v1.2) = 02. Moreover, we can choose v1.2 such that vy.2 — 0
when qo tends to 0.

Proof. Let u; € R% and set vy = (uy,...,u;). It belongs to (9750 by Proposition 5.6. Then, define
01 = (21,p1.91, 21,71) = Fo (60, ae (60,v1)) = S, (v1) -

Then, define vy = frl_l/QF(pl)flvl € (9751, and
05 = (29,2, G2, 3o, 72) = Fo (61, a6 (61,v2)) = S, (v1:2) .

Then, by Lemma 5.4, v1.5 = (v1,v2) € (’)730 and zo = 0. Moreover,

@ =(1- cc)2r0_1/27'1_1/2q0 +(1- cc)rl_l/2

— P (p1) T Ve (2 — o) premrn

= (U= (g a0 + (1= o = T(on) ™) X Vel = copen x

Cc(2 - Cc),ueﬁul

Let x € R, and choose u; = kqg. Since v +> 5'920 (v) is continuous, then both r; and g2 depend continuously on k.
Moreover, we have

g2 = T;1/2 X {(1 — 00)27‘51/2 + (1 — Ce — F(pl)_l) X v ce(2 — CC)ILLeﬂ‘K,:| X qo -

1
But, as 71 > 0, and as ['(p;)™* =T ((1 —¢o)po + \/60(2 - cg)uegR(ﬁlo)mﬁlglﬂqo) is less that 1 — ¢, when

Kk — oo by I'2, then by the intermediate value theorem (since I' is continuous by I'l), there exists k € R such
that go = 0. With the above choice of u; = kqo, v1 = (u1,...,u1) and vy = frl_l/QF(pl)flvl € (9;1, we see that
v1.9 — 0 when ¢g tends to 0. O

From an initial state 6y with zg = go = 0, we reach via a 4(d — 1)-steps path a state O4(a—1) With 244-1) =
qa(d—1) = 0, and 24(d_1) =1I,. This is achieved by applying (d — 1) times the following lemma successively to the
k-th largest (counted with multiplicity) eigenvalue of 3, for k= 2,...,d. For the sake of conciseness, the proof of
Lemma 5.6 is delayed to Appendix A.

Lemma 5.6. In the context of Proposition 5.5, let 8y = (0, po, 0, ﬁ)o,ro). Consider an orthonormal basis B of R?
composed of eigenvectors of 3y such that the matriz Xy writes in the basis B as

[S0]s = diag (A1, ..., Aq),

with \f =Xy =+ = X1 = Mg = -+ = Ag for some 2 < k < d. Then, there exists v > 0, such that the matrix 24
defined by R
[24}3 =79 X diag ()\1, ey )\k—la )\k—h >\k+17 ey )\d) s (519)

is such that for some py € R? and r4 > 0, and vi.4 € (97‘910, we have Sgo (v1.4) = 04 = (0, py4, 0, 24,7’4).
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Finally, as stated in the next lemma, from an initial state 8y € X such that zy = ¢p = 0 and 3 = 14, we can
reach any neighborhood of the state §* = (0,0,0,14,1 —¢1 — c,).

Lemma 5.7. In the context of Proposition 5.5, let 6y = (0,po,0,14,70) € X. Then there exists v1.0o € Og such
that lim Sgo (v14) = (0,0,0,I4,1 — ¢1 — ¢,) when t — oco.

Proof. Define v1.o0, by v; =0 € Rk for all ¢t > 1. By Proposition 5.6, we have v1.,, € (’)300. Denote

Orr1 = (Zt+17pt+17Qt+1; zA3t4r177°t+1) = F@(9t7a@(9t>vt+1))~

Since, 6y = (0,po,0,14,79) and v; = 0, by induction, we have ﬁ)tH =14 241 =0, gt41 = 01411 = R(1 — 1 —
cu)la) =1—c1—cyand pry1 = (1—c5)pe. Since 0 < 1—c, < 1, then (2, pr, qi, 2¢, 7¢) tends to (0,0,0,Ig,1—c1—cp)
when ¢ — 0o, ending the proof. O
Lastly, as a consequence of Proposition 5.5, we prove that given any normalized covariance matrix s e Si 4

Ak

such that p(2 ) = 1, we can find a value for the path p* € R%, for the variable r* > 0, such that the state

6* = (0,p*,0, ﬁ]*,r*) € X with normalized mean and normalized path for the rank-one update equal to zero is
steadily attracting. In Section 5.3, we use these steadily attracting states to prove the controllability condition
stated in Proposition 5.7.

Corollary 5.1. Consider the context of Proposition 5.5. Let 3 e Sff_+ be such that p(ﬁl*) = 1. Then, there exist
p* € R? and r* > 0 such that 6* = (0,p*,0, ﬁ)*,r*) € X is a steadily attracting state.

Proof. By Proposition 5.5, we know that 6y = (0,0,0,I4,1 —c1 —c¢,) is a steadily attracting state. Hence, in order
to prove that a state 8* € X is steadily attracting, it is sufficient, as explained below, to prove

(i) that there exist k € N and vy, € (’)750 such that S(’;O (v1.k) = 0*.

Indeed, assume we have proven (i) and let V' be a neighborhood of 6* and let § € X. Then, by continuity
of wy — S§ (wi.x) around vy, there exists v}, € Of such that S (vi,) € V. Since z — pk(vi,) is lower
semicontinuousand x ~ S¥(v},) is continuous, then there exists a neighborhood U of 6 such that for every
r €U, pk(vi,) >0, ie., v}, € OF and SF(vi,) € V. Moreover, since 6 is steadily attracting, then there exists
T > 0 such that for every ¢ > T, there exists w4 € (’)éC such that S§(wy.;) € U, hence |[wy.4,v],] € O§+k and
SE* ([wy.,v%,]) € V and hence 6* is a steadily attracting state.

Let 3 € Si+ be such that p(ﬁ]*) = 1. We proceed now as in Lemma 5.6 to prove (i) for a state 8* that is
equal to (0,p*,0, ﬁ]*,r*) for p* and r* constructed below. For i = 1,...,d, let \; be the i-th largest eigenvalue of
3 (counted with multiplicity), and (eq,...,eq) an orthonormal basis of eigenvectors of 3" such that ﬁ‘ﬁei = \e;.
Then, let x and &’ be real numbers, and by Proposition 5.6, define vy.4 € (9730 by

v = Kleq,...,e1] € RM vy = —rfl/QF(pl)_lvl, vy = K'[e1,...,e1], va = —T;l/zr(pg)_ll}g,,

where 6, = (zt,pt,qt,ﬁt,rt) = S(SO (v1.) for t = 1,2,3,4. Then, as in the proof of Lemma 5.6, there exist values

of k and k' in R such that z4 = g4 = 0 and such that there exists ps > 0 with 534 satisfying 53461 =ps(l—c1 —
Cu)_4(d_1))\1€1 and Xgep, = pa(1 —c1 —c,) ey, for k=2,....d.

Then, by repeating these steps with eo, ..., eq instead of e; and Ao, ..., \g instead of A\q, then there exist v1.4q9 €
0401:)1 and Pad > 0 such that 04(1 = (Z4dap4d7 q4d, 2401,7"4(1) = Sgéi(v1;4d) satisfies Z4d = qad = 0 and 24dek = p4d)\k€k

Ak A X

for k =1,...,d. Hence 344 = p4dﬁ]*. But since p(X ) = 1 and p(ﬁ]4d) =1, then pyy = 1, i.e. S =3 such
that we have proven (i) for 6* = (0, p4q4, 0, 2*, r44) and in turn that 6* = (0, p4g, 0, 2*, r44) 18 a steadily attracting
state. O

5.3 Controllability condition

In the previous section, we prove that the control model (5.16) admits steadily attracting states. In the current
section, we prove that a controllability condition, as required to satisfy the assumptions H3 or H4, is satisfied at a
steadily attracting state. By combining Corollary 5.1 and the following Proposition 5.7, we prove H3 or H4. For
a finite-dimensional vectorial space E equipped with a norm || - || and an element h € E, we use the notation o(h),
respectively O(h), to be understood as o(]|h||), respectively O(||h||). Besides, it does not depend on the chosen
norm, since all norms on a finite-dimensional space induce the same topology.
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Proposition 5.7. Suppose that the objective function f: RY — R, the normalization functions R and p, the stepsize
change I': R — R, . and the sampling distribution V{i] satisfy F1-F2, R1-R3, pl-p2, T'1-I'3 and N1, respectively.
Consider the control model (5.16) with the functions Fo and ag defined by (5.10) and (5.4) respectively.
Then, there exist a steadily attracting state g € X, T > 0 and vi.7 € Og; such that SeTO is differentiable at vyi.7,

and, by denoting (zr, pr,qr, Sr,77) = Sg; (v1.1), we have

(a) ifcc#1,co #1, 1 —cc# (1 —co)y/1—c1—cy and c, >0, then DSg;(vl:T) s of mazimal rank;

(b) if cc = 1 and c, # 1, then, for every (z,p, %) € R x R? x TiTp_l({l}), there exist ¢ € R% and r € R such
that (z,p,q,%,r) € rge DS} (v1.7);

(c) ifcc #1, ¢, =1 and ¢, > 0, then, for every (z,q,%,7) € RT x R% x T)iTp_l({l}) x R, there exists p € R? such
that (Z7p> q, 2,7’) € rge Dsg:) (Ul:T);'

(d) if cc = co = 1, then, for every (z, %) € R? x Ty, p~'({1}), there exist (p,q) € R x RY and r € R, such that
(z,p,¢,2,7) € 1g8e DSy (v1.7).

