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Inertial Methods with Viscous and Hessian driven Damping for
Non-Convex Optimization
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Abstract. In this paper, we aim to study non-convex minimization problems via second-order (in-time) dynamics,
including a non-vanishing viscous damping and a geometric Hessian-driven damping. Second-order systems that only
rely on a viscous damping may suffer from oscillation problems towards the minima, while the inclusion of a Hessian-
driven damping term is known to reduce this effect without explicit construction of the Hessian in practice. There are
essentially two ways to introduce the Hessian-driven damping term: explicitly or implicitly. For each setting, we provide
conditions on the damping coefficients to ensure convergence of the gradient towards zero. Moreover, if the objective
function is definable, we show global convergence of the trajectory towards a critical point as well as convergence
rates. Besides, in the autonomous case, if the objective function is Morse, we conclude that the trajectory converges to
a local minimum of the objective for almost all initializations. We also study algorithmic schemes for both dynamics
and prove all the previous properties in the discrete setting under proper choice of the step-size.
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the trajectory, Lojasiewicz inequality, KL inequality, Convergence rate, Asymptotic behavior.

AMS subject classifications. 37N40, 46N10, 49M15, 65B99, 65K05, 65K10, 90B50, 90C26, 90C53

1 Introduction

1.1 Problem statement

Let us consider the minimization pI'ObleIl’l
mir f(x (P)
z€R4 ( )7

where the objective function f : R¢ — R satisfies the following standing assumptions:

f e C*(RY);
H
{inff > —o0. (Fo)

Since the objective function is potentially non-convex, the problem (P) is NP-Hard. However, there are
tractable methods to ensure theoretical convergence to a critical point, or even to a local minimizer. In this
regard, a fundamental dynamic to consider is the gradient flow system:

“The insight and motivation for the study of inertial methods with viscous and Hessian driven damping came from the inspiring
collaboration with our beloved friend and colleague Hedy Attouch before his unfortunate recent departure. We hope this paper is a
valuable step in honoring his legacy.



0, t>0;
(GF)
x

{ @(t) + Vf(z(t))

For any bounded solution of (GF), using LaSalle’s invariance principle, we check that lim;_, y ~ V f(z(t)) =

0. If d = 1, any bounded solution of (GF) tends to a critical point. For d > 2 this becomes false in general, as
shown in the counterexample by [1]. In order to avoid such behaviors, it is necessary to work with functions
that present a certain structure. An assumption that will be central in our paper for the study of our dynam-
ics and algorithms is that the function f satisfies the Kurdyka-Lojasiewicz (KL) inequality [2, 3, 4], which
means, roughly speaking, that f is sharp up to a reparametrization. The KL inequality, including in its nons-
mooth version, has been successfully used to analyze the asymptotic behavior of various types of dynamical
systems [5, 6, 7, 8] and algorithms [9, 10, 11, 12, 13, 14, 15, 16, 17]1'. The importance of the KL inequal-
ity comes from the fact that many problems encountered in optimization involve functions satisfying such
an inequality, and it is often elementary to check that the latter is satisfied; e.g. real semialgebraic/analytic
functions [2, 3], functions definable in an o-minimal structure and more generally tame functions [4, 18].

The dynamic (GF) is known to yield a convergence rate of O(t~!) of the values in the convex setting (in
fact even o(t~1)). Second-order inertial dynamical systems have been introduced to provably accelerate the
convergence behavior in the convex case. They typically take the form

B(8) + y(0)E(t) + VF(z(t) =0, t>to, (IGS.)

where ty > 0, 7 : [to, +00[— Ry is a time-dependent viscosity coefficient. An abundant literature has been
devoted to the study of the inertial dynamics (IGS,). The importance of working with a time-dependent
viscosity coefficient to obtain acceleration was stressed by several authors; see e.g. [19]. In particular,
the case v(t) = ¢ was considered by Su, Boyd, and Candeés [20], who were the first to show the rate of
convergence O(t~2) of the values in the convex setting for o > 3, thus making the link with the accelerated
gradient method of Nesterov [21]. For o > 3, an even better rate of convergence with little-o instead of big-
O can be obtained together with global convergence of the trajectory; see [22, 23] and [24] for the discrete
algorithmic case.

Another remarkable instance of (IGS,) corresponds to the well-known Heavy Ball with Friction (HBF)
method, where () is a constant, first introduced (in its discrete and continuous form) by Polyak in [25].
When f is strongly convex, it was shown that the trajectory converges exponentially with an optimal con-
vergence rate if -y is properly chosen as a function of the strong convexity modulus. The convex case was
later studied in [26] with a convergence rate on the values of only O(t~1). When f is non-convex, HBF was
investigated both for the continuous dynamics [27, 28, 29, 30] and discrete algorithms [31, 17, 32].

However, because of the inertial aspects, (IGS,) may exhibit many small oscillations which are not de-
sirable from an optimization point of view. To remedy this, a powerful tool consists in introducing into
the dynamic a geometric damping driven by the Hessian of f. This gives the Inertial System with Explicit
Hessian Damping which reads

E(t) + ()& (t) + BV f(x(t)i(t) + Vf(z(t) =0, t> to;
{() WD) + SOV (®)(0) + T (a(0) : (SEHD)

z(to) = xo, %(to) = vo,

I'This list is by no means exhaustive.



where 7, 3 : [to, +00[— R4. (ISEHD) was proposed in [33] (see also [34]). The second system we consider,
inspired by [35] (see also [36] for a related autonomous system) is

{ E(t) +y(0)E(t) + VF(z(t) + B)E(t) =0, t> to; (ISIHD)

x(to) = xo, x(to) = vo.

(ISIHD) stands for Inertial System with Implicit Hessian Damping. The rationale behind the use of the term
“implicit” comes from a Taylor expansion of the gradient term (as ¢t — 400 we expect ©(t) — 0) around
x(t), which makes the Hessian damping appear indirectly in (ISTHD). Following the physical interpretation of
these two ODEs, we call the non-negative parameters - and (3 the viscous and geometric damping coefficients,
respectively. The two ODEs (ISEHD) and (ISTHD) were found to have a smoothing effect on the energy error
and oscillations [35, 37, 38]. Moreover, in [39] they obtain fast convergence rates for the values for the two
ODEs when (t) = ¢ (o > 3) and 5(t) = 8 > 0. However, the previous results are exclusive to the
convex case. To the best of our knowledge, there is no analysis of (ISEHD) and (ISIHD) when the objective
is non-convex. In this work, our goal is to fill this gap.

1.2 Contributions

In this paper, we analyze the convergence properties of (ISEHD) and (ISTHD) when f is non-convex, and
when the time-dependent viscosity coeflicient -y is non-vanishing and the geometric damping is constant,
ie. f(t) = B > 0. We will also propose appropriate discretizations of these dynamics and establish
the corresponding convergence guarantees for the resulting discrete algorithms. More precisely, our main
contributions can be summarized as follows:

* We provide a Lyapunov analysis of (ISEHD) and (ISIHD) and show convergence of the gradient to
zero and convergence of the values. Moreover, assuming that the objective function is definable, we
prove the convergence of the trajectory to a critical point (see Theorem 3.1 and 4.1). Furthermore,
when f is also Morse, using the center stable manifold theorem, we establish a generic convergence
of the trajectory to a local minimum of f (see Theorem 3.3 and 4.2).

* We provide convergence rates of (ISEHD) and (ISIHD) and show that they depend on the desingular-
izing function of the Lyapunov energy (see Theorems 3.4 and 4.3).

* By appropriately discretizing (ISEHD) and (ISIHD), we propose algorithmic schemes and prove the
corresponding convergence properties, which are the counterparts of the ones shown for the continuous-
time dynamics. In particular, assuming that the objective function is definable, we show global con-
vergence of the iterates of both schemes to a critical point of f. Furthermore, a generic strict saddle
points (see Definition 2.3) avoidance result will also be proved (see Theorem 3.7 and 4.5).

» Convergence rates for the discrete schemes will also be established under the Lojasiewicz property
where the convergence rate will be shown to depend on the exponent of the desingularizing function
(see Theorem 3.9 and 4.6).

We will report a few numerical experiments to support the above findings.

1.3 Relation to prior work

Continuous-time dynamics. There is abundant literature regarding the dynamics (ISEHD) and (ISIHD),
either in the exact case or with deterministic errors, but solely in the convex case; see [35, 39, 27, 40, 41, 42,
43, 44, 45, 46, 47, 48]). Nevertheless, to the best of our knowledge, the non-convex setting was still open
until now.



Heavy ball-like methods. As mentioned before, the HBF method, was first introduced by Polyak in [25]
where linear convergence was shown for f strongly convex. Convergence rates of HBF taking into account
the geometry of the objective can be found in [12] for the convex case and [32] for the non-convex case.

In [49], the authors study the system
B(t) + G(a(t) + Vf(x(t) =0,

where G : R? — R? is such that (G(v),v) > c||v||? and ||G(v)|| < C||v]|, Vv € R, for some 0 < ¢ < C.
They show that when f is real analytic (hence verifies the L.ojasiewicz inequality), the trajectory converges to
a critical point. To put it in our terms, the analysis is equivalent to study (IGS,) in the case where there exists
¢,C > Osuchthat 0 < ¢ < 7(t) < C forevery t > 0 (see assumption (H,)), letting us to conclude as in
[49]. We will extend this result to the systems (ISEHD) and (ISIHD) which will necessitate new arguments.

HBF was also studied in the non-convex case by [8] where it was shown that it can be viewed as a quasi-
gradient system. They also proved that a desingularizing function of the objective desingularizes the total
energy and its deformed versions. They used this to establish the convergence of the trajectory for instance
in the definable case. Global convergence of the HBF trajectory was also shown in [28] when f is a Morse
function 2.

Inertial algorithms. In the literature regarding algorithmic schemes that include inertia in the non-convex
setting, we can mention: [51] which proposes a multi-step inertial algorithm using Forward-Backward for
non-convex optimization. In [29] they study quasiconvex functions and use an implicit discretization of HBF
to derive a proximal algorithm. In [17], they introduce an inertial Forward—Backward splitting method, called
iPiano-a generalization of HBF, they show convergence of the values and a convergence rate of the algorithm.
Besides, in [32], the author presents local convergence results for iPiano. Then, in [52, 53] several abstract
convergence theorems are presented to apply them to different versions of iPiano. In [54, 55] they propose
inertial algorithms of different nature (Tseng’s type and Forward-Backward, respectively) for non-convex
and non-smooth optimization. In the previous work, they assume KL inequality to conclude with some type
of convergence (weak or strong) towards a critical point of the objective.

Trap avoidance. Inthe non-convex setting, generic strict saddle point avoidance of descent-like algorithms
has been studied by several authors building on the (center) stable manifold theorem [56, Theorem II1.7]
which finds its roots in the work of Poincaré. Genericity is in general either with respect to initialization or
with respect to random perturbation. Note that genericity results for quite general systems, even in infinite
dimensional spaces, is an important topic in the dynamical system theory; see e.g. [57] and references therein.

