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Abstract

This work introduces an inexact cubic regularization method with adaptive reuse of Hessian ap-
proximations to solve general non-convex optimization problems. In the proposed approach, the
gradient is computed inexactly and updated at every iteration, whereas the Hessian approxima-
tion is updated at a specific iteration and then reused for m subsequent iterations (a lazy strategy),
where the value of m may vary throughout the procedure. The method can be implemented ei-
ther in a Hessian-free or a derivative-free manner. Implementations that approximate derivative
information via finite-difference schemes are discussed. We provide iteration-complexity guaran-
tees showing that the method reaches an approximate critical point. We also establish bounds
on the total gradient and function evaluations required, including the case in which only function
values are used. Numerical experiments are reported to illustrate the behavior of the proposed
method and to compare its performance with existing lazy cubic algorithms.
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1 Introduction

In this paper, we focus on the following general non-convex optimization problem:

min F(z) == f(@) + ¥(a), (1)

where f : R®™ — R is a twice continuously differentiable function, potentially non-convex, 1 :
R™ — R U {+o0} is a proper, closed and convex function that may be non-differentiable, and
@ = Dom(%)). Our analysis will be conducted under the following assumptions:

(A1) the Hessian of f is L-Lipschitz continuous, i.e.

IV2f(z) = V2f()ll < Lllz = yll, Va,yeR™ (2)
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(A2) there exists a constant F™* such that F(x) > F* for all x € Q.

Among the different approaches to solve problem @), one of the most effective in terms of
complexity-iteration guarantees is the Cubic Regularization (CR) method [13,]18]. This method,
originally proposed for the case ¢ = 0, modifies the classical Newton method by adding a cubic
regularization term to its quadratic model, ensuring global convergence and providing stronger
complexity bounds. In the setting b = 0, at each iteration, the CR method generates a new
iterate x44+1 by solving the subproblem

; g¢,Bt
Tip1 € arg min Mot (),

where o; > 0 is a regularization parameter that controls the influence of the cubic term, and

MEP(y) = £(2) + {9,y — ) + 3 (Bly— ),y —2) + Ty — Q
with g denoting an approximation to the gradient of f at x, and B a symmetric approximation
to its Hessian. Under standard smoothness assumptions on f (see (A1)—(A2)), Nesterov and
Polyak [18] proved that the vanilla CR method (that is, g = Vf, B = V2f and o fixed and
proportional to L) requires at most (9(5_3/ 2) iterations to generate an e-approximate stationary
point (namely, a point z; satisfying |V f(z¢)|| < €), where € > 0 is a given accuracy tolerance.
In contrast, the standard Newton method (without regularization) may require up to O(s~2)
iterations to reach the same level of accuracy [5]. Since the vanilla CR method relies on exact
evaluations of the gradient and Hessian—which can be computationally demanding in many
applications—several recent works have proposed inexact variants of CR, in which either or both
of these quantities are computed approximately; see, for example, [2-4,6,[7,9,11,[12,15,19,20].
Some of these works also incorporate line-search strategies to estimate or adapt the Lipschitz
constant of the Hessian, further enhancing robustness and efficiency in practice.

In this work, we introduce an inexact cubic regularization method with adaptive reuse of
Hessian approximations to solve the general problem (m) In the proposed approach, the gradi-
ent is computed inexactly and updated at every iteration, whereas the Hessian approximation
is updated at a specific iteration and then reused for m subsequent iterations (a lazy strategy),
where the value of m may vary throughout the procedure. The method can be implemented ei-
ther in a Hessian-free or a derivative-free manner. Implementations that approximate derivative
information via finite-difference schemes are discussed. The new algorithm jointly adjusts the
regularization parameter and the accuracy of the derivative approximations using a nonmono-
tone line search criterion, without requiring any prior knowledge of the Lipschitz constant L.
A key advantage of the lazy strategy is its ability to reduce computational overhead by reusing
the same Hessian approximation over multiple iterations, thus avoiding costly second-order up-
dates at every step. This approach can substantially decrease the overall computational cost
while retaining the main benefits of second-order information. Moreover, allowing the number
m of Hessian approximation reuses to vary adaptively during the iterations adds flexibility and
can lead to better overall performance. For example, in the early phase of the optimization,
when the iterates are far from a stationary point, using a smaller m allows more frequent Hes-
sian updates and, consequently, more accurate search directions. Conversely, as the algorithm
approaches a stationary point, employing a larger m reduces computational effort without dete-
riorating convergence behavior. This adaptive adjustment of m effectively balances accuracy and
efficiency, making the method both robust and computationally efficient across different stages
of the optimization process.



From a theoretical perspective, first-order iteration-complexity results are established for the
proposed method. Specifically, for a given tolerance £ > 0, it is shown that the algorithm requires

at most O ((mmaLX + 1)1/2¢3/ 2) outer iterations to produce an e-approximate stationary point

of @) (see Definition (m) below), where mpax denotes the maximum number of times a Hessian
approximation is reused within any block of consecutive iterations. Furthermore, when exact
gradient information is available and the Hessian approximations are computed from gradient
values, the method requires at most

@) <(n + mmin)(mmin + 1)71(mmax + 1)1/25_3/2 + nIOgQ(mmax + 1))

gradient and function evaluations to reach an e-approximate critical point, where muy;, denotes
the minimum number of times a Hessian approximation is reused within any block of consecutive
iterations, and n is the dimension of the problem. If the algorithm is implemented using only
function values, the bound becomes

@ <(n2 + n(Mumin + 1)) (Mmin + 1)_1(mmax + 1)1/2573/2 +n? logs (Mmax + 1)>

function evaluations.

From a practical perspective, numerical experiments are conducted to assess the effectiveness
of the proposed approach. The method is tested on a set of 35 problems from the Moré-Garbow—
Hillstrom collection [17]. The results demonstrate that the adaptive reuse of Hessian approxima-
tions can significantly reduce computational cost without compromising accuracy. In particular,
the proposed strategy outperforms existing lazy cubic regularization schemes in [J].