Before proving Proposition 5.7, we state the two following lemmas, which characterize the derivatives of the
normalization function p and of the transition map 550, respectively.

Lemma 5.8. Consider a positively homogeneous function R: Sf‘h —Ry;. Let A e Si+ and v > 0 and suppose
that R is differentiable at A. Then, R is differentiable at yA and DR(vA) = DR(A).

Proof. By Taylor expansion, we have, when H € S¢ tends to 0, that

R(YA +H) =7 x R(A +77'H) = yR(A) + 7DR(A)y"'H + o(H)
= R(yA) + DR(A)H + o(H)

and thus, by Taylor expansion, R is differentiable at yA and DR(yA) = DR(A). O

Lemma 5.9. Suppose T'l, R1, R2 and p2. Let 6y = (zo,po,qo,ﬁ]o,ro) € X and v1 € (9750. Then, if (a) zo =

=0 and vy = 0, or if (b) p1 = F, (po,R(ﬁo)_lio,vl) # 0, and if moreover R is differentiable in 3 =
F (qO,R(EO) 20,7"0,1)1) (see (5.14) for the definition of Fx ), then v € V 59 (v) is differentiable at v;.
(

Proof. Suppose (a). Then, for hy = (hi,...,h}) € V, using the update equations (5.5), (5.6), (5.7), (5.8), (5.9) we
have, when h; — 0,

R((1=c1 =) R(E0) " Eoro(llh 1)~/ (0+emwh1)
P(1=eo)po+/eo (e it R(B0) /28, wl )
(1 = co)Po 4+ Vo (2 = co) e R(Z0) /%3, "W, I
Séo (v1 +h1) = 0+ \/WW:”}“
(1 —c1 = cu)R(Z0) 30 + o] ]])
p((1—c1 —cp)R(X0)~ 13 + o(||ha)))
R((1—¢1 —cu)R(20)~ 133 + o[l )

However, by I'l, the stepsize change I is locally Lispchitz, hence
- L —1/2
D((1 = ¢o)po+ Vo (2 = o) e R(20)* 2 " wiha) = T((1 = ¢ )po) + O([lM]]) = T((1 = ¢5)po) + o(1) -
Moreover, by p2, p is differentiable at (1 —¢; — c/L)R(ﬁo)*lﬂo. Hence by Taylor expansion
p((1 = &1 — ) R(50) S + o(lInll)) = pl(1 — 1 — ) R(50) " 850) + o1} -
Likewise, by assumption, R is differentiable at (1 — ¢; — ¢, )R(30) 3. Thus,

R((1— 1 — ¢)R(S0) g + o[ hu]})) = R((L = e1 — c,)R(S0) ™" S0) + ol [[u]) -
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Therefore,

R((1— e = ) R(E0) ' 80) L((1 = ¢ )p) e
¢r 2 = co)man R(30) /28, Wl iy
Sgo (01 + hn) = S, (v1) + Vo2 = ¢o)pesw, by + o([[h]])
0
0

which proves by Taylor expansion that S;O is differentiable at v; = 0.

Now, suppose (b). By I'l, I is differentiable at p1, by p2, p is differentiable on 8¢, and by assumption, R is
differentiable at 331= A;/p(A;) where A = (1 —¢; — ¢,)R(30) 130 + clql(ql) 4+ o0 wivk (v]) T Since R is
positively homogeneous, it is also differentiable in any multiple by a scalar of 21, so in A;. Thus, by composition
Sg, is differentiable at v;. O

We prove now Proposition 5.7. The first step of the proof consists in the following lemma which applies to all

cases (a)-(d) in Proposition 5.7. It provides a path vy.p € OieTO (where 6y is the steadily attracting state found in
Section 5.2) such that the range of DSGTO covers all elements in the tangent space relative to the covariance matrix
variable. The proof of Lemma 5.10 is delayed to Appendix B.
Lemma 5.10. Suppose that the objective function f: R? — R, the normalization functions R and p, the stepsize
change T': RY — R | and the sampling distribution I/g satisfy F1-F2, R1-R3, pl-p2, T'1-I'3 and N1, respectively.
Consider the control model (5.16) with the functions Fo and ag defined by (5.10) and (5.4) respectively.

Then, there exist a steadily attracting state 0y € X, T € N, vi.p € OigTO, and W a subspace of VT, such that:

(%) SQTO is differentiable at vi.7;

(ii) for every hx € TﬁTp’l({l}), there exists h,,h, € R?, h, € R, and h1.7 € W such that DSeTo(vlzT)hlzT =
[hz, hp,0, ks, hyl;

(iii) zr = qr =0 and pr # 0;

where 0y = (24, e, @i, Do, 1) = Sp,(v1) fort=1,...,T.

The next lemma is the second step of the proof of Proposition 5.7. It deduces from Lemma 5.10 a path in which
the transition map is differentiable and is of interest to apply Theorem 4.1 or Theorem 4.2. It applies to all cases
(a)-(d). We delay once more the proof of Lemma 5.11 to Appendix B.

Lemma 5.11. Suppose that the objective function f: R* — R, the normalization functions R and p, the stepsize
change I': R — R, . and the sampling distribution u{i] satisfy F1-F2, R1-R3, pl-p2, T'1-I'3 and N1, respectively.
Consider the control model (5.16) with the functions Fo and ag defined by (5.10) and (5.4) respectively.

Then, there exist 8y € X a steadily attracting state, and p € Rio, such that, for every j € N, there exist T € N

and vi.7 € (’)79TO, with SOTU being differentiable at vi.7, and
SeTO (vir + hir) = Sg; (vier) + C; x L(hi.7) + o(hi.1) (5.20)

for every hi.r € Wy, where Wy, is a well-chosen subspace of VI, L: Wy, — R5™1 x R? x R% x R? is a surjective
linear map, s = d(d+1)/2, and C; is a matriz of the form:

* * 0 0 L*
* * - *
=1 « .- Lt (5.21)
LS ... L%, 0 0 0
0 0 0o 0 O
with (LT, ..., L¥ ) being a basis ofkeer( 1) (with 0 = (z¢, pt, Gt ﬁ]t,n) = Sgo (vi) fort =0,...,T), L. € Ry,
and
1 3.0 RS2 1 12 RS2 2
L?q _| A=) Cit1 (X7) T ) Ci+3 (37) T , (5.22)

(1—c)* (1 —c1 —cu)™ /2d§+11d (1—c)' (1 —c; — c#)’1/2d§+31d
where & == (1—c,—(1—c1—c,) "2 (1=c,)*p)) "1 /co (2 = co ) et and df = (1—c1—c,) "2 [1 — cc = T((1 — ¢r)*p) ']
V(2 —co)ptesi. The symbol = in (5.21) represents the elements of the matriz C; that we do not give explicitly
(their values do not change the rank of C;).
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Next, in order to deduce the case (a) in Proposition 5.7 from Lemma 5.11, we first show in the next lemma that
the matrix L? "? defined via (5.22) is invertible when the integer j is sufficiently large.

Lemma 5.12. In the context of Lemma 5.11, there exists j € N such that, if cc # 1, ¢co #1, 1 —c. # (1 —
¢o)y/1—c1— cp, then the matriz L) defined via (5.22) is invertible.