First-order descent methods can circumvent strict saddle points provided that they are augmented with
unbiased noise whose variance is sufficiently large in each direction. Here, the seminal works of [58] and
[59] allow to establish that the stochastic gradient descent (and more generally the Robbins-Monro stochas-
tic approximation algorithm) avoids strict saddle points almost surely. Those results were extended to the
discrete version of HBF by [60] who showed that perturbation allows to escape strict saddle points, and it
does so faster than gradient descent. In [61] and [62], the authors analyze a stochastic version of HBF (in
continuous-time), showing convergence towards a local minimum under different conditions on the noise. In
this paper, we only study genericity of trap avoidance with respect to initialization.

Recently, there has been active research on how gradient-type descent algorithms escape strict saddle
points generically on initialization; see e.g. [63, 64, 65, 66] and references therein. In [29], the authors were

?It turns out that a Morse function satisfies the Lojasiewicz inequality with exponent 1/2; see [50].
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concerned with HBF and showed that if the objective function is C, coercive and Morse, then generically
on initialization, the solution trajectory converges to a local minimum of f. A similar result is also stated in
[28]. The algorithmic counterpart of this result was established in [67] who proved that the discrete version
of HBF escapes strict saddles points for almost all initializations. Our goal in this paper is to establish the
same results for (ISEHD) and (ISIHD) and the corresponding algorithms. We would like to point out that
the proof for the continuous-time case will necessitate a more stringent assumption on the class of functions,
for instance that f is Morse, while this is not necessary for the discrete algorithms.

1.4 Organization of the paper

Section 2 introduces notations and recalls some preliminaries that are essential to our exposition. Sections 3
and 4 include the main contributions of our paper, establishing convergence of the trajectory and of the iterates
under KL inequality, convergence rates and trap avoidance results. Section5 is devoted to the numerical
experiments.

2 Notation and preliminaries

We denote by R the set [0, 4-00[. Moreover, we denote R and N* to refer to Ry \ {0} and N\ {0},
respectively. The finite-dimensional space R? (d € N*) is endowed with the canonical scalar product (-, -)
whose norm is denoted by || - ||. We denote R"*¢ (n, d € N*) the space of real matrices of dimension n x d.
We denote by C™(RY) the class of n-times continuously differentiable functions on R?. For a function g :
R? — R and a,b € R such that a < b, we denote [a < f < b] to the sublevel set {x € R : a < f(x) < b}.
For a differentiable function g : R¢ — R, we will denote its gradient as Vg, the set of its critical points as:

crit(g) < {u : Vg(u) = 0},

and when g is twice differentiable, we will denote its Hessian as V?g. For a differentiable function G :
RY — R™ we will denote its Jacobian matrix as Jg € R"*9, Let A € R?*?, then we denote \;(A) € C the
i—th eigenvalue of A, when A is symmetric then the eigenvalues are real and we denote Apin(A), Amax(A)
to be the minimum and maximum eigenvalue of A, respectively. If every eigenvalue of A is positive (resp.
negative), we will say that A is positive (resp. negative) definite. We denote by I; the identity matrix of
dimensions d x d and 0,,x4 the null matrix of dimensions n X d, respectively. The following lemma is
essential to some arguments presented in this work:

Lemma 2.1. [68, Theorem 3] Consider A, B, C, D € R**% and such that AC = C'A. Then

det ((g g)) _ det(AD — CB).

And the following definitions will be important throughout the paper:

Definition 2.2 (Local extrema and saddle points). Consider a function f € C?(R%). We will say that & is
a local minimum (resp. maximum) of f if # € crit(f), V2f(2) is positive (resp. negative) definite. If 7 is a
critical point that is neither a local minimum nor a local maximum, we will say that Z is a saddle point of f.

Definition 2.3 (Strict saddle point). Consider a function f € c? (Rd), we will say that £ is a strict saddle
point of f if # € crit(f) and Amin(V2£(2)) < 0.



Remark 2.4. According to this definition, local maximum points are strict saddles.

Definition 2.5 (Strict saddle property). A function f € C?(R?) will satisfy the strict saddle property if
every critical point is either a local minimum or a strict saddle.

This property is a reasonable assumption for smooth minimization. In practice, it holds for specific prob-
lems of interest, such as low-rank matrix recovery and phase retrieval. Moreover, as a consequence of Sard’s
theorem, for a full measure set of linear perturbations of a function f, the linearly perturbed function satisfies
the strict saddle property. Consequently, in this sense, the strict saddle property holds generically in smooth
optimization. We also refer to the discussion in [64, Conclusion].

Definition 2.6 (Morse function). A function f € C?(R?) will be Morse if it satisfies the following condi-
tions:

(i) For each critical point , V2 f(#) is nonsingular.

(ii) There exists a nonempty set I C N and (&)res such that crit(f) = U, {Zx}-

Remark 2.7. By definition, a Morse function satisfies the strict saddle property.

Remark 2.8. Morse functions can be shown to be generic in the Baire sense in the space of C? functions;
see [69].

Definition 2.9 (Desingularizing function). For > 0, we consider
k(0,) = {9 C°(10,7) 1 C*(J0,7[) = Ry, 9" > 0 0n 0, 7[,(0) = 0, and 1) concave}.
Remark 2.10. The concavity property of the functions in (0, n) is only required in the discrete setting.

Definition 2.11. If f : RY — R is differentiable and satisfies the KE. inequality at Z € RY, then there exists
r,n > 0and ¢ € k(0,7n), such that

V(f(x) = f@)IVF(@) = V@) =1, VoeB@r)n[f(@) <f<f(@)+n] 2.1)

Definition 2.12. A function f : R¢ — R will satisfy the Eojasiewicz inequality with exponent ¢ €0, 1] if f
satisfies the KL inequality with v(s) = cos' =7 for some cy > 0.

It remains now to identify a broad class of functions f that verifies the KL inequality. A rich family is
provided by semi-algebraic functions, i.e., functions whose graph is defined by some Boolean combination
of real polynomial equations and inequalities [70]. Such functions satisfy the Lojasiewicz property with
q € [0,1]NQ; see [2, 3]. An even more general family is that of definable functions on an o-minimal structure
over R, which corresponds in some sense to an axiomatization of some of the prominent geometrical and
stability properties of semi-algebraic geometry [71, 72]. An important result by Kurdyka in [4] showed that
definable functions satisfy the KL. inequality at every = € R,

Remark 2.13. Morse functions verify the Lojasiewicz inequality with exponent ¢ = 1/2; see [50].

3 Inertial System with Explicit Hessian Damping

Throughout the paper we will consider (ISEHD) and (ISIHD) with ¢y = 0. Also we will assume that the
viscous damping v : R, — R, is such that d¢, C > 0, ¢ < C, and

c<~H(t)<C, Vt>D0. (H,)

Moreover, throughout this work, we consider a constant geometric damping, i.e. () = 3 > 0.



3.1 Continuous-time dynamics

Let us consider (ISEHD), as in [39], we will say that 2 : R, — R% is a solution trajectory of (ISEHD) with
initial conditions x(0) = xg,%(0) = v, if and only if, x € C%(R;R%) and there exists y € C*(R;R%)
such that (x, y) satisfies:

i(t) + BV S (1) ~ (3 =20) 2(t) + Jy) =0,

3.1
§(t) = (5 =) - BY®) 2t + 3y®) =0,

with initial conditions z(0) = 20, y(0) = yo = —B(vo + BV f(x0)) + (1 — B~(0))zo.

3.1.1 Global convergence of the trajectory

Our first main result is the following theorem.

Theorem 3.1. Assume that 0 < 3 < % f: R? — R satisfies (Hy), and v € C*(Ry;R ) obeys (IH.).

Consider (ISEHD) in this setting, then the following holds:

(i) There exists a global solution trajectory = : R, — R? of (ISEHD).
(ii) We have that V f o x € L2(Ry;RY), and & € L2(R,;R?).
(iii) If we suppose that the solution trajectory x is bounded over R, then

Jm [V (@)l = lim @) =0,
and limy_, ¢ o f(x(t)) exists.

(iv) In addition to (iii), if we also assume that f is definable, then i € L} (R ;RY) and x(t) converges (as
t — +00) to a critical point of f.

Remark 3.2. The boundedness assumption in assertion (ii) can be dropped if V f is supposed to be globally
Lipschitz continuous.

Proof. (i) We will start by showing the existence of a solution. Setting Z = (x,y), (3.1) can be equiva-
lently written as
Z(t) +VG(Z(t)) + D, £(t)) =0,  Z(0) = (z0,%0), 3.2)
where G(Z) : R x R* — R is the function defined by G(Z) = Sf(z) and the time-dependent
operator D : Ry x R% x R? — R?% x R is given by:

p(0,2)% (= (5 -90) 2+ 50— (5 =90~ 570 o+ 30).

Since the map (¢, Z) — VG(Z) + D(t, Z) is continuous in the first variable and locally Lipschitz in
the second (by hypothesis (Hp) and the assumptions on ), by the classical Cauchy-Lipschitz the-
orem, we have that there exists Tax > 0 and a unique maximal solution of (3.2) denoted Z €
CH([0, Timax[; R? x R?). Consequently, there exists a unique maximal solution of (ISEHD) z €
C?([0, Tnaxl; Rd)‘



Let us consider the energy function V' : [0, Tiax[— R defined by

1.
V() = f(2(t) + Slla ) + BV f@@)]*.
We will prove that it is indeed a Lyapunov function for ISEHD). We see that

Vi) = (Vf(x()), &) + (E(1) + B Vf( (t)), &(t) + BV f(x(t)))
= (Vf (1)), (1)) + (= ()2 (t ) Vi), 2(t) + BV f(2(1)))
= —(y®)z@),2(1)) — B{y(0)2(1), Vf(x(t))

) = BIV f )]
Bl 6\|Vf(fc()

2

< | + Y D)l
20215 2 9

< —efli(o)? + ZEITOE EHVfg O,

where the last bound is due to Young’s inequality with € > 0. Now let ¢ = g2 C , then

c 2
Vi) < -5l - 5 (1- 2 ) IVS O - 5O + VSO, 63)

For §; & m1n<2,ﬂ< — BQ—C;Q)) > 0.

We will now show that the maximal solution Z of (3.2) is actually global. For this, we use a stan-
dard argument and argue by contradiction assuming that T1,,x < +o00. It is sufficient to prove that
x and y have a limit as ¢ — Ti,.y, and local existence will contradict the maximality of Ty ay. In-
tegrating inequality (3.3), we obtain @ € L2([0, Tinax[; R?) and Vf o z € L2([0, Tinax[; RY), hence
implying that & € L([0, Tinax[; RY) and Vf o 2 € LY([0, Tiax[; R?), which in turn entails that
(7)) 1[0, Tmax[ Satisfies the Cauchy property whence we get that lim;_,7,,,, (t) exists. Besides, by
the first equation of (3.1), we have that lim;_,7, . y(¢) exists if lim; 7, .. =(¢),limy7,,. Vf(x(t))
and lim_,7, . @(t) exist. We have already that the first two limits exist by continuity of V f, and
thus we just have to check that lim; 7, . #(t) exists. A sufficient condition would be to prove that
& € LY([0, Tinax[; RY). By (ISEHD) this will hold if 2, V f o 2, (V2f o x) are in L1([0, Tinax[; RY).
We have already checked that the first two terms are in L' ([0, Tiax[; RY). To conclude, it remains to
check that V2 f o z € L>°([0, Tinax[; R?) and this is true since V2 f is continuous, x is continuous on
[0, Tihax), and the latter is compact. Consequently, the solution Z of (3.2) is global, thus the solution
x of (ISEHD) is also global.