Previous related works. We note that CR methods with lazy strategies were recently pro-
posed in [B,9], representing significant advances in the design of practical cubic regularization
algorithms. The work in [8], in particular, introduces a CR method using exact derivative informa-
tion and lazy Hessian updates to solve problem (EI) with ¢ = 0, and discusses iteration-complexity
bounds for this method. The subsequent work [9] extended this framework by developing first-
and zeroth-order implementations of CR methods with lazy approximated Hessians for the gen-
eral composite problem ([ll). Our proposed algorithm shares some features with these approaches
but also introduces some key differences (see Remark P below). In short, our method adaptively
adjusts the number of Hessian approximation reuses during the iterations, providing additional
flexibility that can enhance overall performance. Moreover, it accommodates different finite-
difference schemes (forward, backward, and central) for approximating derivatives, whereas the
methods in [9] employ only some of these approaches. Another distinction lies in the choice of
the finite-difference parameter h: while in [9] this parameter depends explicitly on e—which may
lead to excessively small and potentially unstable steps—our framework allows a more robust
and practical selection. Finally, the acceptance criteria for new iterates differ substantially. Our
algorithm employs a nonmonotone condition (see (@) and (@)), whereas the methods in [J] rely
on conditions tied to the prescribed accuracy €. From an analytical standpoint, the iteration-
complexity analysis of our method is more challenging, as it must account for the possibility of a
variable number of Hessian reuses throughout the procedure. Nonetheless, when this number is
fixed, our complexity bounds are similar to those obtained in [9] (see Remarks (H) and (B))

Organization of the paper. Section H introduces the main definitions and preliminary results,
with particular attention to finite-difference schemes for approximating the gradient and Hessian
of f. Section J formally describes the proposed algorithm for solving problem ([If) and presents its



iteration-complexity results, whose proofs are postponed to Subsection @ Section @ reports the
numerical experiments conducted to evaluate the performance of the method. Finally, concluding
remarks are provided in Section B

2 Preliminary

In this section, we introduce some basic definitions and preliminary results that will be used
throughout the paper. We focus primarily on techniques for approximating the gradient and
Hessian of the smooth function f using finite-difference schemes.

We begin by observing that assumption (A1) implies (see [18, Lemma 1]) that

IVF(y) = V() = Vf(2)(y — o)l < g\ly —zl’, Vaz,yeR" (4)

and
1)~ 1(0) = (VF @by =)~ @~ 2hy =) < Gl =l YoyeR 6

We next present the concept of approximate first-order stationary points of (m)

Definition 1. Given ¢ > 0, we say that & € R™ is an e-approzimate (first-order) stationary
or critical point of @) if IVf(Z)+ 9 (z)]] < e, for some ' (z) € OY(Z), where Oy denotes the
subdifferential of 1.

In what follows, we present finite-difference techniques for approximating the gradient and
Hessian of f, beginning with the gradient approximations.

Lemma 1. Suppose that (A1) holds. Given x € R™ and h > 0, define g(z) € R" as

%w:<ﬂx+mﬂ—f@—hq) ﬂx+M@—f@—h%».

7 ey o
Then,

lo(@) ~ V@) < Y7 Eh2
Proof. See [9, Lemma 5] or 10, Lemma 3.9]. 0

We next introduce an alternative gradient approximation approach, which requires an extra
assumption that holds when V f is Li-Lipschitz continuous. The proof of the next lemma can be
found, for instance, in [10, Lemma 3.10].

Lemma 2. Suppose that there exists L1 > 0 such that

L
1f(y) = f(z) = Vf(@)(y —z)| < é\ly —z|?, Va,yeR™ (7)
Given x € R"™ and h > 0, define g(z) € R™ as

([ flx+her) — f(x) f(x + he,) — f(x)
g(x)—< A Yy N >,




or

2h T 2h

" f@) ~flw—he)  f(@) = f(o ~hen)
x) — f(x — hey x) — f(z — hey,
g(x) = yeo
h h
Then,
vnLy
lg(a) - V()] < Yo
We now turn our attention to approximating the Hessian of f using either function or gradient

evaluations.

Lemma 3. Suppose that (A1) holds. Given x € R™ and h > 0, define A(x) € R™™ as

Alr) = [Vf(:z: + he}i) — Vf(x)’. L Vf(z+ he;z) — Vf(m)] ’ ()
o V(x4 he) —Vi(x—her) V(x4 hen) — V(e — hey)
A(:r)_[ 12h Yoo o } (9)
Alz) = [Vf(x) - Vhf(x - hel)’. . Vix)— Vhf(:c - hen)] . (10)
Then, the matrix .
B(z) = 5 (A(.@ + AT(:U)) , (11)
satisfies .
I1B@) Vsl < VoEh
Proof. See [12, Lemma 3| or [10, Lemma 3.12]. O

We conclude this section by discussing approaches to approximate the Hessian of f using only
function evaluations. The proof of the next lemma can be found, for instance, in [9, Lemma 6]
and [10, Lemma 3.14]).

Lemma 4. Suppose that (A1) holds. Given z € R" and h > 0, define A(x) € R™*™ as
f(@ 4 hei + hej) — f(x + hei) — f(x + hej) + f(x)

Aij(x) = 2 , (12)
Ayy() = f(x+ h(ei+ej) — f(@+ hle — 6;’))4;21’(% + h(ej —ei)) + f(@ — h(ei + ej))’ (13)
fori,7=1,...,n. Then, the matriz
B(z) = % (A +4T(@). (14)
satisfies
(14 +v2)nLh

1B(z) = V*f ()] < 3



3 Inexact CR method with adaptive Hessian reuse

In this section, we formally present the cubic regularization method with inexact derivative
information and adaptive reuse of Hessian approximations for solvin ). We then state its
iteration-complexity results, whose proofs are postponed to Subsection

Algorithm 1. Inexact CR method with adaptive reuse of Hessian approximations

Step 0. Choose x_1,29 € Q, 09 > 0,0 > 0, kg > 0, Kp > 0, and Muyin, Mmax € N such that
0 < Mmin < Mmax. Set t:=0, 7:= 0, and mg := 0.