Proof. We have, since ¢, # 1, ¢, # 1:
(1 - o) R(Sr) 28, 0 L
0 (1—c) (1 —c —c#)1/2Id J
— { gl - CU)QC?HIdl . CZ+3Id]
(I—c)*(I—e1—cu)Hdi 1o df 31a

Therefore, it is sufficient to find some j € N such that the RHS in the above equation is invertible, i.e., such that
the matrix

A=) 1o —(1—e1—c) T L] 1—co—(1—c1—c,) /2Ty
A= 1 L
T =l —er =) [l—ce—T5 1] 1—cc =T ’

where T, = T'((1 — ¢, )*p) for k = j + 2, + 4, is full rank. Moreover, when j — oo, by continuity of I' (by T'l), we
have that I'; 41 and I'j13 tend to I'(0). Hence,

. A=)l —co — (1 —c1 — ) V2T0)™Y) 1—co — (1 —c; —c,) V/2T(0)7 !
Jim det A; = ‘ (1— c)2(1— 1 — )1 (1 — co — T(0)~1) 1— ¢, —T(0)"!

=(1—co—(1—c1 —c,) *00)™1) x (1 —c. —T(0)71) x

(1—c,)? 1
(1—c)?(1—e — cu)f1 1] 7

where Z Z denotes the determinant of the matrix (Z 2) However, I'(0)~! > 1 (by I'3) and (1—c¢; —¢,) "' > 1.
Hence, there exists j € N, such that, if 1 —c. # (1 — ¢5)4/1 = ¢1 — ¢y, then det LY # 0. O

We can now end the proof of Proposition 5.7. Depending on the case (a)-(d), the end of the proof goes differently.
We present here the proofs of cases (b) and (d), and we delay those of (a) and (d) to Appendix B.3.

Proof of Proposition 5.7(d). Suppose that ¢. = ¢, = 1. Apply Lemma 5.11, we have then that the matrix Lé”q
defined via (5.22) is the zero matrix. Then, there exist a steadily attracting state 6y € X, T > 0 and vy.p € (973);
such that we have that rge DSy (vi.r) D R x {0} x {0} x Tg,_p~"({1}) x {0} and thus by taking p = ¢ = 0 and
r = 0, we have, for every (z,ﬁ]) € R? x TiTp_l({l}), (z,p,q,ﬁ],r) € rge DSg:)(Ul;T). O

Proof of Proposition 5.7(b). Suppose that ¢. = 1 and ¢, # 1. By Lemma 5.11, there exist a steadily attracting
state Oy € X, T > 0 and vy.1 € (92;0 such that the matrix L?’q defined via (5.22) satisfies:

—1/2 —1/2
L7 — (1- Ca)gcng / (1- CU)C§+22T /

, 5.23
j 0 J (5.23)

with rank 7'/ = d, and ¢ # 0, &, # 0. Thus, rge L¥ = R? x {0} and rge DSE (vi.r) D R? x R x {0} x
TiTpflA({l}) x {0}, and thus by taking ¢ = 0 and r = 0, we have, for every (z,p, %) € R? x R? x Ty, p ({1}),
(Zapa q, 2,7’) € rge DS;;(ULT)- O

5.4 Proof of Theorem 3.1

In Sections 5.1 to 5.3, we have proven all required conditions to apply Theorem 4.1 or Theorem 4.2 to the Markov
chain © defined in (5.3). The conclusion is summarized in the next theorem.

Theorem 5.1. Suppose the objective function f: R¢ — R, the normalization functions R and p, the stepsize change
I': RY — Ry, and the sampling distribution I/g satisfy F1-F2, R1-R3, pl-p2, T'1-I'3 and N1, respectively.

Let © = {(z4,p¢, G, Bt,74) yes1 be the normalized Markov chain associated to CMA-ES defined via (5.3) and P
its transition kernel. Then,
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(1) if cc,co € (0,1) are such that 1 —c. # (1 — ¢co)/1 —c1 — ¢, and if ¢, > 0, then P is an irreducible aperiodic
T-kernel, such that compact sets of X = R? x R x R% x p~1({1}) x R, are small;

(i) if cc € (0,1), ¢co = 1 and ¢, > 0, then the normalized chain {(z;, qi, 31, 7¢) }i>1 is a time-homogeneous Markov
chain with an irreducible aperiodic T-kernel, such that compact sets of Xo = R? x R x p~1({1}) x Ry are
small;

(iii) if co € (0,1) and c. = 1, then the normalized chain {(z, pr, 3¢)}i1 is a time-homogeneous Markov chain
with an irreducible aperiodic T-kernel, such that compact sets of X3 = R? x R? x p~1({1}) are small;

(iv) if cc = c; = 1, then the normalized chain {(z, 20}@1 is a time-homogeneous Markov chain with an irreducible
aperiodic T-kernel, such that compact sets of X4 = R x p~1({1}) are small.

Proof. By Proposition 5.3, the Markov chain © follows the control model (5.16), and by Proposition 5.4, H1 and
H2 hold.
Suppose first that c.,co # 1 and 1 — ¢, # (1 — ¢,)y/1 —c1 —¢,. By Proposition 5.7, there exist a steadily

attracting state 0* € X, T' > 1 vy.p € (’)QT* such that DS@C (v1.T) exists and is of maximal rank. Hence H3 holds,
and we deduce then (i) by applying Theorem 4.1.

Now suppose that ¢, # 1 and ¢, = 1, resp. Co # 1 and ¢, = 1, and Cc = Cp = 1. Then, by Corollary 4.1,
07 = {(zt,qt,Et,rt)}t>1, resp. OF = {(Zt7pt7 ) }i>1, and ©" = {(z¢,X¢)}i>1, defines a time-homogeneous
Markov chain. Moreover, since 6* is a steadily attracting state for ©, then, by Proposition 5.7, resp. ©7, ©7 and
©7, follows a control model which satisfies H4. Thus, by Theorem 4.2, we obtain (ii), (iii) and (iv). O

Our main result Theorem 3.1, stated in Section 2, is a consequence of Theorem 5.1 and of Theorem 4.3. Indeed,
consider p = det(-)'/¢. It is a normalization function that satisfies pl-p2. By Proposition 5.2, the associated Markov
chain © following (5.3) with this normalization function is a transformation of the chain ® defined via (2.14) by
the homeomorphism & defined in (5.1).

By Theorem 5.1, © is an irreducible aperiodic T-chain. By Theorem 4.3, so is ®. Therefore [35, Theorem 6.2.5],
compact sets are small sets.

6 Conclusion and perspectives

This paper expands a methodology to analyze irreducibility and other stability properties of complex Markov chains
when they are expressed as nonsmooth state-space models. We apply the methodology in the context of optimization
to the CMA-ES [22]. We prove irreducibility, aperiodicity and topological properties of a stochastic process obtained
by normalizing the Markov chain that represents the state of CMA-ES when optimizing scaling-invariant functions.
This is an important milestone to prove the linear convergence of CMA-ES.

Our stability analysis encompasses more general processes than the one underlying CMA-ES by considering an
abstract stepsize change function. Compared to previous work [12], we relax the assumption on the stepsize change
from C! to locally Lipschitz. This now allows to analyze the default stepsize change of CMA-ES. We also consider
an abstract sampling distribution vy which includes multivariate normal distributions as used in CMA-ES.

We summarize the assumptions to prove stability of CMA-ES:

o The objective function is scaling-invariant. This is inherent to our methodology because we define a time-
homogeneous Markov chain based upon the normalization of the state variables of CMA-ES.

e The objective function has Lebesgue negligible level sets. This is needed to obtain a lower semicontinuous
density for the distribution of the ranked candidate solutions. This is a main assumption to deduce irreducibility
from the analysis of an underlying control model.

o The normalization function R(-) is positively homogeneous and continuously Lipschitz, but R(-) may be
nonsmooth. This includes natural normalizations, e.g., by the determinant (which is smooth) or an eigenvalue
(which is nonsmooth). Positive homogeneity is needed for building the normalized Markov chain and thus
(too) inherent to the Markov chain methodology. Lipschitz continuity yields a locally Lipschitz function F'
for the nonsmooth model (4.1) and allows to connect irreducibility to the analysis of an underlying control
model [19].
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e The hyperparameter setting assumptions cover all practically relevant algorithm variants (with/without
cumulation, with rank-one and rank-mu updates) except when ¢; + ¢, = 1, or when ¢, < 1 and either
cp=0o0r1—c.=(1-cs)\/1—c1—c, Without cumulation (¢, = 1), the rank-one update is sufficient to
prove irreducibility and aperiodicity. However, we need the rank-mu update for our proof when cumulation
is used (¢, < 1). None of the above cases is important in practice.