(ii) Integrating (3.3) and using that V is well-defined for every ¢ > 0 and is bounded from below, we
deduce that & € L2(Ry;R%), and V f o 2 € L2(R,; R?).
(iii) We recall that we are assuming that sup,~q [|z(t)|| < +oc and f € C*(R%), hence

sup || V2 f(z(t)) | < +oc.
>0
In turn, V f is Lipschitz continuous on bounded sets. Moreover, as & € L2 (Ry; ]Rd) and is continuous,

then & € L>®°(R; R?). The last two facts imply that ¢ — V f(z(t)) is uniformly continuous. In fact,
for every ¢, s > 0, we have

IVF(z()) = Vf(z(s)ll < sup V2 f (@ ()] ()] |t = s].



(iv)

This combined with V f o z € L2(R, ; R?) yields

lim [[Vf((t)] = 0.

t—+00

We also have that %Vf(a:(t)) = V2f(x(t))i(t), and thus (V2 f o x)i € L®°(R,; R?). We also have
Vfoxz € L®(Ry;R%) by continuity of V f and boundedness of . It then follows from (ISEHD) that
& € L>°(R4; R?). This implies that

12(2) = 2(s)l < sup [|Z(7)I[ £ — ],

meaning that ¢ — (t) is uniformly continuous. Recalling that & € L2(R; R) gives that

lim [(t)]| = 0.

t——+00

We have from (3.3) that V' is non-increasing. Since it is bounded from below, it has a limit, ie.
limy_, 4 V() exists and we will denote this limit by L. Recall from the definition of V' that

1
() = V() = Slla) + BV f@@)]*.
Using the above three limits we get

lim f(z(t)) = lim V(t)= L.

t—+00 t——+00

From boundedness of (z()):>0, by a Lyapunov argument (see e.g. [28, Proposition 4.1], [73]), the set
of its cluster points €(z(-)) satisfies:

€(x(-)) € crit(f);
¢(x(+)) is non-empty, compact and connected; (3.4)
f is constant on €(z(+)).

‘We consider the function
1
E:(z,v,w) 6R3dHf(x)+§||v+w\|2. (3.5)

Since f is definable, so is F as the sum of a definable function and an algebraic one. Therefore, £
satisfies the KL inequality [4]. Let €; = €(z(+)) x {04} x {04}. Observe that E takes the constant
value L on ¢; and €; C crit(E). It then follows from the uniformized KL property [74, Lemma 6]
that 3r,n7 > 0 and 3 € (0, n) such that for all (z,v,w) € R3? verifying z € &(x(-)) + B,,v €
B,,w € B, (where B, is the R?-ball centered at 04 with radius ) and 0 < E(x,v,w) — L< 7, one
has

Y (E(z,v,w) — L)||VE(z,v,w)| > 1. (3.6)

It is clear that V' (t) = E(z(t),2(t), 8V f(x(t))), and that * € crit(f) if and only if (2*,0,0) €
crit(E).



Let us define the translated Lyapunov function V(t) = V(t)— L. By the properties of V proved above,
we have lim;_, | o V( ) = 0 and V is non- increasing, and we can conclude that V( ) > 0 for every
t > 0. Without loss of generality, we may assume that V( ) > 0 for every ¢ > 0 (since otherwise
V (t) is eventually zero and thus () is eventually zero in view of (3.3), meaning that z(-) has finite
length). This in turn implies that lim;_, o 1»(V ()) = 0. Define the constants , = max (4,1+45%)

and d3 = %. We have from (3.4) that lim;_, o dist(z(¢), €(x(:))) = 0. This together with the
convergence claims on &, V f(z) and V imply that there exists 7 > 0 large enough such that for all

t>T

x(t) € €(x(-)) + By,

@) <7,

BIV f(z@)] <, (3.7)
0<V(t) <n,

FU(V (1) < 555

We are now in position to apply (3.6) to obtain

S (V)IVE(t),i(t), BV fa®)| > 1, vt>T. (3.8)
On the other hand, for every ¢t > T":
fi ¥ — o (T 1 . V’(t)
V(@) = (V) (=V(1) 2 NGO ONAZICONIE (3.9)
Additionally, for every ¢ > 0 we have the bounds
V(1) 2 (0 + VS 0)]), .

IVE(x(t), &(t), BV f((O))I? < S2([l(@)]* + IV £ ((2))])-

Combining the two previous bounds, then for every ¢t > 0:

19 B0, 501,69 S < |/ 2/~ 1)

By (3.9), for every t € [T, +o0[

\/;\/7 \/;\/7> V12 + [V f®)?.  G.12)

Integrating from 7" to 4+-co, we obtain

+oo . 1 r
/T VIFOP + TV F @it < £o(V(T) < 57 (3.13)
Thus oo
/T iyt < | VIr AP+ IVFG@)Pd <

this implies that € L'(R; R?). Therefore z(¢) has the Cauchy property and this in turn implies that
limy_, o x(t) exists, and is a critical point of f since lim; 1 ||V f(2z(?))] = 0.
O
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3.1.2 Trap avoidance

In the previous section, we have seen the convergence of the trajectory to a critical point of the objective,
which includes strict saddle points. We will call trap avoidance the effect of avoiding such points at the limit.
If the objective function satisfies the strict saddle property (recall Definition 2.5) as is the case for a Morse
function, this would imply convergence to a local minimum of the objective. The following theorem gives
conditions to obtain such an effect.

Theorem 3.3. Let ¢ > 0, assume that 0 < < % and take v = c. Suppose that f : R? — R satisfies

(Hp) and is a Morse function. Consider (ISEHD) in this setting. If the solution trajectory x is bounded over
R, then the conclusions of Theorem 3.1 hold. If, moreover, [ #* % then for Lebesgue almost all initial
conditions xo,vy € RY, 2(t) converges (ast — +00) to a local minimum of f.

Proof. Since Morse functions are C2 and satisfy the KE. inequality (see Remark 2.13), then all the claims of
Theorem 3.1, and in particular (iv)*, hold.

Asin [29, Theorem 4], we will use the global stable manifold theorem [75, page 223] to get the last claim.
We recall that (ISEHD) is equivalent to (3.1), and that we are in the case v(t) = ¢ for all ¢, i.e.,

i(t) + BYS(x(t) = (§ =) a(t) + Jy(®) =0,

(3.14)
§(6) = (=) a(t) + Sy(t) —0,

with initial conditions z(0) = z0,y(0) = yo = —B(vo + BV f(x0)) + (1 — Bc)zo. Let us consider
F :R? x R* - R? x R? defined by

e = (s ()1 (3o 1)

Defining z(t) = (z(t), y(t)) and 2 = (20, v0) € R??, then (3.14) is equivalent to the Cauchy problem
2(t) = F(z(t
{A) = F(:(0), G15)

We stated that when 0 < 8 < % and f is definable (see the first claim above), then the solution trajectory z(t)
converges (as t — +00) to an equilibrium point of F. Let us denote ®(z, t), the value at ¢ of the solution
(3.15) with initial condition zy. Assume that Z is a hyperbolic equilibrium point of F' (to be shown below),
meaning that F'(2) = 0 and that no eigenvalue of Jr (%) has zero real part. Consider the invariant set

We(2) = {20 € R*: lim ®(z0,t) = 2}.

t—+00

The global stable manifold theorem [75, page 223] asserts that 1 *(2) is an immersed submanifold of R?¢,
whose dimension equals the number of eigenvalues of Jz(Z) with negative real part.

*In fact, the proof is even more straightforward since the set of cluster points €(x(+)) satisfies (3.4) and the critical points are
isolated; see the proof of [28, Theorem 4.1].
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First, we will prove that each equilibrium point of F' is hyperbolic. We notice that the set of equilibrium
points of F'is {(Z, (1 — Bc)Z) : & € crit(f)}. On the other hand, we compute

BV f(z) + (% - c> I -3
(% - c) 1y -1

Let 2 = (&, (1 — Bc)&), where & € crit(f). Then the eigenvalues of .Jp(Z) are characterized by the roots in
AeCof

JF(‘rvy) =

BV @)+ (—e= Nl —3l4
det % ’ —0. (3.16)
(5 =) ()
By Lemma 2.1, we have that (3.16) is equivalent to

det((1 4+ AB)V2f () + (A2 + Ae)Iy) = 0. (3.17)
IftA= then by (3.17), 8¢ = 1, which is excluded by hypothesis. Therefore, — B cannot be an eigenvalue,

ie. A ;é -3 . We then obtain that (3.17) is equivalent to
det V2f(A)+7>\2+)\CI 0 (3.18)

€T = U. .
(1+A8)

It follows that X satisfies (3.18) if and only if

A2+ A

(1+23)
where 7 € R is an eigenvalue of V2 f(£). Equivalently,

M4 (c+nB)A+n=0. (3.19)

def

Let Ay = (¢ +nB)% — 4n. We distinguish two cases.
* Ay > 0: then the roots of (3.19) are real and we rewrite (3.19) as

AA+ (c+nB)) = —n,

since n # 0 (because f is a Morse function), then A # 0.

* Ay < 0: then (3.19) has a pair of complex conjugate roots whose real part is —#. Besides,
Ay = c?+2pnc+n%B% — 4n can be seen as a quadratic on ¢ whose discriminant is given by A, = 41.
The fgCt that Ay < 0 implies A, > 0, and thus n > 0 (as 7 # 0 since f is Morse), therefore
— e < 0.

Overall, this shows that every equilibrium point of F' is hyperbolic.

Let us recall that crit(f) = (J,c;{#x}. Thus, the set of equilibria of F" is also finite and each one takes
the form 2, = (&, (1 — Bc)Zy). Since we have already shown that each solution trajectory x of (ISEHD)
converges towards some g, the following partition then holds

dy RY = U We(z
kel
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Let
I~ ={k € I : each eigenvalue of Jr (%) has negative real part.},

def

and J = I\ I~. Now, the global stable manifold theorem [75, page 223] allows to claim that W*(Z;) is an
immersed submanifold of R?? whose dimension is 2d when k € I~ and at most 2d — 1 when k € J.

Let k € I, we claim that V2 f(Z;) has only positive eigenvalues. By contradiction, let us assume that
no < 0 is an eigenvalue of V2 f(2;) (10 = 0 is not possible due to the Morse hypothesis). Each solution A
of (3.19) is an eigenvalue of Jp(Z;) and one of these solutions is

—(c+nB) + /(c+nB)% — 4o
2

which is positive since g < 0. We then have

—(c+noB) + /(c+nofB)? — 4o - —(c+mn0B) + |c+ nop|
2 2

>0,

hence contradicting the assumption that k& € I~. In conclusion, the set of initial conditions zy such that
®(20,t) converges to (x, (1 — Bc)xp) (ast — +00), where xy, is not a local minimum of f is ( J;c; W*(2)
which has Lebesgue measure zero. Therefore, due to the equivalence between (3.1) and (ISEHD) and that
Morse functions satisfy the strict saddle property (see Remark 2.7), we indeed have that for almost all initial
conditions zg, vy € RY, the solution trajectory of (ISEHD) will converge to a local minimum of f. O

3.1.3 Convergence rate

When the objective function is definable, we now provide the convergence rate on the Lyapunov function £
in (3.5), hence f, and on the solution trajectory z.