Step 1. Set 7 := 7+ 1 and choose m; € [Mmin, Mmax|- Find the smallest integer ¢ > 0 such that
2i_10't > UO(mmaX + 1)

Step 1.1. Construct a vector ¢;; and a symmetric matrix B;; such that

K
Bollwy — @] (15)

- ||!L‘t - 1L‘t—1||27 ||Bt,i - VQf(xt)” < 9i—1

K
Hgt,i - Vf(l't)H < 9i—1

Step 1.2. Compute xzr ; such that

MG (@) + lad) < Fla),  ||VME50 @h) + 0/ )| < 0l — wl®, (16)

4,200 Tt,2'0¢

for some w’(x;fi) € Bw(:z;;ri), where MZ2(-) is as in (E)
Step 1.3. Set 1 :=m,+1and v :=1if 7 =1, and ~; := 12 and 2 := m, + 1 otherwise. If

QZO't

oo(my2 +1)
+ T ||3 YU 2y

Flay) = Fla) = o

t,2

2 — 21|, (17)

set iy := ¢ and go to Step 2. Otherwise, set ¢ := ¢+ 1 and go to Step 1.1.

Step 2. Set xyy1 := :szit, o1 :=24"oy, By = By, and t:=1+ 1.

Step 3. If m,; >0, lett:=t, B := B;_, and go to Step 4. Otherwise, return to Step 1.
Step 4. Find the smallest integer j > 0 such that 2/~oy > og(Mmax + 1).

Step 4.1 Construct g; ; such that

R
gt — V(x| < 2]%1”% —z1]*. (18)

Step 4.2. Compute a:;fj such that

9B (z) + (i) < F(xy), HVMg"’ () + ' (=)

x,27 04 x¢,27 0oy

< Ollaify — wel?,

for some )’ (a:tj) € op(xf ;) where M B() is as in (B)

Step 4.3. If
27 O’t oo 0o
F(zy) — F(xjj) 2= ||J"tg ] 32(m77 T m, e — 335—1H3 - %Hxi—l - 33{—2”3
o
- OT’YQHCL} - CUt71|| ) (19)

set j; := 7 and go to Step 5. Otherwise, set j := 7 + 1 and go to Step 4.1.
Step 5. Set x41 1= x:jt, Otq1 i= 2715, and t =t + 1.
Step 6. If t <t 4+ m, return to Step 4. Otherwise, return to Step 1.



Remark 1. (i) Note that T denotes a block of consecutive iterations that share the same Hessian approx-
imation, and m, indicates the number of times this Hessian approximation is reused within block 7. For
instance, if T =1 (the first block), then By is an approzimation of V2f(zo), and this same approzimation

is used for the subsequent my iterations. In this case, the sequence {xt};n:lf_l corresponds to the first block.

Similarly, the sequence {%}:@,HTQH corresponds to the second block, with a fized Hessian approzimation
Biny+1 0f V2f(2m,+1) - This process continues block by block, with the Hessian approzimation updated at

the beginning of each new block.

(ii) Implementations of Algorithm 1, in which the derivatives are computed using finite-difference schemes
satisfying (@), will be discussed in details in Corollaries (E) and (B), and Remarks B and .

(iii) Note that xzrl as in Step 1.2 is an inexact solution of the problem

yeR 6

. t,i,Bt,i 1 2i0’/
min (Mftlziat’ (y) +v(y) = f(xe) + (92,5, y — we) + §<Bt,z‘(y — )y =) + =g lly — @l + 1/’(9)) .

Conditions in (@) imply that x; yields a decrease in the cubic reqularized model plus the function i, and
that it is an approximate first-order stationary point of the above problem.

(iv) Note that the sequence of parameters {o:} can be nonmonotone. Indeed, if iy = 0, then o111 =
2ie=lg, = 0,/2 < ay. Moreover, both conditions (L7) and (L9) allow the acceptance of a trial point xfz

satisfying F(sz) > F(x;). Consequently, the sequence {F(x¢)}i>0 may also be nonmonotone.

Remark 2. As discussed in the introduction, our algorithm shares certain similarities with the approaches
proposed in the recent work [9], but also exhibits some key differences. First, our method adaptively ad-
justs the number of Hessian-approzimation reuses m, within each block of iterations, providing additional
flexibility that can enhance overall performance. Second, the inequalities in (L5) can accommodate differ-
ent finite-difference schemes (forward, backward, and central) for_approzimating derivatives, whereas the
methods in [9] employ only (g) for the first-order method, and (ff) and (L2) for the zero-order method.
Third, the choice of the finite-difference parameter h in [9] depends explicitly on the target accuracy e,
while in our implementations of the algorithm this parameter does not_depend on € and can_instead be
controlled by freely chosen constants (kg and kp); see_Corollaries | and |1, and Remarks |1 and |. Finally,
our acceptance criteria for new iterates (conditions (L7) and (ILY)) are based on a nonmonotone strategy,
whereas the methods in [9] rely on conditions explicitly tied to the prescribed accuracy €. We also note
that, in addition to allowing for different finite-difference Hessian approximations, the proposed algorithm
with Rg = 0, Mmax = Mmin =0 and ¥ = 0 closely resembles the CR method with finite-difference Hessian
approzimations proposed in [12].

We next discuss the iteration-complexity bounds of Algorithm 1, with the corresponding proofs pre-
sented in the next section. From now on, let {z;}7_; be the sequence generated by Algorithm 1. We begin
by establishing a bound in terms of outer iterations.