Limitations and perspectives We believe that some of the above assumptions can be relaxed with further
work, specifically, and based on empirical observations, the assumptions that

o the hyperparameters have to be chosen suitably (in particular 0 < ¢, < 1),

e the objective function f has Lebesgue negligible level sets, and

o the sampling distribution is positive and continuous on the entire search space (which is not the case for a
distribution on the unit sphere).

In order to conclude—with the approach pursued in this paper—the linear convergence of CMA-ES and
its learning of the inverse Hessian, it still remains to be proven that the normalized Markov chain converges
geometrically fast to a stationary distribution and satisfies a Law of Large Numbers. This proof could be achieved
by finding a potential function for which a geometric drift condition holds [35].

A  Proofs in Section 5.2

A.1 Proof of Lemma 5.6
Proof of Lemma 5.6. Let e;, be the k-th vector of the basis B. Let x be positive and k' be real. Consider the
sequence {0 }1=0,1,2,3.4 defined by

Orp1 = (2041, Pet1s Qa1 By 1, 7e41) = Fo (01, a0 (01, 0141))

with v1 = [Keg)i=1,.. p, V2 = —7‘1_1/2I‘(p1)_1v1, vg = [K'eg)i=1,... u, and vqg = —7“3_1/21"(173)_11)3. By Proposition 5.6,

we have vy.4 € Ogo and by Lemma 5.4 we obtain z4 = zo = 0. Moreover,
G2 =K X /(2 — cc)ucffrl_lﬂ [1 —Cc — F(pl)*l] ek.

Let n € R, and set k' = n x (H ce(2 — CC)MCﬁ'T'l_l/2 [1 —C. — T(pl)*ID = ngz. Then, similarly to the proof of

Lemma 5.5, we have, since vs = n|qa, . . ., ¢2]:

ar =735 (L= ey %+ (1= o = T(ps) " )Veel@ = colpenn) * a2 (A1)

where

= o172
ps = (1= cops + /e (2 — co e R(E2) 85 *wlug

- . —1/2
— (1= co)ps + 1/ or (2 — co e R(Z2)S; g,

and thus

P(ps) ™t =T ((1 e e (@ — el R(E)S; 2q2> -

We apply the intermediate value theorem to the function

-1
- A —1/2
C = [1 — Cc — r ((1 - Ca)pQ + \/00(2 - CJ)MeHR(E2)n22 Q2) ‘| X 05(2 - Cc)/‘effﬁ )

which is such that ¢4 = r3_1/2 X ((1 - cc)2r2_1/2 + C(n)) X ¢a. Since I' is continuous by R2 and such that when

. —1/2

-1
7 goes to £oo, |1 —c¢.—T ((1 — ¢y )p2 + /(2 — cg)ueﬁR(ﬁ)g)nEQ q2> ] is strictly positive by I'2, we find
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that ¢ is continuous and ((n) tends to +o0o0 when 7 to +oo, and to —oco when 7 to —oco. Hence we find 1, € R

(which depends continuously on ) such that when 7 = 7, we have
g4 = 0.
For the covariance matrix 21, we have

(1 —c1—cu)Xo+ciee(2 — cc)uefmgeke;— + c,erke;—

3 = 7
! p((1 =1 — )0 + c1ce(2 — o) periene) + curere])

where 3¢ = R(30) 3. Let p; = p((1—c1—c ) Boteice(2 — o) pesii’ere) +cuk’ere) ) and wi (k) = cree(2 —

¢, k? such that

3, = P1_1 [(1 —c1 — )Xo+ cree(2 - cc)uegﬁ2ekekT. + CHKZekeH

=y [(L— e = ) Bo +wi(w)ere) ] -
The map w; is continuous, with wy(0) = 0 and w; (k) = oo when x — co. Similarly, setting
p2=p (R(ﬁ]l)_lﬁll + (6160(2 — Co) et K2 (1 —Ce — F(pl)_l) + CMHQF(pl)_Q) eke;)
we get
2= 03 [R(E) (1 = 1 = )
+ (3(21)71(1 —c1 —cp)wi (k) +erce(2 — cc)uegn2 (1 —Cc— F(pl)fl) + c/LKZF(pl)*z) ekeﬂ
= py {R(ﬁ]l)_l(l —c1—¢,)* S0 + wg(m)ekeﬂ ,

with wy continuous since R and I" are continuous by R2 and T'l, w2(0) = 0 and wa(x) — oo when k — oc.

Cc)/-leff"fQ"'

Likewise, for the next two steps, we find ps > 0, wy continuous such that ws(0) = 0, and wy4(k) — oo when

K — 0o, and
S = pp! [3(21)—13(22)—11%(23)—1(1 —e1 — ¢ S0 + walk)erey | .

Then, by the intermediate value theorem, there exists x > 0 such that
wa(k) = R(Z0) 'R(Z1) TTR(Z2) TIR(Z3) (1 — e — ) (M1 — M) >0 .

Therefore,

[Bu]s = p5 'R(Z0) ' R(Z1) T R(32) T R(Zs) N1 — e — ) diag(Ar, o Ako1, Ak—1, kg1, -5 Aa)

Setting v = p; 'R(Z0) ' R(Z1) ' R(Z) ' R(3) (1 — 1 — c,)*, we have proven that we can reach 6, with the

matrix 34 defined in (5.19).

B Proofs in Section 5.3
B.1 Proof of Lemma 5.10

O

Proof of Lemma 5.10. By R3, there exists Cy € th, such that R is differentiable on a neighborhood of Cy. Since R
is positively homogeneous by R 1, then by Lemma 5.8 R is also differentiable on a neighborhood of 3 = p(Co)~LCy.

Then, by Corollary 5.1, there exists 8y = (2o, po, 9o, 3o, ro) with 2o = go = 0 which is a steadily attracting state.

Let T e N, vy.p € OQTO and hy.7 € VI'. We denote for t € {1,...,T}:

A ~h
at = (ZtaptaQtv Etart) = Séo(vltt) and 6? = (Zfapz}flaqi}tla Et ,T;L) = S(I;O('Ulzt + hl:t) .

We have that, if v1.7 = 0, then since g9 = 0, ¢ = 0 for t = 1,...,T and using (5.8) we find 3 = 3.

Since

v »—>S}§O (v) is continuous, and since R is differentiable in a neighborhood of ﬁ]o, then there exists My > 0 such that,

if ||v1.7||? < My, then R is differentiable at 33,. Hence we impose that |jv;||> < My /T for all t € {1,...,T}.
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Define, for t = 0,...,T, by = 70 X --- X ry X R(Z;)™" and b = rf x .1l x R(f]:b)_l, and let B, = b3, and

likewise B! = b?f]? Therefore by positive homogeneity of p, p(By) = p(b;3:) = bip(3;) = by since p(5;) = 1.
Similarly p(B}) = b} and thus

~ Bt ~ h Bh
3 = and X, = —L_ . (B.1)
p(B¢) " (B
Moreover, define ¢; = /f_1q; and éjh = ff 1qf as well as 441 = /T4 and iltJr]_ = \/TP'hy11 where

Ft =19 X -+ X 1y and 7 = 7l x --- xrl'. Hence, by applying (5.7):

Jt+1 = \/>7‘t (1 —co)ar +v/ee(2 —cc) ﬂeﬂfwrnvt+1
(1—ce) \/Tt 19t + \/Cc - MeffW Opp1 = (1 —ce)Gs +Vee(2 — Cc)MeHW;,rLﬁtJrl

and likewise ~
qglqtl (1 - Cc)dil + Cc(2 - Cc):u'effw;rrl (({Fg/ft)l/26t+1 + ht+1) . (B2)

Denote A1 such that 3,1 = A;r1/p(Arq) in (5.8). (Alternatively the matrix 2,41 in (2.16) equals Ayiq).
Then by positive homogeneity of R, R(X;11) = R(A¢y1)/p(Arr1) such that

Avyr At _ i (B.3)
R(At11)  p(Ap1)R(Be1)  R(Biqa)
Then, using the previous equation and (5.8):
Bii1 = b1 Bes1 =10 X - X 11 X R(Bp41) i1 = F1 R(B41) B (B.4
= Fir1R(Ap1) T Ay (B.5)
m
= Fip1 X Ty X <(1 —c1— ) R(Z) T8 + crari1a)y + e Z wf”ZH(UZH)T) (B.6)
PS i=1
A A M . .
= (1= c1 — ) R(Z) 7' Sy + erfrqran )y + ¢ Y wivpy (v]4) " (B.7)
i=1
lL . .
=1 —ca—c)Bi+ Cl‘jt+l‘jt—:-1 t Zw?ﬁ§+1(@§+1)T . (B.8)
i=1
Likewise,
Bl = (1—c1—cu)BE + 1y (@) | + et Zw (Vi1 +hi) (Wi +hig) " (B.9)

i=1

Let s = d(d + 1)/2 be the dimension of the set of symmetric matrices S¢ as a real vector space Let 11 € R? be a

nonzero vector and define then vy, . .., 1, nonzero vectors of R?, such that (114 , ...,/ ) forms a basis of S%.