Theorem 3.4. Consider the setting of Theorem 3.1 with f being also definable and the solution trajectory
x is bounded. Recall the function E from (3.5), which is also definable, and denote 1) its desingularizing
function and U any primitive of —'">. Then, x(t) converges (ast — +00) to o, € crit(f). Denote
V(t) = E(x(t),i(t), BVf(x(t)) — f(xoo). The following rates of convergence hold:
o Iflimy_o0 ¥(t) € R, we have E(x(t),2(t), BV f(x(t))) converges to f(xoo) in finite time.
o Iflimy_,o ¥(t) = 400, there exists some t; > 0 such that
V(t) =00t —t)). (3.20)
Moreover,
|2(t) — oo = O 0 W (¢ — t1)). (3.21)
def 572

Proof. This proof is a generalization of [5, Theorem 2.7] to the dynamics (ISEHD). Let 5y = 5 63 > 0and
T > 0 for §1, 62, 03, T defined in the proof of Theorem 3.1. Using (3.10) then (3.9), we have for ¢ > T

L w7 (1)) = W TV (1)
—y (T (1) (1)
> Sou(V (1)) [V E(x(t), i(t), BY F( (1))
> bo. (3.22)
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Integrating on both sides from 7' to ¢ we obtain that for every ¢t > T'

Y(V(t)) = do(t —T) + W(V(T)).

Following the arguments shown in [76, Theorem 3.1.12], if lim;_,o ¥(¢) € R, then f/(t) converges to 0 in
finite time. Otherwise, we take the inverse of W, which is non-increasing, on both sides of (3.22) to obtain
the desired bound. Finally, using (3.13) we also have for every ¢t > T'

+o0 ) 1 B 1 o B
() = 2ol < /t l(s)llds < 5 (V(#)) < £-9 0 U7 (0ot — T) + ¥ (V(T))). (3.23)
O

Remark 3.5. Observe that the convergence rate (3.20) holds also on f(2())— f (2.0 ) and ||&(t) + V.f (x(2))]|.
We now specialize this to the Lojasiewicz case.

Corollary 3.6. Consider the setting of Theorem 3.4 where now f satisfies the Lojasiewicz inequality with
desingularizing function 1¢(s) = cgs'™9, ¢ € [0,1[, ¢y > 0. Then there exists some t; > 0 such that the
the following convergence rates hold:

« Ifq €10, 3] then

V()= O (exp(=(t — 1)) and () — zol| = O <exp <t _2“)> L 324

« Ifq €]3,1[, then
V(t)=0 ((t - tl)ﬁll) and ||z(t) — 2] = O ((t — tl)*;«z%ql) : (3.25)

Proof. F is a separable quadratic perturbation of f. But a quadratic function is Lojasiewicz with exponent
1/2. Tt then follows from the L.ojasiewicz exponent calculus rule in [77, Theorem 3.3] that the desingularizing
function of F is ¥ g(s) = cgs' ™9 for some cg > 0 and gp = max{q, %} Then,

. 1 _1 — <10 (L), This impli “1(g) = 4 exp(—
If g € [0, 3] then g = 5 and W(s) = 7 In (5). This implies that U~ (s) = % exp(—s).
1

« If g €], 1[ then gp = g and ¥(s) = 4(22?71)51—2(1. This implies that ¥ ~1(s) = 4(227%_1)52;%1.
We conclude in both cases by using Theorem 3.4. O

3.2 Algorithmic scheme

Now we will consider the following finite differences explicit discretization of (ISEHD) with step-size h > 0
and for k > 1:

-2 - - \Y -V _
i = 20 b oot g Tl Tk g flaw) = VI(ae-1) | Y fa) = 0.
h? h h
Rearranging, this equivalently reads
Yo =kt oa(zk — zk-1) — Be(Vf(zk) — Vf(2p-1)), (ISEHD-Disc)
Tpy1 =Yk — eV (k)

L o d @ 1 def def def 19
with initial conditions xg, z1 € R?, where oy, = T Tk = v(kh), Br = Bhag, sy = h*ay
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3.2.1 Global convergence and trap avoidance

The following theorem summarizes our main results on the behaviour of (ISEHD-Disc). Observe that as the
discretization is explicit, we will need V f to be globally Lipschitz continuous.

Theorem 3.7. Let f : R? — R be satisfying (Ho) with ¥V f being globally L-Lipschitz-continuous. Consider
the scheme (ISEHD-Disc) with h > 0, 8 > 0 and ¢ < v, < C for some ¢,C > 0 and all k € N. Then the
following holds:

(i) If B+ 5 < £, then (|V f(zx)|)ken € C2(N), and (|zk+1 — zx||)ken € 2(N), in particular

i [[97(z)] =0.

(ii) Moreover, if (1) .oy is bounded and f is definable, then (||zy41 — 2k ||)ken € ¢*(N) and ), converges
(as k — 400) to a critical point of f.

(iii) Furthermore, if vy = ¢ > 0,0 < B < £,8 # %, and h < min(2 (% — B) , %ﬁ)’ then for almost
all zo,x; € RY x), converges (as k — +00) to a critical point of f that is not a strict saddle.
Consequently, if f satisfies the strict saddle property then for almost all zo, 1 € R, xj, converges (as
k — +00) to a local minimum of f.

Remark 3.8. When 8 = 0, we recover the HBF method and the condition & < min(2 (£ — j) 7%5)
becomes h < %

Proof. (i) By definition of xj 1 in ISEHD-Disc), for k € N*

o1

Tpy1 = argmin §H$ — (yr — ska(xk))Hz. (3.26)
z€RI

12

1—strong convexity of z — ||z — (y — £V f(zx))||? then yields

1

1 1
§ka+1 — (i = stV @) IIP < Sllww — (e — eV f (@) 1> = §H$k+1 — i ? (3.27)

N |

Hﬁ,d: ﬁ,i@ = hzg,§: th,andthusforeveryk eENa<agp<aands < s <5.

Let also vp = @ — T 1, 25 = QU — Br(V f(zr)—V f(xk—1)), then yy, = x+ 25. After expanding
the terms of (3.27) we have that

Leta =

2
1
(Vf(xr), vpg1) < _ okl + —(Vk 1, 21)
5k ) 5k (3.28)
< _llveal 1 B - v
S+ ﬁ(vk+l7vk> - E@kﬂ’ f(xr) = V f(xr-1)).

By the descent lemma for L-smooth functions, we obtain

L
f@i) < fla) +(Vf(@r), ves1) + §Hvk+1H2- (3.29)
Using the bound in (3.28), we get

1 1 L

Fore) < o) + gslunen,n) = 3o, V() = V)~ (3= ) ol 620
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(ii)

According to our hypothesis h < %, so h < etvetzh VCLQ”L and this implies that § < % Using Young’s

inequality twice, for e, &’ > 0, the fact that V f is L—Lipschitz, and adding %5/ llvp+1]|? at both sides,
then

e+¢ e+¢
Frpn) + ——llowa® < flan) + vk
(3.31)
N 1 1++[32L2+, 1 L H 2
— | +c¢ gl—-1l-—-= v .
2 | hie h2e’ 5 2 hd
In order to make the last term negative, we want to impose
1[1 p2L? 1 L
= |— — et 3.32
Q[h‘lsjLEJF e TS5 72 (3-32)
Minimizing the left-hand side with respectto e, e’ > 0 we gete = }T12’ e = BTL, and one can check that

in this case, the condition (3.32) becomes equivalent to 3+ % < 7 which is assumed in the hypothesis.

Setting O} = oy + %7 §= 1 L k- '%L > 0, and defining Vi, = f(zx) + %HkaQ, we have for
any k € N*
Vier1 < Vie — 8o > (3.33)

Clearly, V}, is non-increasing and bounded from below, hence limy_, o, Vj; exists (say I~/). Summing
this inequality over k, we have that (||vgi1])ren € ¢2(N) entailing that limy o [|vg|| = 0. In

turn,we have that limy_, o, f(xx) = L. Embarking again from the update in (ISEHD-Disc), we have

sellVE@)ll = ek — vl < ok — zell + 2k — yell
< lvkgall + (ar + B L) ||lvk ]|
< okga |l + vl

since a(1 + ShL) < 1 by hypothesis. Therefore

IVF@i)l* < S2(llvrsn ]l + lloel?),

where §; = 5. Consequently (||V f(zk)||)ren € €2(N), which implies that limy_, o0 |V f () || =
0. :

If, moreover, ()xen is bounded, then the set of its cluster points €((zy),cy) satisfies (see e.g. [74,
Lemma 5]):

E((wr) pen) € crit(f);
€((2x) ) is non-empty, compact and connected; (3.34)

[ is constant on €((zx) )
Define C
E:(z,v) e R s f(2) + 71”@”2. (3.35)
Since f is definable, so is E' as the sum of a definable function and an ~algebraic one, whence FE satisfies
the KL inequality. Let €1 = €((zx)ken) X {04}. Since Elcl =1L, VE]Cl =0,3r,n > 0, €
#(0,7) such that for every (x,v) such that z € €((wk)ken) + Br,v € By, (where B, is the R<-ball
centred at 04 with radius ) and 0 < E(x,v) — L < n, one has

W (E(x,v) — L)||VE(z,v)| > 1. (3.36)
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Let us define Vj, = Vj, — L, or equivalently V}, = F (g, vE) — L. From (3.33), (ffk)k N is a non-
€

increasing sequence and its limit is 0 by definition of L. This implies that that V}, > 0 for all k € N*,
We may assume without loss of generality that V}, > 0. Indeed, suppose there exists K € N such that
Vi = 0, then the decreasing property (3.33) implies that Vi, = 0 holds for all k > K. Thus Vg1 =0,
or equivalently , = xf, for all k > K, hence (1), has finite length.

Since limy ;1o dist(zy, C((ﬂfk)keN)) = 0,limg 1o ||vk|| = 0, and limy_, 4 o Vi = 0, there exists
K € N such that forall £ > K,

), € €((zk)ken) + Br;
[orl] <7
0<Vp <n.
Then, by (3.36), we have 3 3
@b’(V;QHVE (.%'k,’l)k) H Z 1, vk Z K. (3.37)
By concavity of ¥ and (3.37), we have

Y(Vi) = ¥(Vieg1) = =0 (Vi) (Vies1 — Vi)
> 59 (Vi) || oges1 |12

S5 loenl?
[VE @, u0 |

On the other hand,
IVE (g, ve) | < ds(l[vir1ll + llvkll) (3.38)

where 63 = \/C? + d,. Let us define for k € N*, (A))y, = (Vi) — (Vg 1) and 8y = %3. We then
have for all £ > K s

[vps1[1* < 64(AY) e (|vell + lviall)-

Using Young’s inequality and concavity of /-, this implies that for every € > 0

(A | lowsa]] + o]
A Y R

Rearranging the terms and imposing 0 < £ < /2 gives

A
(1 _ 6) ||vk+1H < 54( ¢)k +€||vk||

Vg1l < 64

V2 V2e V2
Dividing by (1 — %) on both sides, we get
(AY)y [l
v <4 +e€ : 3.39
|| k+1H 46(\/5—6) \/Q-& ( )

2
telescopic sum, we conclude that (||vg|)ken € €'(N*). This means that (zj),cy has finite length,
hence is a Cauchy sequence, entailing that z; has a limit (as £ — +00) denoted x, which is a critical
point of f since limy_, 1 |V f(zx)| = 0.