Theorem 5. Suppose that (A1) and (A2) hold. Then,

T-1

s A8N(F(zg) — F* - 3 s
Z IV F(zig1) + 0 (241)]|2 < ( (0(())) ) +6 (2)\ + i3+ l€92> lzo — 1], (20)
t=0
where
3
1 3 3 3 1 _3|2
2(Mmax +1)2 [1OL2 + 1683 +0f + (0 +4L + 3kp)of + 114/%300 2} 4\/%%
= : J__. 21
3 (mmax + 1) ( )

o)

As a consequence, given e > 0, Algorithm 1 needs at most O ((mmaX + 1)%5_%) outer iterations to generate

an e—approzimate critical point for problem (m)



We now discuss implementations of Algorithm 1 and their iteration-complexity bounds in which exact
gradient information is available and the Hessian approximations are computed from gradient values using
the finite-difference expressions.

Corollary 6. Suppose that (A1) and (A2) hold. In Steps 1.1 and 4.1, assume that g.; = g¢,; = V f(x)
and By ; = B(z,), where B(x) is as in (@) and A(x) is specified in either (E) or (Eg),, with

h: 2I<LB

= m“fﬂt — 1], (22)

for some constant kg > 0. Then, the inequalities in (@) and (@) hold trivially with Ry := 0 and
kp = Lkp. Moreover, the total number of function and gradient evaluations up to the T-th iteration,
denoted by FGE(T), is bounded as follows:

T(n+1)
Mmin + 1

FGE(T) < [log2 A+ 2} + (n +2)log, ((mmax + m) +3(T+n+1), (23)

. 1 s 3 3.3
where X := [2La¢ + 10L3 + 16L3 k% + 02]/og . As a consequence, given € > 0, the total number of FGE
required to obtain an e-approximate critical point is

@) ((n + Momin ) (Mmin + 1)71(mmax + 1)1/25*3/2 + nlogy(Mmax + 1))

Remark 3. In particular, if in Corollary B the matriz A(x) is defined as in (E), with h as in (), then the
inequalities in (@) hold trivially with kg == 0 and K := L. Consequently, the bound in (R3) becomes

T(2n+1)
Mmin +

FGE(T) < 1085 4+ 2| + 2(n + 1) 1ogy ((mmax + DA) +3(T + 20+ 1),
Remark 4. Considering the first-order (Hessian-free) implementation of Algorithm 1 described in Corol-
lary |, and taking Mmin = Mmax = M, our iteration-complexity bounds reduce to

O((m + 1)1/25’3/2) and O((n +m)(m+1)"Y2e732 £ nlog,(m + 1))

in terms of outer iterations and FGE, respectively. These bounds are comparable, with respect to the
dependence on e, n and m, to those established in [9, Theorem 2] for the first-order CN method [9,
Algorithm 2]. _On the other hand, when Mmpmin = Mmax = 0 and ¥ = 0, our bounds are consistent
with those in |14, Theorem 2 and Corollary 1], derived for the CR method with finite-difference Hessian
approzimations. As noted in [9], choosing m = n yields an improved FGE bound by a factor of /n
compared with the case Mpyin = Mmax = 0.

We next discuss implementations of Algorithm 1, along with its iteration-complexity bounds, in which
derivative approximations are computed from function values using finite-difference schemes.

Corollary 7. Suppose that (A1) and (A2) hold. In Steps 1.1 and 4.1, assume that gi; = gi,; =_q(z)
a@d B, ; := B(x:), where g(z) is as in (B) and B(x) is as in (@) and A(x) is specified in either (@) or
(L3), with

h . ( 6/@9 )é 3KB ” H
‘= min : R - Ty — Tr—1||,
\/521—1 (1 + \/ﬁ)n2’_1 K =

for some constants rkg,kp > 0. Then, the inequalities in (@) and (@) (for the latter, taking h :=
(6kg ||zt — 41|12/ (/027 71))Y/2) hold trivially with Ry = Lk, and kp = Lrp. Moreover, the total number
of function evaluations up to the T-th iteration, denoted by FE(T), is bounded as follows:

4n?T

Mmin + 1

FE(T) < [logy A + 2] + 2(2n° + n + 1) logy ((Mmax + 1)A) +4((n + 1)T + 2n?), (24)



1 3 3 _3. 3
where X == [2LoZ +10L? + 16L3 K% + og + 114L2K30, ?]/o¢ . As a consequence, given € > 0, the total
number of F'E required to obtain an e-approzimate critical point is

@ ((n2 + n(Mmin + 1)) (Mmin + 1)71(mmax + 1)1/25_3/2 + n210gy (Mmax + 1))

Remark 5. If f also satisfies (H) and g(x) in Corollary B is defined according to one of the three options
in Lemma 3, with
h:= min{Qn‘qxt _,xtfln 35 } |z — x|
V2Tt (14 /2) n2it ’

then the inequalities in (@) hold trivially with kg := Likg and Kp := Lkp. Consequently, the iteration-
complexity results in Corollary |{ remain valid.

Remark 6. For the zero-order implementation of Algorithm 1 described in Corollary B, and setting
Mumin = Mmax = M, the iteration-complexity bounds simplify to

(’)((m + 1)1/25_3/2> and O((n2 +mn)(m + 1)~ Y2732 L n2log, (m + 1))

in terms of outer iterations and function evaluations (FE), respectively. These bounds are comparable, in
their dependence on €, n, and m, to those established in [9, Theorem 4] for the zero-order CN method [9,
Algorithm 4].

3.1 Proofs of Theorem E and Corollaries E and B

We now proceed with the proofs of Theorems a, and Corollaries B and H To this end, we first recall the
Young’s inequality (see [L6]): given positive numbers a,b,p, ¢ satisfying p,¢ > 1 and 1/p+ 1/q = 1, we
have »
ab< 4= (25)
p q
For clarity, in the proofs of the next two results, we omit the index ¢ from the iterates generated by
Algorithm 1. The following proposition is crucial in establishing that the inner procedures of the algorithm

terminate in a finite number of iterations.