Scaling down the length of 9, does not change that we have a basis of S¢ and thus we impose that ||/ || < €, where

€ is a positive constant that we precise in the next paragraph. Set T'= 2s(s — 1) + 4 and set vi.7 as below.
For t € {0,...,s — 1}, we set

g1 = oy i1y s Y] € R¥ and vgyp = —(1 — CC)F;t}i-/f[wt-ﬁ-la e ] € R (B.10)

such that
Vo1 = (Vg1 Yep1] and Voo = —(1 = co)[Wig1, oo Yig1]- (B.11)
Moreover, we choose € > 0 small enough so that ||vg||? < My /T for all k = 1,...,2s. By definition of My earlier

in the proof, we have that R is differentiable in 3, for t = 0,...,T. If moreover p; # 0 for t = 1,...,T, then by
Lemma 5.9, v — SGTO (v) is differentiable in vy.7. Besides, by Proposition 5.6, we have vy.05 € Ogi.
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Observe now that there exists 11 € R? such that ||¢1| < e and pi,ps are nonzero. Indeed, p; = (1 —

¢ )P0 + V¢ (2 — o) et R( EO )2sy 1/2 S wmvt and using By = roR(20) 120 we find p; = (1 — ¢o)po +
co(2 = o) ety *By 1wmra”2w1 (1= ¢o)po + V/co (2 — co)pter By />y and

= (1 - Co)pl + V CU(2 - CU)MeﬂR(21>1/2 > _1/2 Zw U2 (B'12)

=(1—co)’po+ (1 —co)\/co(2—co ,LLeffBO Y1 (B.13)
o (2 — o) et/ "B Zw;m — co)iy Py (B.14)
= (1= co)?po+ [(1 = co)By/? = (1 = co)By /o (2 = o)ttt - (B.15)

Since vo = —(1 — cc)i‘fl/z[wl, ...,41] with 9, # 0, given that according to (B.8), By = a1Bg + aat1¥{ + asqiqf ,

for a1, a2, a3 some nonnegative constants and as + ag > 0 since ¢; + ¢, > 0, and ¥1,¢1 # 0 (see below), we have

(1- CU)B_l/Q #(1- cc)Bl_l/2. Moreover, up to scaling s, ..., 1), sufficiently smaller than 11, we can ensure that

pt # 0 for ¢t € {3,...,2s}. Then, by Lemma 5.9, and by composition since S;jl(vl;t+1) = Sé‘; (vlvt)('Utd‘,l) we find
o (01

by induction that Sg(f is differentiable at v1.9,. Then, by induction, since Gi11 = (1 — )Gt +/Ce(2 — o) oW, Ve 41
with 'l';gt_l'_l = W}t-‘rla . ,1/Jt+1] and 62t+2 = 7(1 — Cc)[wt—i-h e ,1/}t+1], we find that, for every te {0, ey S — 1}, we

have:
G2t+1 = V/Ce(2 — o) peiPr1 and gapyo = 0. (B.16)
For t =0,.. —1, let kf € R be arbitrary (we fix the value of s} later in the proof). We set, given an arbitrary
real number 51 eR, fort=0,...,s—1:
haviy = [(7) 72 = 7512 + (75) 72k led] X [y, Wega] € R

which implies ~

harr1 = [1— (75, /7o) /2 + Kle1] X [rgn, .- esa] (B.17)
and

hata = —(1— co) [(Fhy 1) /% = 7:2_151/12 + (") 7 2Rter] X (g, ] € R

so that, by induction, starting from (B.2) we have:

@1 = (1= o)y + V/ce(2 = co) oWy, (75 /Far)/* s 1 + haug) (B.18)
=(1—¢)x0 (B.19)
Ve = comarvr, (7 /7202 + (1= (7 /720) 2 + kber) ) Wira, s Yl (B.20)

ce(2 = co)peft (1 + 5}51) Pii1 (B.21)

and

qgt+2 =(1- cc)dgtJrl +vee(2 - Cc)ﬂeﬁpwl((@wl/7:2t+1)1/2772t+2 + B2t+2)
= (1 - Cc) Cc(2 - Cc)ﬂcﬁ" (1 + H%sl) wt+1

fh h
— (1= co)Vee(2 = co) oW, 1/ f;:ﬁ +(1- Tt + Kier [Yrs1s -5 esa]

7’2f+1

=0
Note that, fori=1,...,
(P2 5 (@ + Bign) = (757202 4 (1= (7 /7o) /2 + b ) ) o = (1 + mbe) G -

Then, using (B.9), we obtain for t € {0,...,s — 1}, when ; — 0:

Bgﬂ»l =(1-ca- Cu)Bgt +erce(2 = co)pres (1 + “%51)27/’t+11/)t11 (B.22)
I
2
+Cu Z wf (1+ "511?51) T/Jt-i-l’l,/f;:_l (B.23)
=1
= (1 —c1 —cu)Bh, + [e10e(2 — eo) et + €] % (1 + 261e1) Yep19), 1 + ole1) (B.24)
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From (B.8), we have that

o
_ ~ ~T c~i ~7 T
Boyji=(1—c1 — Cu)th + c192t+192141 + Cu E w; U2t+1(v2t+l)
i=1

m
= (1 —c1 — cu)Bot + 100(2 — co) prerPrs 19y 1 + Cp Z W1y
i=1

= (1 —c1 — cu)Bot + [c16c(2 — o) presr + 4] 7/1t+1¢;+1
that we use in (B.24) to obtain

Bl 1 =Bory1 + (1 —c1 —cpu) (Bh — Bay) + [e166(2 — co)pesr + ¢u] X 2K1e184104 1 + 0(e1)
=Cp

=Boir1 + (1 —c1 — ¢u) (BY, — Bat) + corjerthesrthy, +o(e1)

Moreover, for i = 1,..., u:

(f§t+1)1/2 X (U§t+2 + h§t+2) =—(1—-c) ((f§t+1/7:2t+1)1/2 + (1 - (7:}2115+1/F2t+1)1/2 + /‘?t151)) ()
=—(1—-c) (1 + /{%51) Vi1 -

Thus, we obtain, by (B.9) and (B.25):

o
B}2Lt+2 =(1-a- Cu)Bng +Cpu sz‘c(l - 00)2(1 + 5%51)21/’t+1¢;;1

i=1
=1 -c1—cu)Baoy1 + (1 —c1 —c,)? (BSlt —By)+(1—c1 — cu)ephie1tea )
+eu(l = o) (1+ Kjen)*Prathyy + oler)
=(1—c1 —cu)Bar1 + cu(l — o) Yep1hy g + (1 — 1 — ) (BY, — Boy)
+ db“%51¢t+1¢;1 +o(e1)

with
dy=(1—c1—cu)ep+2¢,(1— Cc)2 =2(1—c1 —cu) (c1cc(2 — co)tterr + ¢p) +2¢,(1 — cc)2
1

Yet, by (B.8) since by (B.16) gai12 = 0 and by (B.11) 04, 5 = —(1 — ¢¢)tpq1:
Boiio = (1 —c1 — ¢u)Bors1 + cu(l — o)ty -

Therefore,
Bl 5 —Boro = (1 —c1 —cu)? (Bh, — Bay) + dpkfe1teihyy +oler) -

Then, by induction, we get,
Bl =By, +¢; Z(l —e1— )P dyki b + (1 — 1 — ¢,)* (B — Bo) +o(e1)
t=1

with B — By = 0 by definition. By induction on k € {1,...,s — 2}, we set for t € {0,...,s — 1}:

—1/2 d
V2t +42ks+1 = Tgt_lgks[wt+1; co ] € R
and
_ ~—1/2 dp

Vatyakst2 = — (1 — Co)Toy opsr1[Vir1s - Y1) € R
We also set, given arbitrary real numbers &5, € R and for some k¥ € R for t € {0,...,s — 1}:

~h —1/2 _ ~—1/2 ~h —1/2 d

hatrokst1 = [(Forrons) % = Forions T (Fhesons) "/ 265€1] X s, ..., ey1] € R
and
_ ~h -1/2 _ ~x—1/2 ~h —1/2 d
hottorsta = —(1 — Cc)[(rzt+2ks+1) /2 — Totioks+1 T (7"2t+2ks+1) / Kie1] X [Yeg1,- ., Yep1] € R
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Then, similarly to above, we obtain ga(141)s = 0 and

B i1ys = Bagkanys + ek Y (1 =1 — ¢)> 2 dyif_np| + (1= 1 — ¢,)> (B, — Baws) + ole) -

t=1

Thus, by induction, we get qgs(s_l) =0 and

s—1 s
Bi1y = Bosen + D er(l — e — )P0 e = e)® Pl ]+ oleriso)
k=1 t=1

Note moreover that we can assume again that p; # 0, up to choosing again the vy, k > 2, sufficiently smaller than

V1.
By Lemmas 5.3 and 5.5, for any vgss—1)41 € O;%(?_l), there exists voy(s—1)42:25(s—1)+4 € Og%(s_lm such that
205(s—1)44 = 2s(s—1)+4 = O. Moreover, when vyss—1)41 — 0, then we have that zy4,_1)11 and gas(s—1)41 tend

to 0 and thus we can impose that vogs—1)42:25(s—1)44 — 0 as well. In particular, we can choose vyg(s—1)41 small
enough such that p; # 0 for t = 2s(s — 1) + 1, .. 28(8 — 1) + 4. Hence, by Lemma 5.9, 525 s+
at vag(s—1)4+4 (We have that R is differentiable at Et for all t = 1,...,T by imposing v1.7 small enough, see the
beginning of the proof).

Consider then (Sy,...,S,_1) a basis of ker Dp(Bag(s—1)44). For k =1,...,5—1, we can choose then the Kk €R,
t=0,...,8 — 1 so that we have

is differentiable

S

(1 —cp — ¢, )28 —2ks Z(l — 1 — )T dykE_ b =Sy (B.26)

t=1

This is possible since (Y197 , ..., 9] ) is a basis of S%, and by the intermediate value theorem applied to the LHS
of (B.26), for k=1,...,s. Set T =2s(s — 1) + 4. Then, we have, when €1.;_1 — 0,

s—1
B} =Br+ Y Sk +o(ers1) - (B.27)
k=1

Therefore, since Sy € ker Dp(Br) for k =1,..., s, we have
s—1
p (BT +) erSk+ 0(51:51)> = p(Br) + Z 5k Dp(Br)Sk +o(er:s-1) = p(Br) + o(e1:5-1)
k=1 ~
and using (B.1) and (B.27)

. h BT+ZZ;11 E}csk+0(51;571) BT+ZZ;11 €LSE

Xr= = +o(e1:5-1)
o (Br+ Sz ekSe +olera 1)) p(Br)
s—1
=3+ Z erp (Br) 'Sk + o(e1:5-1).
k=1
However, (Si,...,S,_1) is a basis of ker Dp(Br), and by Lemma 5.8, ker Dp(Br) = ker Dp(X7) = 5.0 "({1}).

Thus we have shown that for every hy; € TZA:T,O’1 ({1}) for which we can find ei, such that hs, = Zk:l ERp (BT)_1 Sk,
there exist h;,h, € R?, h, € R and hi.r € (R%)T such that DSQTO(vlzT)hLT = [hs, hp, 0, hx, hy] which is the
statement (ii) of the lemma. The statements (i) and (iii) have been proven earlier in the proof. O

B.2 Proof of Lemma 5.11

Proof of Lemma 5.11. Let 6y € X be a steadily attracting state satisfying Lemma 5.10. Then, there exists To > 0
and vi,79 € O g, such that conditions (i), (i), (iii) of Lemma 5.10 are satisfied. Let T > Tp, vy € O and
hi.r € V. We denote for every t € {1,...,T}

0 = (Ztvptvqt»gtvrt) = S};O('Ul:t) and 9? = (Zt 7]9,5 ) dy azt 77"t) = Séo(vu + hi).
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Let s = d(d + 1)/2 be the dimension of S?. Then, ker Dp(37,) = Ts, p~1({1}) is a vector space of dimension
0

s—1. Let (S1,...,Ss_1) be a basis of ker Dp(2£7,). Then for k = 1,...,s — 1, by condition (ii) in Lemma 5.10,
there exists {’f:TO € V™o such that DSQTOO (vero)ffTo = [hs, hyp, 0, S, hy| (for some h,, hy, h,). If hip, = 5k5{€:To e VT
for e, € R, we have by Taylor expansion and linearity of the differential:

. h .
ETO =37, + xSk + O(Ek) .

Set then hy.p, = Zz;i 5k§f:T0, so that, by linearity of the differential:

s—1

~h ~
Sp, =31, + Y xSk +o(e1a1) - (B.28)
k=1

Moreover, by conditions (ii) and (iii) in Lemma 5.10, we get
zr, =qr, =0 and p:=pp, #0 , (B.29)
and by Taylor expansion since Sg;” (v, + b)) = SQTU“ (v1.1y) + ZZ: €kDS£§’ (vlzTo)flf:To +o(e1:5-1)
#, =0+ 0(1s-1) and gf, =0+o0(e1s-1) and pp, =p+Olers-1) - (B.30)

Let j e Nand set T'=Ty + 75 + 5 and
VT +1:Ty+5+5 = 0 (B.31)

Then vry41:794545 = 0 € @ by Proposition 5.6. Since z7, = g7, = 0, then we obtain by applying the update
equations (5.5) and (5.7), that zz,.r = ¢r,.7 = 0. By condition (i) in Lemma 5.10, S’g;“ is differentiable at vy.7,.
Moreover, for t = Ty, ..., T — 1, we have z; = ¢ = 0 and v;; = 0, hence by Lemma 5.9 (case a) S;t is differentiable
at vgy1. By chain rule, Sg; is differentiable at vq.p.

We set hq,+1.15+; = 0, then since G%OH = Sg% (vry+1:19+5) by applying (5.5), (5.6) and (5.7) with v = 0 and
using (B.30), we have ’

Z’?“()Jr]' =0+ 0(511571) and q?‘oJrj =0+ 0(512871) and p%oJrj = (1 - co’)jp + O(Elzsfl> . (B32)
Moreover, set
hT0+j+1 :(Hl,...,Hl) € R for some Hy € R?
hyrjre = —(1 = c1 = )7 T (pry 1) " Ay
hT0+j+3 = (Hg, .. .,Hg) € R for some H3 € R4
hryjra = —(1—c1 = ¢) " 2T (D14 j13) " s
hT0+j+5 = (H5, .. .,H5) € R for some Hs € R4

Note that pr, 4 = (1 —c,)*p for k=1,...,5 4+ 5 by (5.6), and by Taylor expansion:
pli}“o+j+l =(1- CG)jJrlp +O(e1:5-1, H1) .

Yet, I is locally Lipschitz by I'l, thus F(p}f’o+j+1) =T((1 - ¢, )" 'p) + O(e1.5—1, H1). Moreover, since by R1, we
have rp, 4, = R((1 —¢1 — cN)R(ﬁlTo+k)_1ﬁlTo+k) =1—c¢; — ¢, and since R is locally Lipschitz by R2, we have

T%OM =R((1—c1 — c)R(E12r) " Eryan + O(hrrysr)) =1 — 1 — cp + O(hiry s k)
=1- C1 —Cpy + 0(61:3_1) + O(th+1:k) . (B33)

When Hy, H3, Hs,21.,_1 — 0, since

OFpvivr = Sy (0+h1y4541) (B.34)

by applying (5.5) we find
Z!}o-i'j + emHy

h
RTo+j+1 =
ot+Jj+ ’rh F( h )
To+i+1+ \PTotj+1
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and thus using (B.32) and (B.33):

Z;Lwo+j+1 =cm(l—c — c#)_1/2F((1 — ¢, ) Tp) T Hy + O(e1.5-1) + o(Hy)

so,
b i1 — em(1 =1 — ) Y20 (prygj41) " HY
To+j+2 \/7“}171_‘( h )
To+j+2" \PTy+542
= O(e1.5—1) + o(Hy) -
Likewise,

Z?})HH = O(e1:5—1) + o(Hy, H3),
so that, in the end, since R is locally Lipschitz by R2 and I' is locally Lipschitz by I'1, then