Choosing now ¢ such that 0 < ¢ < V2 e get that 0 < \/5_6 < 1. Since (Ay) € ¢}(N*) as a
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(iii) If v, = ¢, we denote o, = @ = ﬁ, Br = B = Bha, sk = s = h2a. Let 2, = (xg, z)—1) fork > 1,
and g : R? x R? — R? x R defined by

g: (CL’+,$_) = [(1 + Oz).i(,‘+ —oxr— — (B + S)Vf($+) + BVf(:L'_>,$+]

(ISEHD-Disc) is then equivalent to
Zk+1 = 9(2k). (3.40)

To complete the proof, we will capitalize on [64, Corollary 1] which builds on the center stable mani-
fold theorem [56, Theorem III.7]. For this, one needs to check two conditions:

(a) det(Jy(v4,7_)) # 0 forevery z4,z_ € R%

(b) Let A} = {(x,x) € R¥ : z € crit(f), max; |\i(Jy(x,x))| > 1}, X* be the set of strict saddle

points of f, and X = {(z,z) € R?? : x € X*}. One needs to check that X C Ay

Ay is the set of unstable fixed points. Indeed, the fixed points of g are of the form (z*, 2*) where
x* € crit(f).

We first compute J, (x4, z_), given by
(1+0)la— (B+5)V2f(vy) —als+FVEf(a-)
341
1, Odxd

This is a block matrix that comes in a form amenable to applying Lemma?2.1. We then have
det(J, (w1, 2_)) = det(aly — BV f(a_)).

Since the eigenvalues of V2 f(z_) are contained in [—L, L], if « > LJ, then a — S # 0 for every
eigenvalue € R of V2 f(x_). This implies that the first condition is satisfied, i.e. det(Jy(z1,2-)) #
0 forevery ., z_ € R? The condition & > L{ in terms of h reads h < L%B’ since we already needed

h <2 (% — B), we just ask h to be less than the minimum of the two quantities.

To check the second condition, let us take z a strict saddle point of f,i.e. x € crit(f) and Apin (V2 f(z)) =
—n < 0. To compute the eigenvalues of J,(x, ) we consider

(L+a=Nla—(B+5)V2f(z) —alg+BV2f(2)\) _
det(( “ o >>_0.
Again by Lemma 2.1, we get that
(I+a—=NIlg— (B+s)V2f(z) —als+ BV3f(x)
det <( d Ia d —Alg >>
det[(—=A(1+ a) + M) g+ AB + s)Vf(x) + aly — BV ()]
det[(A(B 4 s) — B)VZf(z) + (A2 = A1 + ) + a)Iy).

We then need to solve for A

det[(A(B + 5) — B)V2f(x) + (A2 = A1 + @) + a)Iy] = 0. (3.42)

If A\ = =2 then (3.42) becomes

Bts’
~ 2 ~
(ﬁ) _ (ﬁ )(1+a)+a—0.
B+s B+s




This implies that oo = %, which in terms of 5 and c is equivalent to Sc¢ = 1. But this case is excluded
B

by hypothesis. Now we can focus on the case where \ # s

and we can rewrite (3.42) as

2 _
M =-A1+a)+ aId> _o. (3.43)

det <v2 fz) — —— _

B—=AB+s)
Therefore, as argued for the time-continuous dynamic, for every eigenvalue 1’ € R of V2f(z), A
satisfies (3.43) if and only if

N-Mlta)ta

B =B +5)
where 77’ € R is an eigenvalue of V2 f(#). Thus if 7/ = —7 is negative, we have
A —A(1+a)+n(B+s)+a+n8=0. (3.44)

We analyze its discriminant Ay = ((1 4 ) + (8 + s))2 — 4(a 4+ 1B3). After developing the terms
we get that

Ay =a?+2a(n(B+s) — 1)+ (n(B+s) + 1)* — 4nB,

which can be seen as a quadratic equation on . We get that its discriminant A, is —167s, which is
negative (since 7, s are positive), thus the quadratic equation on « does not have real roots, implying
that Ay > 0. We can write the solutions of (3.44),

o ((+0)+n(B+5) £ VA,
5 .

Let us consider the biggest solution (the one with the plus sign) and let us see that A > 1, this is
equivalent to
(A+a)+n(B+s) + VAN
2

> 1,

which in turn is equivalent to

VALY >2—(1+a) —n(B+s).

Squaring both sides of this inequality, we have

[(1—a) = n(B +)]* < Ay
= [(1+a) +n(B +5)]> = 4(a +n5).

After expanding the terms, we see that the inequality is equivalent to 0 < 4ns, which is always true as
n > 0. Consequently, A > 1 and in turn X' C Ay
We have then checked the two conditions (a)-(b) above. This entails that the invariant set {z; €
R limp_ 100 ¥ (21) € X } has Lebesgue measure zero. Equivalently, the set of initializations
xo, 1 € R? for which zj, converges to a strict saddle point of f has Lebesgue measure zero.

O
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3.2.2 Convergence rate

The following result provides the convergence rates for algorithm (ISEHD-Disc) in the case where f has the
Y.ojasiewicz property. The original idea of proof for descent-like algorithms can be found in [78, Theorem 5].

Theorem 3.9. Consider the setting of Theorem 3.7, where f also satisfies the Lojasiewicz property with
exponent q € [0, 1[. Then x, — oo € crit(f) as k — 400 at the rates:
« Ifq € [0, 3] then there exists p €]0, 1[ such that

2k — T = O(p"). (3.45)

* Ifq €]3, 1] then
_l-q
ok — zoo] = O (k qul) . (3.46)

Proof. Recall the function E from (3.35). Since f satisfies the Lojasiewicz property with exponent g € [0, 1],
and F is a separable quadratic perturbation of f, it follows from [77, Theorem 3.3] that £ has the Lojasiewicz
property with exponent gz = max{q, 1/2} € [1/2, 1], i.e. there exists cg > 0 such that the desingularizing
function of E is g (s) = cgs'~92.

Let vy, = xp — o1 and Ay = Z;rg; ||lup+1]|. The triangle inequality yields Ay > ||z — 20| so it
suffices to analyze the behavior of Ay to obtain convergence rates for the trajectory. Recall the constants
d,03,04 > 0 and the sequences ((Av)),cn and (ffk> ren defined in the proof of Theorem 3.7. Denote

A= \/56—5 € (0,1)and M = 5(\/654—5) for0 <e < @ Using (3.39), we have that there exists K € N large

enough such that for all k£ > K
[vg41ll < Mlvkll + M(A).

Recall that ¢ € [%, 1[ (so % < 1) and that lim_, o, V;; = 0. We obtain by induction that for all k > K

+o0
A MCE ~1—q
Z [vpt1]l < ﬁ”vkn +t1o )\Vk E. (3.47)
p=k
Or equivalently, \ Y
CE ~1—
Ap < ——(Ap_1 — A ", 4
BS T Bk = A+ Y (3.48)
l—gp

Denoting co = (cg(1 — qg)) ¢ , then by (3.37) and (3.38)

1—aqE =i
Vk < co HVE (mk,vk)H i1E

V) 1—qp
< 203" ([lvgll + llvgsall) 2=
1-ap 1—qp
<203 (Ap—1 — Ak + Ap — Dpyr) &
l1-qp 1—ap

= 02(53 1B (Ak_l — Ak+1) 9E

Plugging this into (3.48), and using that A; — 0 and % < 1, then there exists and integer K, > K such
that for all k > K 1

A ap M 1ap
Ap < ﬁ(Ak—l —Ag) =+ 1 _1/\(Ak—1 = Dpy1) E
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l—qgp

where My = cgcads M. Taking the power 22— > 1 on both sides and using the fact that Ay < Ay,

- 1-qr =
we have for all k > K3

9F

AL < My(Agoy — D), (3.49)

_ B 9B
where we set My = (1 — X) =9 max(\, M) =9, We now distinguish two cases:
* q €0,1/2], hence g5 = 3: (3.49) then becomes

A < Ma(Ap—1 — Ap11),

with My = (1 — X\)"! max(\, My) and M7 = %%. Using again that A; 1 < Ay, we obtain that for
k> K,
My
A < Ap_

k> 1 —|—M2 k—2,
which implies

u k72f<1

Ay < 2 Ap = 0"
< (15an) | Ak =00,

1
for p & (2 )* €)0,1[

* q €]3,1[, hence gg = ¢: we define the function h : R} — R by h(s) = s T4, Let R > 1. Assume
first that h(Ay) < Rh(Ag_1). Then from (3.49), we get

1 < My(Ap—1 — Apg1)h(Ay)
< RMo(Ag—1 — Apg1) (A1)

AV
< RMQ/ h(s)ds

AVES]
l—q ([ 5F 4
< RM, 1— 2q <Akf - Ak+f ) :

Setting v = Qf—:ql > 0and M3 = g7~ > 0, one obtains

0< Mz <AV — ALY, (3.50)

Now assume that h(Ag) > Rh(Ag_1). Since h is decreasing and Ay < Ay, then h(Agy1) >
2q—1
Rh(Ag—_1). Setq = RqT > 1, we directly have that
Aty > aB
Since ¢ — 1 > 0 and A]:" — 400 as k — 400, there exists M, > 0 and a large enough integer
K5 > K such that for every k > K that satisfies our assumption (h(Ag) > Rh(Ag_1)), we have
0< My <AV — A7) (3.51)

Taking M5 = min(Ms, My), (3.50) and (3.51) show that for all £ > Ky

0< My < ALY, — A,
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Summing both sides from K> upto K — 1> K>, we obtain

My(K — o) < AR = AZY + AR, — A7 <A - AZ ).

Therefore L
—v —v 5 *
Ay ZAR2_1+7(K—K2). (3.52)
Inverting, we get
1
v Ms > v _1
Ag < Akrl—i-?(K—(Kg—kl)) =0O(K™v). (3.53)

3.2.3 General coefficients

The discrete scheme (ISEHD-Disc) opens the question of whether we can consider oy, Ok, Si. to be inde-
pendent. Though this would omit the fact they arise from a discretization of the continuous-time dynamic
(ISEHD), hence ignoring its physical interpretation, it will gives us a more flexible choice of these parameters
while preserving the desired convergence behaviour.

Theorem 3.10. Let f : R? — R be satisfying (Ho) with V f being globally L-Lipschitz-continuous. Consider
(ar)ren, (Br)rens (8k)ren to be three positive sequences, and the following algorithm with xo, z1 € R%:

{ ur = ak+ agler — 1) — Be(VF(xr) — V(zp1)),

(3.54)
Tpy1 =Yk — sEVf(xg).

If there exists 5 > 0 such that:
* 0 < infien Sk < SUpPgen Sk < 5 < %;

Otk-is-ﬁkL <1_L
k

* SUPgeN ( 57 2
Then the following holds:

(i) (IVf(@r)Dren € C(N), and (|11 — x| )ren € £2(N), and thus

i ([ 97z = 0.