Proposition 8. Let iy, i > 0,0 > 0 and z, z, &, 2 € R™ be given. Assume that 2+, g € R" and B € R**"
satisfy

lg = V@) < hgllz— 2>, I1B=V*f(2)| <hslz— 2 (26)
and
MZE (@) +¢(aT) < F(a). (27)
If
o> 2(L+V2LEp% +V2r3p% + 28357, (28)

for some p, p,p > 0, then

g

Pla) - Fa*) = 7

lz* — a® -

1 . 2
o —z|P = =llz = 2P - = lle -2
3p 3p p

Proof. From (E) and definition of M2 () in (E), we have

F) < £@) + (Vi@ = o)+ 3 (VH@)at - 2),a" —2) + ¢ llat —alf

L_
2 et

= M%7 (ah) + (Vf(@) = g,at —a) + -z,



The last inequality, combined with (E)7 (@), (@), F = f 4+ and the Cauchy-Schwarz inequality, yields

1 1
F(z%) < F(x) + [V f(z) = glllla™ — x| + §IIV2f(I) -V f@)llat -2 + lI1B ~ Vi) lat - x|?
L—-o
6

) . L kp .
< F(x) + Rgllz — &) (|la" — || + Fllz = 2zt —z)® + 5 2= 2l —z)* +

+ 27 — aff?

L_
= et —a)?.

From the inequality in @ with p =3/2, ¢ = 3, a = ||lz — #||?/p*/® and b = &, p?/3|z+ — |, we get

‘2 23 52

le &)
Roptllat — 5

A
i
B

\
&
Tw
+

Rgllw —2|* ™ —all = =— Tl

5 =35 3
Again, from the inequality in (@) with p = 3,¢ = 3/2, a = ||z — 2||/p? and b = Lp3 ||z — [|2/2, we

obtain ) .
||.T—Z|| I’lag \/iLE[)E || +
— ||

L
ey — T2 —
e — 2l - o = AL

Again, from the inequality in @ with p = 3, ¢ = 3/2, a = ||z — 2||/p"/? and b = kpp'/3|at — z||?/2, we
have

1
lz* — a* < 3—ﬁ||x—zH3—|— — .

3 1
; — 2|4 1 2%2%p%
Tl il ol = AR ot — o < e YR g
It follows from the last four inequalities that
3
L+V2L3p% + 20357 +2835° — o T —3P 2z — |
Plat) < F(z) p BP oP ot — 2 + e —2l” = =217 | 2lle — &) ’
6 3p 3p 3p
which, combined with (@), implies the desired inequality. O

The next proposition establishes a bound on |V f(x*) + +'(2™)|| under certain conditions on =™, g
and B.

Proposition 9. Assume that g € R™ and B € R™*"™ satisfy (@) for some kg, kp >0 and x,z,%,2 € R"™.
Moreover, suppose that v+ € R™ satisfies

VM7 (") + ¢ (@) < Ollat — ||, (29)
for some /(%) € O(xT), 0 >0 and o > 0. If p,p* > 0, then
< L
V2
where n =0 + L+ Lp+ kpp* + 20.
Proof. From the definition of M%Z(-) in (E), we have

3
Li|z— 2|3 &2z - 3|3
o2l , &l 21

3 [ ~ 3 N
n? ot —z|® + (2k)2 |lz — &|° + 3
p*2

IV f(z) + ' (27)) 2 . (30)

VMEE(y) = g+ Bly — ) + Slly - ll(y — ).
Hence, using (24) and the triangle inequality, we obtain
IVF@*) + /@) S IV ™) = VMED @) + IVMES (@) + 4/ ()]
<Vf@*) =g = Bla® =) + Zlla* — 2| + 62" — ]
< Vf@*) = V(@) = V2F @) (" = )] + (V2 f(2) - V()" = o)

+I727) = B = )l + 1V £a) = gl + (G +0) = .

10



From last inequality, (E)7 (@) and (@), we get

V5 + vl < (25

+ 9) la* = 2]* + Lllz — 2llll2™ — 2]l + &pllz = 2l|lla™ — @]| + &yllz — 2>,
On the other hand, it follows from the inequality in (@) with p = ¢ = 2, a = ||z — 2| /p*/? and b =
p/?||zt — x| that

lz = =]*  plla® = 2|

lz = 2|l — 2|l <
2p 2

Again, by the same inequality with p=¢=2,a = ||z — 2||/p*% and b = p*? |+ — x|, we have

l= =217 | prlla™ — a|f?

— 3 + <
Iz = 2l o] < ;

Combining the last three inequalities, we find that

leo

3 Mot — ol 4 29— a2 4 Lyw— o2 4 BB
bl | Qe —al® + e - # 4 Dl -2+

2
IVf @)+ (@)]|? <2 Iz = 21|
where n = o + L + Lp + kgp* + 260. Since the function t — t3/2 is convex for t > 0, it follows from the
Jensen’s inequality that ((f1 + to + ts + t4)/4)¥2 < (52 4 £3/% + 32 1 43/%) /4 for all t,ty,t5,ts > 0.
Hence,

P 3
Lillz — 2|2 &2z — 2|3
ool , ble—

‘ 3
2 |lat — x| + 258 o — &)° + .
p*e

IV f(z*) + ' (ah)]|7 <

Sl

which implies (@) O

We next prove that the sequence of parameters {o;} is bounded from above. In particular, we show
that the inner procedures in Steps 1 and 4 of the algorithm end in a finite number of trials.

Lemma 10. The regularization parameters oy in Algorithm 1 satisfies

1 3 % _% % 1 11473
oo (Tmas + 1) < 01 < O = 2L + (Mmax + 1) 2 [10L2 maax Jrl 16RE + 08 (Mmax + 1)2] N :g’ (31)
¢ 99

for allt > 1. As a consequence, the inner procedures in Steps 1 and 4 end in a finite number of iterations.