Z,;l« = zg;o+j+5 = 0(61:5,1) + O(Hl,Hg) + CmT;1/2F(pT)_1H5+O(H5).
Furthermore using (B.34) and (B.32),

q%)+j+1: (1- CC)(T%0+J‘)_1/2Q§L“0+J’ +vee(2 = co)pes (0 + Hy)

=V CC(2 - Cc)ﬂcﬁ'Hl + 0(51:371)

and
Wi jra= (1= c)(Pyi) 208 4
+vee(2 = ce)per (0 — (1 —c1 — C#)_1/2F(( —¢o)’*p) " Hy)
=(1—c)(1 =1 —cp+O(ers—1, Hi)) V2 /ce(2 = co)pro Hy + 0(e1:5-1)
v/ ee(2 = co)ppest (1 — c1 — Cu) UQF(( —C )]+1p) Hl
:(1—6176#)71/2 [1fcch((1fc Ity }\/CC ce)prett H1 4+ 0(€1.5—1, H1) -
=dj 4
Likewise,
q¥0+j+3 = (TT0+]'+2)71/2(1 - CC)qg"oJ,-j-i-Q + v Cc(2 - Cc)HeHH3
= (1 —C — Cp,)_l/Q(l - Cc)d§+1Hl + Cc(2 - Cc)/f’/effHS + 0<51:3717H1)

and

@hypiaa = (PTrges) (1= )@y 1ips — Ve — co)per(l —c1 — ¢ )71/2F(( — o)) Hy
:(l—Cl—CM)_l( ) dg)JrlHl—i-(l—C]—Cu 1/2 \/ 2—CC /J,efng
ce(2 = co)per (1 — 1 — ¢,)/20((1 - co)”g)*ng - 0(61:5—1, Hi, Hj)
= (1 —C1 — CM>_1( ) ngrlHl =+ d§+3H3 =+ 0(612571, Hy, Hg) R
where d} = (1 —c¢1 —¢,)” 1/2[1—CC—F((1—CO— ]«/ Ce) ot for k=7 + 1,5+ 3. Then,
CI?’ = qgll’0+j+5: (T%0+j+4)71/2(1 - Cc)qg“0+j+4 + v/ ce(2 = ce)press Hs
=(1—-c — CM)_3/2(1 — cc)?’d?HHl
+(1—c— Cu)_l/z(l —¢e)df 3 Hy + O(Hs) + o(e1.s-1, Hi, H3)
. . NN
For t = 0,...,T, we denote 3, = R(%,)"'%; and B = R(X,)"'S,. For t = Ty,...,T — 1, given the choice of
VTy+1:Tp+j+5 = 0 in (B.31), we have then 311 = (1 —c1 —¢,)3:/p((1 — ¢1 — ¢,)X;) and by R1

Et = ﬁlt-{-l B (1 —C1 — cu)Et _ Et
+1— S - = .
R(Zip1)  R((L—cr—cu)E)
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Thus, 3; = Xp for t =Ty, ..., T. Moreover, we have for k =0,...,7:

h ) )
o h (1-a - C,U«)ETUJHC + Clqgo+k+1(ngh+k+1)—r +cu Zf 1 wqh%u+k+1(tho+k+1)T

Eqy ki1 = R
’ p((1—c1— CM)ET0+1€ + clqg’o+k+1(qg"0+k+1) +cu E =1 Wy hTo+k+1(hTo+k+1)T)

Since p is C' by p2, hence locally Lipschitz, and ¢ ;1 (¢} pi1) " = 04 O(|himyskll?) = o(h1.zy+k), we have
then:

&P (I-a - Cu)Xg +k =1 +k P
Y k1 = ——— + o(hi1y1k) = —=5—— + o(himy+k) = Bpy 1 + 0(hrTetk)
’ p((1—c1 = ) S 1) ’ P(S%,41) ’ ’ ’

where we have used pl to simplify the above equation. Therefore, we obtain by induction and using (B.28) that

s—1

~ h A~

2T0+k = ZTU + ngsk + 0(51:3—17H1a H37H5)
k=1

and thus, using 37,1 = 37, and since R is locally Lipschitz by R2:

~h R o
sho = Xtk ETO+Zz:i€ksk+0(51:s—17H17H3aH5)
+k — ~ - A s—1
’ R(E’l}(ﬁ»k) R(ET[) + Zk—l €ksk + 0(61:5—17H1;H37H5))
by
=~ 4 O(c1is-1) + 0(H1, Hs, H5) =%7 + Ole1:5-1) + o(Hy, H3, Hs) . (B.35)
R(ETO)
——
=%7,

It follows that:

Phiisr = (1= co)Plh i + Veo(2 = co) e (B, ;)72 x (0 + Hy)
= (1= o)™ p+ o2 — co)prer B7 " Hy + O(e1:5-1) + o(Hy)

and
p}TL’0+j+2 = (1- CU)P%HH
Vo (2= eo)pterr (Bl 1 541) 2 x (0= (1= e1 — ¢) 7 V/?T((1 = ¢o)’T'p) ™ Hy)
=(1- co)j+1p +(1—co)vVea(2— ca),ueffZ;I

~ Va2 = co)penr(1 = e1 = ) TA((1 = ¢o)Hp) 'L H,

+ O(El 5— 1) + O(Hla H37H5)

(170 ) p+Cp+1E H1+O(6113_1)+O(H17H3,H5) .
Likewise,

Phsiss = (1= o)l vivo + Vo (2 = oo (B 4 j10) 2 x (0+ Hs)
= (=) Pp+ (1 - co)y 377 H,
+ Vo (2= co)pien By P Hy + O(e1.5-1) + o( Hy, Hs, Hy)

and

Plytjsa = ( — Co)Pfy i3
a2 %>ueff<2To+J+3> V2 (0= (1= = ) IT((1 ) p) )
<1 — eV Mp (1= o)) B P Hy + (L= co)V/eo (2 = o) pen =7 H
o (2= oot (1 —c1 — ) "V2T((1 - ca)j+3p)_12;1/2H
+ 0(51:571) + o(Hy, Hs, Hs)
= (L= o) Tp 4 (1= ) 7 Hy + & B0 2 Hy + Oevamn) + o(H, Hs, Hs)
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where ¢} == (1 —co — (1 — 1 — ¢,) Y20 ((1 — ¢,)*p)) 1 \/co (2 — o) et for k = j + 1,5 + 3. Finally,

pg“o+j+5 =(1- Cﬂ)pg“o+j+4 +veo (2 — Ca)#eff(zgo+j+4)71/2 x (0 + Hs)
= (1= o) *p+ (1= co)’d B2 )y

+ (1= o)y 3 S0P Hy + Oleri5-1) + o(Hy, Hz) + O(Hs) .

By R2, we have
~h ~ h
rh=R((1=c1 = e)R(S7_)) 'Sy, + o(Hy, Hy, Hs))

~h ~ h
=(1—c1 — ) R(Bp_) "R(Bp_,) + o(Hy, H3, Hs)
=1 c1—Cy + O(H17H3,H5) =7rr+ O(Hl,H37H5) ,

where we have used R1 to simplify the first line into the second line in the above equation. All in all, when
H17H37H5751:s—1 — Oa

O<51:371)
O(El:s—l)
9%:0’]“" (1) +0(€1:3717H17H37H5)
11 €65t
0
(1—c1—cu) Y20 (pr) e Hs
(1= co) x [(1= o) Bp 2 Hy + & 202 Hy | + O(Hs)
Tl —c)(l—e1 — Cu)_1/2 X [(1 —co)?*(1—c1 — cu)_ldfﬂHl + d§?+3H3] + O(Hs)
0
0

We identify the Taylor expansion of Sgﬂ (vi.r + h1.r) in (5.20), with L, = (1 —¢1 — cﬂ)’l/QF(pT)’lcm and LE =Sk
fork=1,...,s—1and

T
s— j 1
Wy = Span(ﬁ:Toa s ’glzTi) x {0} x <_(1 e — Cu)_l/QF((l _ cg)j"’lp)) R

X (_(1 e CH)—1}2F((1 - c(,)f*?’p))T

and L: Wz, — R*™1 x (R?)? maps a vector hy.7 € Wy, to a vector (e1.5_1, H1, H3, Hs) € R®™1 x (R?)? such that

R x R

s—1

H
_ k. - 1 .
his—1 = ;EkflzTovhs—‘r]:s—‘r]—‘rl (_(1 e — CM)_l/QF((l _ cg)j+1p)H1>
Hy
h5+j+215+j+3 = ((1 — e — CIL)71/2F((1 _ CG)jJrlp)Hg) §hs+j+4 =Hs .
Since the scalars €1, ...,e5_1 € R and the vectors Hy, H3, Hs € R? above can be chosen arbitrary and independently
of each other, the linear application L: Wy — R*~! x (R9)3 is surjective. O

B.3 Proof of Proposition 5.7

Proof of Proposition 5.7(a) and (c). Suppose that either ¢, # 1, ¢, # 1 and 1 — ¢, # (1 —¢5)/1 — ¢1 — ¢, or that
¢c # 1, co = 1. Assume moreover that ¢, > 0. Apply then Lemmas 5.11 and 5.12 to get that there exist 7' € N and

V1. € Og; with

(a) in the case ¢, # 1, rge DS] (vi:r) D R x R x RY x T, p ({1}) x {0};
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(c) in the case ¢, =1, rge DSF (vi.r) D R x {0} x R? x Tx,.p~' ({1}) x {0}.