(ii) Moreover, if (x};) .oy is bounded and f is definable, then (||xx+1 — zi||) ey € €' (N) and zy, converges
(as k — 400) to a critical point of f.
(iii) Furthermore, if o = «, B, = B, Sp = S, then the previous conditions reduce to
sL

If, in addition, o # ,Bﬁs’ and o > BL, then for almost all xy,z1 € RY, x}, converges (as k — 4+00)

to a critical point of f that is not a strict saddle. Consequently, if f satisfies the strict saddle property,
for almost all xy, z1 € R, x}, converges (as k — +00) to a local minimum of f.

Remark 3.11. If oy, Bk, s, are given as in (ISEHD-Disc), i.e. ap = ﬁ,ﬁk = Bhay, s, = h%ay, then
the requirements of Theorem 3.10 reduce to 3 + % < 7 (recall that c is such that ¢ < ).

Proof. Adjusting equation (3.28) to this setting, i.e. not using the dependent explicit forms of «y, B, si, we
get an analogous proof to the one of Theorem 3.7. We omit the details for the sake of brevity. O
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4 Inertial System with Implicit Hessian Damping

4.1 Continuous-time dynamics

We now turn to the second-order system with implicit Hessian damping as stated in (ISIHD), where we con-
sider a constant geometric damping, i.e. 5(t) = 8 > 0. We will use the following equivalent reformulation
of (ISIHD) proposed in [39]. We will say that x is a solution trajectory of (ISIHD) with initial conditions
2(0) = x0,4(0) = vy, if and only if, z € C?(R,;R?) and there exists y € C'(R;RY) such that (z,y)
satisfies: -
.%'(t) + a( )By( ) — 07
§(t) + BY L) + (5 —9®) (=t) —y(t) =0,

with initial conditions x(0) = x,y(0) = yo 20 + Bup.

(4.1)

4.1.1 Global convergence of the trajectory
Our next main result is the following theorem, which is the implicit counterpart of Theorem 3.1.

Theorem 4.1. Let 0 < § < % f : R% — R satisfying (Hy), ~y is continuous and satisfies (H).
Consider (ISIHD) in this setting, then the following holds:
(i) There exists a global solution trajectory x : Ry — R% of (ISTHD).
(ii) We have that & € L2(Ry;R?), and V f o (x + Bi) € L2(Ry;RY).
(iii) If we suppose that the solution trajectory x is bounded over R, then V f o x € L2(R;RY),
Jim V@) = tim[#0)] =0,
and limy_, 4~ f(x(t)) exists.
(iv) In addition to (iii), if we also assume that f is definable, then & € L'(R;R?) and z(t) converges (as
t — 400) to a critical point of f.

Proof. (i) We will start by showing the existence of a solution. Setting Z = (x,y), (4.1) can be equiva-
lently written as: ‘
Z(t) +VG(Z(t) +D(t, Z(t)) =0, Z(0) = (w0, y0), 4.2)

where G(Z) : R?xR? — Ris the function defined by G(Z) = B f(y) and the time-dependent operator
D:R,. x R4 x R? — RY x R? is given by:

o) = (“52 (5 -90) e -).

Since the map (¢, Z) — VG(Z) + D(t, Z) is continuous in the first variable and locally Lipschitz in
the second (by (Hp) and the assumptions on y),we get from Cauchy-Lipschitz theorem that there exists
Tiax > 0and a unique maximal solution of (3.2) denoted Z € C 1([0, Tax/; RY x Rd). Consequently,
there exists a unique maximal solution of (ISTHD) z € C?([0, Tinax[; RY).

Let us consider the energy function V' : [0, Tiax[— R defined by
: L.
V() = f(a(t) + Ba(t)) + S ()]
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Proceeding as in the proof of Theorem 3.1, we prove it is indeed a Lyapunov function for (ISIHD).

Denoting d; < min <§, 15} (1 — 5;?)) > 0, we have

V/(t) < =81(l2(@)I1° + IV F(2(t) + B (1)) (4.3)

We will now show that the maximal solution Z of (4.2) is actually global. For this, we argue by
contradiction and assume that 71, < —+o0o. It is sufficient to prove that z and y have a limit as
t — Thax, and local existence will contradict the maximality of T,,,«. Integrating (4.3), we obtain
i € L2([0, Thax[; RY) and V fo(z+32) € L2([0, Tinax[; R?), which entails that & € L'([0, Tinax[; RY)
and Vf o (z+ 32) € LY([0, Tinax[; RY), and in turn (@(t)) 1[0, Ty | Satisfies the Cauchy property and
lim;_, 7, x(t) exists. Besides, by the first equation of (4.1), we will have that lim; ,7, . y(t) will
exist if both limy_,7, . «(¢) and lim;_,7, , @(¢) exist. So we just have to check the existence of the
second limit. A sufficient condition would be to prove that & € L!([0, Tinax[; RY). By (ISIHD) this
will hold if &, V f o (z + ) are in L ([0, Tinax[; R%). But we have already shown these claims. Con-
sequently, the solution Z of (4.2) is global, and thus the solution = of (ISIHD) is also global.

(ii) Integrating (4.3), using that V is well-defined and bounded from below, we get that & € L2(R,; R?),

and V f(z(t) + Ba(t)) € L2(Ry;RY).

(iii) By assumption, sup,-q ||(t)|| < +oc. Moreover, since & € L2?(R,;;R?) and continuous, & €

L (R, ;R?%) and then using that V f is locally Lipschitz, we have

+o0

+00 +oo
/ IV £ ((t)2dt < 2 / IV F(a(t) + Bi(t)) — Vi ((t))|Pdt + 2 / IV (e(t) + B (1))t

to to to

+o0 +o0
< 28212 / ()2 + 2 / IV £ (a(t) + Bi(t)) |2dt < +oo,

to to

where L is the Lipschitz constant of V f on the centered ball of radius sup,~. ||z (t)||+5 supsg ||£(t)| <
+00. Moreover, for every t,s > 0,

IV (2(t) = Vf(z(s))]| < Lo Sup [&(T)II [t = s]-

This combined with V f o 2 € L2(R, ; R?) yields
lim [V f(x(t))[| = 0.

t—+00

We also have that
Sup IV f(2(t) + Ba(t))]| < jgg(llvf(w(t) + B(t)) = V(O)) + VO

< Losup [|z(t)[| + Lofsup [[E(t)|| + IV f(0)]| < +-o0.
>0 t>0
Therefore, in view of (ISIHD), we get that # € L°°(R; R?). This implies that
[&(t) — 2(s)| < sup [[E()] [t — 5]
>0
Combining this with & € L2(R; RY) gives that lim;_, , » [|2(2)| = 0.
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@iv)

From (4.3), V' is non-increasing, and since it is bounded from below, V' (¢) has a limit, say L. Passing to
the limit in the definition of V'(¢), using that the velocity vanishes, gives lim;—, o0 f(2(t) + 8i(t)) =
L. On the other hand, we have

1
[f(x(t) + pa(t) — f(x(t)] = B /0 (Vf(z(t) + spi(t), 2(1)) ds

1
<B < ; IV f(z(t) + spa )] dS) (@)1 -

Passing to the limit as ¢ — +o0, the right hand side goes to 0 from the above limits on V f(x(t)) and
#(t). We deduce that lim;_, o f(x(t)) = L.

As in the proof for (ISEHD), since (x(t)):>0 is bounded, then (3.4) holds. Besides, consider the
function

1
E: (z,0,w) eRgdHf(x—i-v)—l—inHz. (4.4)

Since f is definable, so is E. In turn, £ satisfies has the KE property. Let €; = €(z(-)) x {Oa} x {0q}.
Since E‘Q = L’VE‘Q =0, 3r,n > 0,3 € x(0,n) such that for every (x,v,w) € R3¢ such that

z € &(x(:)) + Br,v € B,,w € Byand 0 < E(x,v,w) — L <7, we have
V' (E(z,v,w) — L)|VE(z,v,w)| > 1 (4.5)

By definition, we have V(t) = E(x(t), Bi(t),&(t). We also define V(t) = V(t) — L. By the
properties of V above, we have lim;_, o, V' (t) = 0 and V is a non-increasing function. Thus V (¢) > 0
for every ¢ > 0. Without loss of generality, we may assume that f/(t) > 0 for every ¢ > 0 (since
otherwise V(t) is eventually zero entailing that 4:(t) is eventually zero in view of (4.3), meaning that
x(+) has finite length).

Define the constants 6o = 2,03 = %. In view of the convergence claims on & and V above, there
exists 7' > 0, such that for any ¢t > T’

a(t) € €x()) + Br,
0<V(t) <n,

4.6
mas (8, 1) (1) | < r. *o
LoV () < 5.
The rest of the proof is analogous to the one of Theorem 3.1. Since
IVE(x(t), Ba(t), #)|* < Sa(la)1* + IV £ (2(t) + B (1)), 4.7)
and
Y (VO)VE((t), Bi(t),2)| = 1, vt =T. (4.8)

We can lower bound the term —%w(f/(t)) fort > T (as in (3.12)) and conclude that & € L'(R; R?),
and that this implies that :(¢) has finite length and thus has a limit as ¢ — +oo. This limit is necessarily
a critical point of f since lim;_, 1 ||V f(x(t))]| = 0.

O
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4.1.2 Trap avoidance

We now show that (ISIHD) provably avoids strict saddle points, hence implying convergence to a local min-
imum if the objective function is Morse.

Theorem 4.2. Letc > 0,0 < < % and v = c¢. Assume that f : R? — R satisfies (Hy) and is a
Morse function. Consider (ISIHD) in this setting. If the solution trajectory x is bounded over R, then the
conclusions of Theorem4.1 hold. If, moreover, 3 %+ % then for almost all xg,vy € R? initial conditions,
x(t) converges (as t — +0o0) to a local minimum of f.

Proof. Since Morse functions are C'? and satisfy the KE inequality, and x is assumed bounded, then all the
claims of Theorem 4.1 hold.

As in the proof of Theorem 3.3, we will use again the global stable manifold theorem to prove the last
point. Since, y(t) = c for all ¢, introducing the velocity variable v = &, we have the equivalent phase-space

formulation of (ISTHD)
t(t) =ov(t
)=o) wo)
o(t) = —co(t) = Vf(z(t) + Bo(t)),
with initial conditions 2(0) = g, v(0) = vo. Let us consider F' : R x R? — R? x R? defined by
F(I‘,y) = (U, —CU — Vf(ﬂf + ﬁv)) .

Defining z(t) = (x(t),v(t)) and zg = (20, vo) € R??, then (4.9) is equivalent to
{ ) = FE) @10

We know from above that under our conditions, the solution trajectory z(t) converges (as t — +00) to an
equilibrium point of F, and the set of equilibria is {(£,0) : & € crit(f)}. Following the same ideas as in the
proof of Theorem 3.3, first, we will prove that each equilibrium point of F' is hyperbolic. We first compute
the Jacobian

Odxa la
Ir(ey) = (—VQf(a: +Bv) —clq— VA f(z + ﬂ”>> .