Proof. Let us prove by induction on ¢ that (@) holds. For ¢ = 1, by Step 1, we obtain og(mmax + 1) <
200-lg) = 7,. Now, assume by contradiction that 2°°=lgy = 0, > onax. Hence, since mpyayx > My, we
have

3
- [ 10L§ max + 1 3 fhax 16k 2 max + 1 3 11473
2107150 > oo (Mumax + 1) + 2 2 (Mma 1+ )2m RZ(m : +1)z 5

o of a5
1 i 2
2 max max 1 2 — 5 max 1 2 — 1

> 9 L+\/§L% 3ma(ma+ ) _|_\/§K;2; M _}_2/%3 i

300 30’0 g 30’0

32my (my + 1) 2 e \? (8(my+1))? Fe \° /162
>olpvors (MM TN o LB ™+ 4o Lo =),
309 2i0—2 300 2t0—2 300

11



where we used the fact that 1 > 1/(2072)3/2 and iy > 2 in the last inequality. Then, by inequality (@)
and Proposition § with o = 2~1g(, &, = K,/2072, kg = kp/20 2, 2t = J:(J{,iofl, 2= =x0, 2 =1T_1,
p=32my(mq +1)/(300), p = 8(m1 +1)/(300) and p = 16/(30¢) it follows that

2i0_100
12

__ %

F(xo) = Flag;,-1) > [E2§

o0
Tg - 2o — z_1]® — §||930 —z_4].

1 $0||3 -
Therefore, (@) is satisfied for ¢ = ig — 1, contradicting the minimality of iy, which proves the inequality in
(@) for t = 1. Now, suppose that (E) holds for some natural number ¢ > 1, that is, og(Mmax + 1) < 0y <
Omax- Let us consider the case that 011 is given in Step 5 (the proof for the case where o441 is given in
Step 2 follows with similar arguments). We divide the proof into two cases:

Case (j: < 1): From Step 4, we obtain

00(Mmax + 1) < 011 =271y <210y = 0y < oax.

Case (j; > 2): From Step 4, we have o1 = 29710y > 0(Mmax + 1). Now, assume by contradiction that
orr1 = 297 Loy > opmax. Hence, since mpax > M., 12(my +1) > 71 and 1 > 1/72, we have

1 3 1 _
10L3 (Mmax + 1)%m§]ax 16RZ (Mmax + 1)2 114%&2
: + +

2t gy > oo (Muax + 1) + 2L + . 5

¢ ol %0
1 1 2
2 max max 1 2 _s 1 2 - 1
o (L4 vart ((3Hmmax(Mma + 1) + VIR, 96(m +1) + 287 16
309 309 309

>2 | L+V2L2 (32mf(mT+1)>%+\/§( R )

LV Fe \2 [ 16
71 Rg
, —= 2 = 33
300 2Je=2 (30’0> + <23‘_2) (30’0’}/2) ’ ( )
where we used the fact that 1 > 1/(27¢=2)3/2 and j; > 2 in the second inequality. It follows from inequality
(B3) and Proposition § with o = 27t ~loy, &, = R, /2772, kg = Rp /2072, T = x;ﬁjﬁl, T=xy, 2= X5,
2=1x;_o, p=32m.(m; +1)/(300), p = 871 /(300) and p = 16/(30¢2) that

2jt—10't

12

g072
8

00

L 0
32m,(m, + 1)

Flay) = Faf;, 1) > e — x> = 5, i = il
Y1

3
Je—1 IIijt_l —x||” —

|4 —xt—lﬂg

Therefore, (@) is satisfied for j = j; — 1. contradicting the minimality of j;. So, o411 < Omax, which
concludes the proof of the inequality in (@) O

We now present a recursive inequality that holds in each block of Algorithm 1.

Lemma 11. Let 7 € N— {0} be the block number associated with the T-th iteration of Algorithm 1, that
18,
T=mog+mi+me+--+Mpp1+7m7r—1+4p, with lpeN, 1<ty <m;. +1.

Then,

T-1
1500(Mmax + 1 oo(mr. +1
Flar) < F(ray) - 2000t D §7 g,y gy o 4 D0t D e,y

t=ar

T—2
go72 go72
+ 2 @ag = v P+ T2 e —

t=ar

where ap == mo+mi+ma+ -+ Mep_1+1r =1, 1 i=m, + 1, o :=14 17 =1 and v 1= 12,
Y2 i=mr,. + 1 otherwise.

12



Proof. Since ar-+1 is the first iteration of the block 77, it follows from (@) and the fact that 20,1 1= 2% 0,

for all ¢ > 0, that

0072
8

O—G.T+1

6

)

8’)/1 ||xaT _xaT*1H3'

||{EaT+1 _xaT||3+ ||xaT _xaT*1H3+

F(zap41) < F(xar) —

For the other iterations in the block 7 (if m,, > 0), if follows from (@) and the fact that 20,1 := 27ty
for all £ > 0, that

Car+2 g
F(xaT"FQ) < F(xaT"Fl) - ag ||xaT+2 - xaT"FlHS + 32(m + 1)m ||xaT+1 - xGT”S
TT TT
0o 0072
+ 87,}/1”1’.GT - xaT*1||3 + THZ.O«TJrl - xaTHgv

Oar+t 00
F(xaT-‘r@T) < F(xaT-‘r@T—l) - %||xaT+eT - xaT+[T—1||3 + 32(m + 1)m ||'raT+€T—1 - xaTHB
TT TT
o 0072
+ %”maq“ - -TanlH?) + T”‘raqﬂ%T*l - xaTJrfT*?HS‘

Summing up the above inequalities and using the first inequality in (@), we find that

ar+Lr—1 ar+Lr—1

Uo(mmax + 1) 3 go 3
F <F S0 Tmax ) - S — -
(l"aTMT) > (xaT) 6 t:Za:T lzt41 — 2] 32(mry + D)mory t:za:T [l xaTH
00lr||Tar — Tar—1|®> 0072 3, 0072 ardn 3
+ - + 2y — w4 TS e — il (34)
t=ar

Now, since the function x ~ 22 is convex for z > 0, it follows from the Jensen’s inequality that, for every

s> 2,
3 3
|Zar — Tap+s]| < |Zar = Tapt1ll + | Tap+1 — Taps2ll + -+ [[Tagrs—1 — Tagts]l
S B S
1 ar+s
<= >0 -l
§ t=ar+1

Hence, applying the last inequality for different values of s, we find, for all {7 > 1, that