In both cases, consider arbitrary h., hy, hy € RY, Hs € T, p~1({1}), with h, = 0 if ¢, = 1, so that there exists
hi.r € VT satisfying DSF (vi.7)hi.r = (hz, hp, hq, Hs,0)T. By Taylor expansion, we have then

zr + hz
pr + hy
Sg; (vl:T -+ hl:T) = AQT + hq —+ O(hlzT) .
Y7+ Hs
rT

Since R is positive and positively homogeneous, it is not constant around 27«. Besides, R is differentiable at 2T
and thus there exists w € R? such that DR(X7)(ww ") # 0. Consider the nonconstant smooth function

Gy: s € R— Fx(q, R(ﬁ)t)_lﬁ]t,rt; slw, ..., w])

see (5.14). Since R is locally Lipschitz on Si 4, then R is locally Lipschitz on the submanifold rge G,,, which
is nontrivial since G,, is nonconstant. Then, by Rademacher’s theorem [19, Corollary B.5], R is differentiable at
G (s) for almost every s € R. Moreover, we know that 37 = G, (0) and that DR(Z7)(ww) # 0. Thus, by
upper semicontinuity of Clarke’s Jacobian [19, Proposition B.9], there exists a sufficiently small s > 0 such that
DR(Gy(s))(wwT) # 0.

Then, we can find ¢ = sw € R? a nonzero vector small enough so that, if vry1 = [¢,...,¢€] € OéT’ then R is
differentiable at 371, and DR(Z71)(ee”) # 0. Moreover, up to taking s > 0 smaller, we can assume that T
is differentiable at pr41 # 0 by I'l. Hence by composition and by Lemma 5.9, Sg:fl is differentiable at v1.741.
Indeed, by chain rule [13, Corollary 2.6.6], we have

DSy ! (virg1)hiiri = DF(Sh (vier), vri1) (DS, (vier) (har), hrga)

Let hpyq = [h,...,h] € R for some arbitrary h € R%. Then,

Soo (V141 + hirt)

Fz(ZT +hy,pr + h;m]?(ﬁ]T + H)j)_Al(EAJT + Hz),’I“T; [6 +h,...,e+ hD
Ey(pr + hp, R(E7 + Hs) Y (7 + Hx); e+ hy ..., e + h])
= Fq(QT+hqa’rT;A[€+h7"'76+h]) +0(h1:T+1)

Fs(gr + hg, R(Er +Hs) ™' (S + Hs), rrife + by .e + h])
Fr(qT + hq,R(ET + Hz)_l(ET + Hz)J’T; [6 +h,...,e+ h])

see (5.11)-(5.15). Moreover, we have

F.(21 + hz,pr + hy, R(Er + Hg) " (Sr + Hs), rr;[e + Ry ... e+ b))
z +hz+cm h+€
= 1n - ( ) +o(h1.741)
TT+1r(pT+1) + O(h’7 hpa hq7H2)

= FZ(ZTapTv R(ﬁT)il(ﬁ:T)a rT; [67 ) 6]) + r;i—/lQF(pT-H)ilhz + O(h7 th h47 HE) + 0(h1:T+1) )

Fp(pT + h’pa R(ZA:T + Hz)il(ﬁ:T + HE)? [6 + h7 ... € + h])

= (1= co)(pr + hp) + V¢ (2 = co)pet R(ET + He)* (7 + Hy) 7% (e + h) + o(h1.141)
= Fy(pr, R(E7) N (Er); 6, -, €]) + (1 = ¢o)hy + O(h, Hsy) + o(hyiri1)

F,(qr + hg,r73ile +hy ... e+ h))
=172 (1 = ) (qr + hy) + /e 2 — co) e (€ + ) + o(h1.741)

= Fy(ar.rrile, oo €) + (1 —c)rg Phy + /o2 = copenth + olhiri1) = aron + b + o(hyrsa)
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where hf = (1 — cc)r;1/2hq +1/ce(2 = co) e,
Fo(qr + hg, R(ET + Hg) " Y(Sr + Hy), rrile + h, ..., e + h])

=R ((1 —¢1 = ¢)R(Er + Hy) (27 + Hy) + cilgri1 + hillgrr + h;ﬂT + cule + hlle + h]T)
+o(h1.r41)

= R(Z7r41) + DR(Er41)[(1 — ¢1 — ¢, )R(E7 + Hs) " 'Hy]
+ DR(Zr41)[eilars1(h) T + hiap 1))+ DR(Eri1)[euleh” + he )] + o(hiirir)

= Fo(gr, REr) N (Er), rrs e, €)) + (1 — 1 — ¢u)R(E7) ' DR(Z741)Hs
+ e DR(Er1)lgre1 (b)) + hiar ] + ¢ DR(Zr41)[eh” + he '] + o(hir1)

= F(qr, R(Er) " (20),rri [, e]) + DR(Er ) HE + o(hria)

where
Hf = (1—c1 —¢)R(Er) ' Hs + ailgra (b)) T + higp ]+ culeh” + he']

and
Yrii=0-¢ — CM)R(ET)_l(ET) + Cqu+1q;+1 + cuee—r

Let (z,y) € R? x R. Since ¢, > 0 and DR(Z7,1)(ee") # 0 (since as seen above DR(Z7,1)(ee") # 0 and S7,; is
proportional to X711, see Lemma 5.8), there exists h = le, where

I=(y—aDR(Er)grpe’ +2404] — (1= ¢ — ¢u) R(E7)DR(Zr11)Hs)/(2c, DR(S111) (e )

and hy = (1 —c.)™? 1/2 — V/ce(2 — ¢ ) pesrle) such that hf = 2 and
DR(iTJrl)I:IJEr =(1-c — cH)DR(iTH)R(ET)_le + chR(iTH)[qTHxT + xq;'p—H] + 2lcu[ee—r] =y

Therefore, the linear map (hq, h) — (h, DR(Z7,1)HY) valued in R? x R is surjective. Besides,

o 3 . by
Sr1 = Felar + he, REr + He) (7 + Hs), rps[e + b, .. e+ h]) = —-F—
P(ETH)

where
~h ~ A
Yri=Erp+ (10— —c)R(ET) 'Hx + 1 [QT+1(h;J’_) + h+qT+ﬂ
+ Cu [GhT + hET} + 0(h1;T+1) = gTJrl + Ijlg =+ O(h1:T+1) .

~h - . -
Therefore, by using the Taylor expansion p(ET_H)_l =p(Xri1)"t - Dp(ET_H)H; + o(h1.74+1) since p is positive
and continuously differentiable by p2, we get

Fs(gr + hg, R(37 + Hy) (21 + Hs),rr;[e + h, ... € + 1))
= Fs(qr, R(E7) 7 (Z7), rri e - €]) + p(Bri1) " Hy — (Dp(Sr4)HE) Erp1 + o(hirst) -
All in all, by Taylor expansion,
s 2T (prs1) " he + O(hy by, hy, Hs)
(1 =co)hp+O(h,Hyx)
ht

DSy T (Vw41 hirgr = }
p(Ersa) ™!

9

q
— (Dp (ET+1)ﬁ§;)53T+1

(2 H

which proves that every element in R? x RY x R x Ty, p~1({1}) x R is reached by the linear map DSQTOH(WLTH)

when ¢, # 1 so DSQTO+ (v1:741) is surjective, hence of maximal rank, which proves the statement (a) (with 7"+ 1

instead of T). When ¢, = 1, the statement (c) follows as well as there exists p = 0 € R such that for every

(2,,2,7) R xR x Tg,  p~1({1}) x R, (2,p, q, 2, 7) belongs to the range of ’DSg;H(vl:TH). O

2T+1
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