Let 2 = (2,0), where & € crit(f). Then the eigenvalues of Jp(Z2) are characterized by the solutions on

A€ Cof
_)\Id Id B
det ((-sz(fc) ~(A+ o)y — 5v2f(55)>> = 0. “4.11)

By Lemma2.1, (4.11) is equivalent to
det((1 4+ AB)V2f () + (A2 + X)) = 0. 4.12)

This is the exact same equation as (3.17). Thus the rest of the analysis goes as in the proof of Theorem 3.3. [

4.1.3 Convergence rate

We now give asymptotic convergence rates on the objective and trajectory.
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Theorem 4.3. Consider the setting of Theorem 4.1 with f being also definable. Recall the function E from
(4.4), which is also definable, and denote 1 its desingularizing function and ¥ any primitive of —'%. Then,
z(t) converges (as t — +00) t0 Lo € crit(f). Denote V(t) = E(x(t), Bi(t), &(t)) — f(2oo). Then, the
following rates of convergence hold:

o Iflimy_o ¥ (t) € R, we have E(x(t),2(t), BV f(x(t))) converges to f(xoo) in finite time.

o Iflimy_,o ¥(t) = 400, there exists some t; > 0 such that

V(t) =0t —t)) (4.13)
Moreover,
[2(t) = Zool| = O 0 ™1t — 1)) (4.14)
Proof. Analogous to Theorem 3.4. O

When f has the Lojasiewicz property, we get the following corollary of Theorem 4.3.

Corollary 4.4. Consider the setting of Theorem4.3 where now f satisfies the Lojasiewicz inequality with
desingularizing function 1¢(s) = cps'79, g € [0,1[, s > 0. Then there exists some t1 > 0 such that:
« Ifq €[0,3], then

V(t) = O(exp(—(t — 1)) and ||z(t) — 2] = O <exp (t _2“)> 4.15)

V()= O((t—t) 1) and ||a(t) — ool = O((t — 1) 2 1) (4.16)

Proof. Analogous to Corollary 3.6. O

4.2 Algorithmic scheme

In this section, we will study the properties of an algorithmic scheme derived from the following explicit
discretization discretization of (ISIHD) with step-size h > 0 and for & > 1:

Tkl — 2Tk + Tp— Tkl — T Tk — Th—
k+1 2k k-1 +~(kh) k+1 k V(248 k =1\ ) “.17)
h h h
This is equivalently written as
ve = ot an(e - x’“‘ll)’ (ISTHD-Disc)
Tey1 =Yk — sV (xk + B (v — 2-1)),

. e el .y def def def
with initial conditions xq, x1 € R?, where o, = ﬁ, s, = h2oy, and 3 = %
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4.2.1 Global convergence and trap avoidance

We have the following result which characterizes the asymptotic behaviour of algorithm (ISIHD-Disc), which
shows that the latter enjoys the same guarantees as (ISEHD-Disc) given in Theorem 3.7. We will again require
that V f is globally Lipschitz-continuous.

Theorem 4.5. Let f : R — R satisfying (Ho) with ¥V f being globally L-Lipschitz-continuous. Consider
algorithm (ISIHD-Disc) with h > 0, 8 > 0 and ¢ < vy, < C for some ¢,C > 0 and for every k € N. Then
the following holds:

(i) If B+ 5 < £, then (|V f(zx)|)ken € 2(N), and (||zk+1 — zx||)ken € €2(N), in particular

i (|97 =0,

(ii) Moreover, if (x},) ¢ is bounded and [ is definable, then (||zy4+1— 2k || ) ren € ¢Y(N) and x}, converges
(as k — +00) to a critical point of f.

(iii) Furthermore, if v, = ¢ > 0,0 < 8 < 7,8 # % and h < min (2 (% — ﬁ) , ﬁ) then for almost

all zo,x; € RY x1, converges (as k — +00) to a critical point of f that is not a strict saddle.
Consequently, if f satisfies the strict saddle property, for almost all o, 1 € R% x), converges (as
k — 400) to a local minimum of f.

Proof. (i) Let v “ Tp — Th_1, @ « ﬁ, o o Hﬁ’ 5 = h?a,s = h*a,soa < oy < @ and
s < s < sforevery k € N. Proceeding as in the proof of Theorem 3.7, we have by definition that for
k € N* )
Tk4+1 = argmin 5\\95 — (yk — 5KV f (@r + B'op) 1%, (4.18)
z€R4

and 1—strong convexity of = — ||z — (y — sk V f(z) + B'vy))||? then gives

1 1 1
§||1Uk+1—(yk:—Sk;Vf(ﬂb‘k:Jrﬁ'vk))||2 < §||9Uk—(yk—Ska(xszr/@'vk))HQ—§H$k+1—!Ek||2- (4.19)
Expanding and rearranging, we obtain

v 2 1
(Vf(zg + Bog), vgs1) < — | k;;:” + ﬁ(vk,vk+1>~ (4.20)

Combining this with the descent lemma of L-smooth functions applied to f, we arrive at
Flornn) < Fon) + VTG, o) + o ok
= flzk) +(Vf(zk) = V(e + Bok), ver1) + (V @k + Bvk), vps1) + gllvm\?
< flo)+ (B2+ 5 ) Iallowsall = (5 = 5 ) Iowal.

Where we have used that the gradient of f is L—Lipschitz and Cauchy-Schwarz inequality in the last
bound. Denote & = 'L + % We can check that since h < Q—LC, then 0 < 5§ < % and the last term of
the inequality is negative. Using Young’s inequality we have that fore > 0 :

~2

a ||k 1H2 1 L
flxps1) < flag) + ?EHUkHz + 5% -7 3 [ vg1]|%-
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Or equivalently,

~2 ~2 ~2
o o € 1 L
Flann) + G lowll < o)+ Gl + 54 5= (3= 5 ) [l P

In order to make the last term negative, we impose

5+d2<
2 2e S 2°

Minimizing for € at the left-hand side we obtain € = & and the condition to satisfy is

9
5 . 421
St L @21

—
~

Recalling the definitions of 3, &, 3, this is equivalent to
h? 2
1+4+ch < g, 1
2(LE+ k) +1L

= 2LBh+ 2+ Lh? < 2+ 2ch.

Simplifying, this reads
2 L’

which is precisely what we have assumed. Let § = (2 — £) — & > 0, then

«a «a
f(@p+1) + §||Uk+1||2 < flog) + §||Uk||2 — Ollogsa |1 (4.22)

Toward our Lyapunov analysis, define now Vi, = f(z)) + §||vg||? for k € N*. In view of (4.22), Vi
obeys
Vit < Vie — 6lJvgs1 ||*- (4.23)

and thus V} is non-increasing. Since it is also bounded from below, V} converges to a limit, say L.
Summing (4.22) over k € N*, we get that (||vg11]|)ken € £2(N), hence limy,_ | o [|Jvg|| = 0. Besides,
since @ < 1
1
IV £+ Boll = Cllwier = yell < SCl2aen = zell + llok = al)
< —(lvesall + allvel])

< —(lorsall + lloell),

o | — 1w | M lw | —

which implies
IV (ap + Bop)I” < Sa([onral® + [|vell?),
where 6, = 4. Consequently (||V f(zx + 8'vi)||)ren € (3(N), and

IVF@i)l? = 201V f(zx) = V(@ + Bo) P + IV £ (@ + o)1)
< 2L2B%||ol® + IV £ (@ + B'or) 1)

Thus, (||Vf(2k))ren € £2(N), hence limy_, o ||V f (zx)|| = 0.
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(ii)

(iii)

When (2, is bounded and f is definable, we proceed analogously as in the proof of Theorem 3.7
to conclude that (||vg)xen € €1(N*), so (k) ey is @ Cauchy sequence which implies that it has a
limit (as k — 400) denoted 2+, which is a critical point of f since limy_, o ||V f(z)| = 0.

When v = ¢, we let o = a = Hﬁ,sk = s = ha. Let 2, = (k, K1), and g : R? x R? —
R? x R? defined by

g (@e,a-) > [(1+ a)ay —az_ — sVf(ay + B (ay —a-)),a4].
(ISIHD-Disc) is then equivalent to
Zk+1 = 9(zk). (4.24)

To conclude, we will again use [64, Corollary 1], similarly to what we did in the proof of of Theo-
rem 3.7, by checking that:

(a) det(Jy(v4,2_)) # 0 forevery x4, z_ € R%

(b) X C A where A% = {(z,2) € R : 2 € crit(f), max; [ Ni(Jy(z,2))| > 1} and X =

{(z,x) € R¥ : z € X*}, with X* the set of strict saddle points of f.

The Jacobian Jy (x4, z_) reads

((1 +a)lg—s(L+ )V f(zy + B (xy —2-)) —alg+sBV?f(zy + B (24 —2))
I, Odxd
(4.25)

This is a block matrix, where the bottom-left matrix commutes with the upper-left matrix (since is the
identity matrix), then by Lemma2.1 det(J,(24,2_)) = det(aly — B'sV2f(zy + B (x4 — 2_))).
Since the eigenvalues of V2 f(x, + /(x4 — x_)) are contained in [— L, L]. It is then sufficient that
a > (' Ls to have that ) — 515 # 0 for every eigenvalue ) # 0 of V2f(zy+p' (x4 —x_)). This means
that under o > /3’ Ls, condition (a) is in force. Requiring o > (' Ls is equivalent to h < %ﬁ’ and since

we already need h < 2 (% — ﬂ), we just ask h to be less than the minimum of the two quantities.

Let us check condition (b). Let z be a strict saddle point of f, i.e. z € crit(f) and Apin(V2f(7)) =
—n < 0. To characterize the eigenvalues of J,(z, ) we could use Lemma 2.1 as before, however,
we will present an equivalent argument. Letn; € R, i = 1,...,d, be the eigenvalues of V2f(z).
By symmetry of the Hessian, it is easy to see that the 2d eigenvalues of J,(x, ) coincide with the
eigenvalues of the 2 x 2 matrices

<(1 +a)—s(L+ ) —a+ SB’m>
1 0 ‘

These eigenvalues are therefore the (complex) roots of
A= A((1+a) = s+ 8)m) +a—sBn =0. (4.26)

If A\ = -2 then (4.26) becomes

BT
/ 2 /
<ﬂi1>—<ﬁil>ﬂ+®+a:0

B

!
This implies that o = %, or equivalently Hﬁ = Frh But this contradicts our assumption that

Bc # 1, and thus this case cannot occur. Let us now solve (4.26) for n; = —n. Its discriminant is

Ay =a?+2a(ns(14+ ) — 1)+ (ns(1 + B') +1)* — 4dnspB/,
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which can be seen as a quadratic equation in o whose discriminant A, = —167s. Since A, < 0
(recall that n, s > 0). Therefore the quadratic equation on a: does not have real roots implying that
Ay > 0. We can then write the solutions of (4.26),

((L+) + 51+ 5) + VA

A:
2

Let us examine the largest solution (the one with the plus sign) and show that actually A > 1. Simple
algebra shows that this is equivalent to verifying that

Ay>(2—-(1+a)—ns(1+p6))>2%
or, equivalently,
(1—a)?+n?2(1+6)? =201 —a)ps(1 + ') < Ay
= ((1+ ) +n(s = §))" = 4(a—n8).

Simple algebra again shows that this inequality is equivalent to 0 < 4ns, which is always true as n > 0.
We have thus shown that X' C A7,

Overall, we have checked the two conditions (a)-(b) above. Therefore the invariant set {z; € R2d .
limy,_ 4 o0 g% (21) € X'} has Lebesgue measure zero. This means that the set of initializations xg, 21 €
R? for which zj, converges to a strict saddle point of f has Lebesgue measure zero.