Tt ; 5 L os [ NTarse = arll\’ | s [ Tarss — Tarll\
Z ||Z‘t—$aTH :HxaT"Fl_xaTH +2 <T2T) +3 (T3T>

t=ar

3
+~~~+(£T_1)3 (”xaT“l’ZTl xaT”)

br —1
23 ar+2 33 ar+3
< warsr = TarlP + 5 D0 Mo =@ ]® + T > lwe =z ?
t=ar+1 t=ar+1

KT i 1 3 ar+br—1
T Y

t=ar+1
ar+br—1
< (1+22+32+-~-+ (br — 1)2) Sz — 2
t=ar-+1
ar+~4r—1 2 ar+Lr—1
D e L S e
6 t=ar—+1 3 t=ar

13



where the last equality follows from the formula > ;_, i? = s(s 4+ 1)(2s + 1) /6, whereas the last inequality
holds since 1 < ¢7 < m,, + 1. Note that the last inequality also holds when ¢ = 1. Hence,

ar+br—1 (m + 1)2m ar+Lbr—1
DD E7 o | L % S lw —al®, V1<tr <mg, 41 (35)
t=ar t=ar

Therefore, combining the last inequality with (@), we get

0 (Mmax + 1) arthr =1 oo(my,. +1) ar thr—1
F(@arter) < F(Tar) - % Z @441 — $t||3 + ;72 Z 241 — xtHB
t=ar t=ar
007 || Tar — Taral® | 0072 s ooy TERT? 3
8’}/1 + ) ||xaT - xaT*1H + ] Z ”xtJrl - xt” 3
t:CLT
which, combined with T' = a7 + {7 and fr < m., + 1 < Mpax + 1, implies the desired inequality. O

As a consequence of the previous lemma, we obtain the following bound for the sum of the sequence
{llze4r — 2}

Lemma 12. The following inequality holds:

T-1
1 48(F (xg) — F*
>l — il < oty (D a2y o)
t—=0 max

Proof. Applying Lemma @ for the first block of the Algorithm 1 and using that az = mg =0,y = m1+1
and 5 = 1, we obtain

1500 (Mmax + 1) <= 5 oo(my +1) 5
F(zm,+1) < F(xo) — — 9 ; lZe41 — @el|” + m“% —x_q]|

mlfl

(o (o)
+ 2lro — P+ 2 Y Nl — @l
8 8 pt

Again, applying Lemma EI for other blocks and using that v1 = 12 and vy, = m,, + 1 we have

m1+ma+1

1500 (Mmax + 1) oo(mz + 1)
F(Zmy4mot2) < F(Tm41) — —gga > e —w)P+ g MTmit1 — m, I°

t=my+1

+ma

00m2+1 O'QTTL2+1 ML
poome ) B 22D TN

8 8

t=mi+1

T-1
1500<m111' X + 1) O'()(mT —+ 1)
F(or) < Fleay) - 2200t D S gy e g

t=ar

T-2
aplm +1 aplm —+ ].
$ 2 A Dl o+ P ED S

t:aT

where ar =mq1 +ma + -+ +mr,—1 + 70 — 1. It follows from the above inequalities that

T-1 T—2
1500(Mmax + 1 o(Mmax + 1
F(zr) < F(x) — 1500 (Mimax + 1) Z |Zer1 — o|)® + 70(Mmax + 1) Z g1 — 2e|?

96 t=0 8 t=0
0'()||£L'0—£L',1||3 00(m2+1) Uo(m-r -l—l)
+ 4 + 96 ||xm1+1 —l'mng'F""F 92 ||xaT _xaT71||37
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which implies that

T-1

UO(mmaX + 1) O-OHJ;O - .’1,'71”3
Flor) < Flan) = PO S g 4 P
Now, using that F'(z7) > F*, we obtain
T—1
oo(Mmax + 1) o
20lmx £ 1 5™ |y — il < Plao) — F* 4+ Plfag — 2
t=0

Therefore, the desired inequality now follows from the last one.

The following lemma establishes a relationship between the sums of the sequences {||Vf(z¢41) +
W (we)l|2} and {[lzren — x|}

Lemma 13. Let 70 € N — {0} be the block number associated with the T-th iteration as defined in
Lemma Then,

[N

ar+~Lr—1 5 ~ L%(m + 1)% ar+Lr—1
V2 Z IV f(zes1) + ' (2e11)]]2 < <>\ + max) Z [E—I

t=ar 3 t=ar
3 ap+Lbpr—2 5
+885 Y e — @l + 8RR |Tay — zaral®. (36)
t=ar—1

where ar = mo+mi+ma+---+me_1+1r—1, bp e Nwithl </lp <m.. +1, and \ i= 2(omax +6) +
L+ L(mmax + 1) 4 2(Mumax + 1) 3 5.

Proof. Since ap + 1 is the first iteration of the block 77, it follows from Proposition E with o = 2o, .,
—1 -

.4 ; — ni — eig— 2
2T = Tppi1, T=2=Tap, &= 2= Tgp_1, Ry = kg2 kg =Fkp/2r™ p=1and p* = (M, +1)3

that

_ 2
\/§||vf(xa'r+1) + wl(xaT-‘rl)H% < <2iaTUGT +L+L+ (mTT + 1)% ( ‘HBl) + 20)

2ier
2, \! 2 \* | I
3 ﬁg 3 KB Lar — Lap—1
X ||zaT+1 - :CGT” + (QiGTl) H:CGT - l'aT—1|| + (QiaTl) (’If;nTT —|—T1) ’

which, combined with 2lar g, = 04,41 < Omax (see Step 2 of Algorithm 1 and (@)), My < Mpmax, the
definition of A and i,, > 0, yields

3
8’%123||$aT - xaT—1||3
(mrp +1)

~3 3
<Az HxaTJrl — Tar H3 + 8'%92 HxaT - maT*1||3 + . (37)

V2V (Zagr1) + ¢ (@ar41)|

For the other iterations in the block 77 (if m,,. > 0), it follows from Proposition H with o = 2Jer+er-1g, ., 4,