O

4.2.2 Convergence rate

The asymptotic convergence rate of algorithm (ISIHD-Disc) for Lojasiewicz functions is given in the follow-
ing theorem. This shows that (ISIHD-Disc) enjoys the same asymptotic convergence rates as (ISEHD-Disc).

Theorem 4.6. Consider the setting of Theorem4.5, where f also satisfies the Lojasiewicz property with
exponent q € [0,1]. Then x, — T € crit(f) as k — +oo at the rates:
* Ifq € [0, 3] then there exists p €]0,1[ such that

|l = zoo|| = O(p"). (4.27)
* Ifq €]5,1[ then
|2k — Zoo|| = O (k*ﬁ) : (4.28)

Proof. Since the Lyapunov analysis of (ISTHD-Disc) is analogous to that of (ISEHD-Disc) (though the Lya-
punov functions are different), the proof of this theorem is similar to the one of Theorem 3.9. 0

4.2.3 General coefficients

As discussed for the explicit case, the discrete scheme (ISIHD-Disc) rises from a discretization of the ODE
(ISIHD). However, the parameters oy, sj are linked to each other. We now consider (ISTHD-Disc) where
ok, Sk are independent. Though this would hide somehow the physical interpretation of these parameters, it
allows for some flexibility in their choice while preserving the convergence behaviour.
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Theorem 4.7. Let f : R? — R be satisfying (Ho) with ¥V f being globally L-Lipschitz-continuous. Consider
(ar)ken, (Br)ren, (8 )ken to be three positive sequences, and the following algorithm with xy, x, € R%:

Trr1 =y — sk Vf(xr + Br(rr — 2r-1))-

If there exists 5 > 0 such that:
* 0 < infren Sk < SUpPgen Sk < 5 < %,‘

L
® SUPgeN (ﬁkL + %’:) < % -3

Then the following holds:
(i) (IV£(zi)Dren € C2(N), and (|zir1 — @il ke € £3(N), hence

lim [V f(z)]| = 0.

k——+o0

(ii) Moreover, if (z1,),,cy is bounded and f is definable, then (||zj41 — xk||)ken € €*(N) and ), converges
(as k — 400) to a critical point of f.
(iii) Furthermore, if o = «, B, = B, Sp = S, then the previous conditions reduce to

1
a—I—sL<ﬁ—|—2> < 1.

If; in addition, o # %, a > BLs, then for almost all xy, z1 € R% 1, converges (as k — 4+00) to a
critical point of f that is not a strict saddle. Consequently, if f satisfies the strict saddle property, for
almost all zo, z1 € R, xy, converges (as k — +00) to a local minimum of f.

Proof. Adjusting equation (4.20) to our setting (i.e. not using the dependency of oy, si) we get an analogous
proof to the one of Theorem 4.5. We omit the details. O

S Numerical experiments

Before describing the numerical experiments, let us start with a few observations on the computational com-
plexity and memory storage requirement of (ISEHD-Disc) and (ISIHD-Disc). The number of gradient access
per iteration is the same for Gradient Descent (GD), discrete HBF, (ISEHD-Disc) and (ISIHD-Disc) is the
same (one per iteration). However, the faster convergence (in practice) of inertial methods comes at the
cost of storing previous information. For the memory storage requirement per iteration, GD stores only the
previous iterate, the discrete HBF and (ISIHD-Disc) store the two previous iterates, while (ISEHD-Disc)
additionally stores the previous gradient iterate as well. This has to be kept in mind when comparing these
algorithms especially for in very high dimensional settings.

We will illustrate our findings with two numerical experiments. The first one is the optimization of the
Rosenbrock function in R?, while the second one is on image deblurring. We will apply the proposed discrete
schemes (ISEHD-Disc) and (ISIHD-Disc) and compare them with gradient descent and the (discrete) HBF.
We will call |V f(zg)]| the residual.
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5.1 Rosenbrock function

We will minimize the classical Rosenbrock function, i.e.,
fi(z,y) € R (1 —x)?+100(y — %)%,

with global minimum at (z*, y*) = (1,1).

We notice that its global minimum is the only critical point. Therefore this function is Morse and thus
satisfies the Lojasiewicz inequality with exponent % (see Remark 2.13). Consider (ISEHD) and (ISTHD) with
the Rosenbrock function as the objective, v : R; — Ry satisfying (H,) (i.e. 0 < ¢ < 7(t) < C < +00),
and 0 < 8 < % By Theorems 3.1-3.9 for (ISEHD), and Theorems 4.1-4.6 for (ISIHD), we get that the
solution trajectories of these dynamics will converge to the global minimum eventually at a linear rate. Due
to the low dimensionality of this problem, we could use an ODE solver to show numerically these results.
However, we will just the iterates generated by our proposed algorithmic schemes (ISEHD-Disc) and (ISIHD-
Disc). Although the gradient of the objective is not globally Lipschitz continuous, our proposed algorithmic
schemes worked very well for A small enough. This suggests that we may relax this hypothesis in future
work, as proposed in [65, 66] for GD.

We applied (ISEHD-Disc) and (ISTHD-Disc) with 3 € {0.02,0.04}, v(t) = 40 = 3, h = 103 and initial
conditions g = (—1.5,0),x1 = xo. We compared our algorithms with GD and HBF (with the same initial
conditions) after 2 * 10* iterations:

h2
o GD
Thel = Tk T T Vohvf(l‘k), (GD)
and
Yo  =xpt @(ka — Tp-1), (HBF)
Th+1 =Yk — Jwvf(xk)'

The behaviour of all algorithms is depicted in Figures 1 and 2.

10°
i J — GD
— HeF — HBF
107 ISEHD

ISEHD
— ISIHD — ISIHD
10t
5 100
s

10° 10t 102 10° 5000 10000 15000 20000 1073 1072
iter

(a) Iteration vs Residual. (b) Time vs Residual. (c) Trajectory.

Figure 1: Results on the Rosenbrock function with 8 = 0.02.
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10°
i — GD

— D —
— HBF

— HBF 2
ISEHD 0 ISEHD
— ISIHD — ISIHD

100 100 102 10° 5000 10000 15000 20000 1073 10- 10~
iter time [sec]

(a) Iteration vs Residual. (b) Time vs Residual. (c) Trajectory.

Figure 2: Results on the Rosenbrock function with 8 = 0.04.

We can notice that the iterates generated by (ISEHD-Disc) and (ISIHD-Disc) oscillate much less towards
the minimum than (HBF), and this damping effect is more notorious as 3 gets larger. In the case 8 = 0.02,
we observe there are still some oscillations, which benefit the dynamic generated by (ISEHD-Disc) more than
the one generated by (ISIHD-Disc). However, we have the opposite effect in the case § = 0.04, where the
oscillations are more damped. These three methods (ISEHD-Disc), (ISIHD-Disc), (HBF)) share a similar
asymptotic convergence rate, which is linear as predicted (recall f is Lojasiewicz with exponent 1/2), and
they are significantly faster than GD.

5.2 Image Deblurring

In the task of image deblurring, we are given a blurry and noisy (gray-scale) image b € R"=*"™ of size
ng X ny,. The blur corresponds to a convolution with a known low-pass kernel. Let A : R™* %™y — Ry
be the blur linear operator. We aim to solve the (linear) inverse problem of reconstructing u* € R"**™y
from the relation b = Au + £, where £ is the noise, that is additive pixel-wise, has 0—mean and is Gaussian.
Through this experiment, we used n, = n, = 256.

In order to reduce noise amplification when inverting the operator A, we solve a regularized optimization
problem to recover u* as accurately as possible. As natural images can be assumed to be smooth except for
a (small) edge-set between objects in the image, we use a non-convex logarithmic regularization term that
penalizes finite forward differences in horizontal and vertical directions of the image, implemented as linear
operators K, I, : R"**™ — R"*" with Neumann boundary conditions. In summary, we aim to solve
the following:

min f(u), ()22 Au— b + “jzlogp+ ()2, + (Kyu)?,),

ng Xny
u€eR i=1 j=1

where 1, p are positive constants for regularization and numerical stability set to 5 - 10~° and 1073, respec-
tively. f definable as the sum of compositions of definable mappings, and V f is Lipschitz continuous.

To solve the above optimization problem, we have used (ISEHD-Disc) and (ISIHD-Disc) with parameters
B = 1.3, 7 = 0.25,h = 0.5, and initial conditions g = z; = 0, xn,- We compared both algorithms
with the baseline algorithms (GD), (HBF) (with the same initial condition). All algorithms were run for 250
iterations. The results are shown in Figure 3 and Figure 4.

In Figure 3, the original image @ is shown on the left. In the middle, we display the blurry and noise image
b. Finally, the image recovered by (ISEHD-Disc) is shown on the right.
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Figure 3: Results of the discretization of ISEHD.

In Figure 4, see that the residual plots of (ISEHD-Disc) and (ISIHD-Disc) overlap. Again, as expected, the
trajectory of (ISEHD-Disc) and (ISIHD-Disc) has much less oscillation than (HBF) which is a very desirable
feature in practice. At the same time, (ISEHD-Disc) and (ISIHD-Disc) see to convergence faster, though
(HBF) eventually shows a similar convergence rate. Again, GD is the slowest. Overall, ISEHD-Disc) and

(ISIHD-Disc) seem to take the best of both worlds: small oscillations and a faster asymptotic convergence
rate.

Image Deblurring Problem Image Deblurring Problem
10* 4 — GD 104
—— HBF
103 + ISEHD 103 +
—— ISIHD
102 + 102 +
101 + 101 +
E] 0 E] 0
3 10%5 3 10%5
[ [
I o
1071 4 1071 4
1072 4 1072 4
1073 4 1073 4
1074 4 1074 4
10° 10! 102 10° 10! 102
iter time [sec]
(a) Iteration vs Residual. (b) Time vs Residual.

Figure 4: Results on the image deblurring problem.

6 Conclusion and Perspectives

We conclude that:
» Under definability conditions on the objective and suitable conditions on 7, we obtain convergence
of the trajectory of (ISEHD) and (ISIHD). Besides, in the autonomous setting, and under a Morse
condition, the trajectory almost surely converges to a local minimum of the objective.

* We obtain analogous properties for the respective proposed algorithmic schemes (ISEHD-Disc) and
(ISIHD-Disc).
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* The inclusion of the term [ helps to reduce oscillations towards critical points, and, when chosen
appropriately, without reducing substantially the speed of convergence of the case 5 = 0, i.e. the one
for Heavy Ball with Friction method.

*» The selection of 3 is important. If it is chosen too close to zero, it may not significantly reduce oscil-
lations. Conversely, if it is chosen too large (even within theoretical bounds), the trade-off for reduced
oscillations might be a worse convergence rate.

Several open problems are worth investigating in the future:

* Replacing the global Lipschitz continuity assumption on the gradient in Theorems 3.7 and 4.5 with a
local Lipschitz continuity assumption as proposed in [65, 66, 79].

* Proposing discrete schemes of (ISEHD) and (ISIHD) with a variable stepsize, which can be computed,
for instance, by backtracking.

* Extending our results to (non-euclidian) Bregman geometry.
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