5 a 1 —
2 = Tagttrs T = Taptlp—1, T = Tapttp—2, 2 = Tag, £ = Tap—1, Ry = Re/2ertr171 fp =
; _ 2/3
kp/2er+er=1710 5 = (m,. + 1)1/3m74 and p* = (m,,. +1)?/3 that

2 3
2K 2 L5||x 1 — ||3
< | —-—=9 _ 3 ar+LT ar
hS (2JaT+IéT1_1) |Tarter—1 — Tapyer—2||” + (o + 1)%m7-T

3
_ 2
KB
<2jaT+zT1—1 ) + 20)

o

V2V (@agter) + ¥ (@arter) |2

Wi

! (wamﬂaawem Lo Ly + 1)YPmEE + (e +1)

)

= 3 _ 3
2kp > ||xaT xanIH

3
X | Tag+tr = Tagter—1[I” + <2jaT+4T1—1 (e, + 1)
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for every 2 < fr < m,, +1. Combining the last inequality with 2~jaT+eT710aT+gT = Oprttrtl < Omax (see
Step 5 of Algorithm 1 and (EI)), Mrp < Mmax, the definition of A and jo 44, > 0, we get

Nl

3
||$GT+5T - xaT+éT_1||3 + 8’%92 ||'TaT+€T_1 - $GT+€T—2H3

V2V f (Bagir) + 0 (Tarrer)]| 2 <A
L

Nlw

3
||zaT+£T—1 - xaT”B 8Ré”xaT - xaT*1||3
(Mry +1)2my, (M, +1) ’

for every 2 < lp < m,,. + 1. Combining the last inequalities with (@), we have

ar+€r—1 5 s ar+€r—1 s ar+br—2
Ti41 Tr41)]|2 S A2 Ti41 — Tt Kg Ti41 — Tt
V2 [V f(@e1) + 9" (241)]|2 < A2 | I° + 8Rg | &
t=ar t=ar t=apr—1
3
L} or it s 8RLLr .
e Ty — X + ———|Tar — Tar-1||">
(mTT + 1)%mTT t:za:T || t aT” (mTT + 1) H o “r ||
which, combined with £z < m., + 1 and (B3), yields
ar+lr—1 3 3\ ar+fr—1
3 ~3 Lz(m,. +1)2
V2 Y V(@) + ¥ (@)l < <>‘2 T (T§)> Do e =
t=ar t=ar
3 ar+br—2 3
+855 Y s — 2l® + 883wy — a1l
t:CLT—l
Therefore, the desired inequality now follows from the fact that m,, < mpax. O

We are now ready to prove Theorem E

Proof of Theorem E Applying the inequality in (@) to multiple blocks (7 =1,...,7r), we obtain

vl

V2N IV () + 4 (@) F < (X

L3(m +1) 3 ma-1
¢ 2 D2 Z||xt+1—xtu3+8nq S s —
t=0

t=—1

_3 3
+8R3llzo — 1],

mi1+ma+1 s L%(m + 1)% mi+ma+1
V2 Y V() + (eI < (A% + % S e —z?
t=mq1+1 t=mi+1
5 mi+msa s
+855 > oo — @el* + 8RBTy 1 — T |1,
t=m1
T-1 3 3 T—2
3 c3  LZ(Mmpax+1)2 3
V2 Z IV f(zes1) + ' (@eg1)]|7 < <>\2 + (3> Z i1 — | + 8RS Z (e
t=ar t=ar t=apr—1

_3 3
+ 855 Tar — Taz 1.

where T' = ar + {7 and a7 = mg+m1 +ma + - +m,,—1 + 70 — 1. It follows from the above inequalities
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that

3
2

it 3 ~3 L%(m + 1) =
V2 IV (@) + ¥ ()] < <)\2 e 8’%) > g —

t=0 3 t=0

ol

3, 3 3 _3 3 _3 3
+8(Fp + &g)llwo — x—1ll” + 883 l|Tmy+1 — Tm, |I° + -+ + 8K Tay — Tar 1|

<3 L%(mmax+1)% 3 3 it 3 3 3
< (M e s 4 ) ) D e =l + 85D + Rle0 — o1,
t=0

which, combined with Lemma @, yields

Qofw

+ R

Ty olee

T—1 3 3
: ) (5\3 4 L2 (Mmax 12 (Mmax + 1) + 8(%

SNV (@) + 9 (@e)l|F < 7 .

t=0

)

3 3
w”xo —x,1||3.

V2

On the other hand, it follows from the definitions of A and omax given in Lemma @ and inequality (@),
respectively, that

+ 12|z — x1||3> +

3 3 1 _3

5 < 2mmax + D)[10L3 + 1683 + 0§ + (0 + 3L + fp)og + 114730, ?]

= 1 .
g

Therefore, the inequality in (R0) follows now from the last two inequalities, some algebrajc manipulations,
and the definition of A in (R1)). The second part of the theorem follows directly from (R(). O
We next prove Corollary f.

Proof of Corollar E Let 7 € N — {0} be the block number associated with the T-th iteration as
defined in Lemma [L1, that is,

T=ar+4lr, with ar=mo+mi+me+--+mp1+7m—1, lreN 1<ty <m. . +1. (38)

Hence, taking into account that the Hessian is updated only in the first iteration (i.e., (ar + 1)—iteration)
of the block, the number of function and gradient evaluations is bounded by (i; + 1)(n +2) if ¢t = ar, and

by (j: +2)ift € {ar +1,...,ar + 7 — 1}. Now, since 0,4, 41 = 2% 1o, and oy1 = 27t~ 1oy, we have
lap +1=1l0gs 0441 —10gy00r +2, ji+1=Ilogyory1 —logyop + 2. (39)
Now,
ar+br—1 ar+br—1
(lar + D +2)+ Y (1 4+2) =(lar + D+ 1)+ > (Get+1)+Llr—1.
t=ar+1 t=ar

Applying the last equality to multiple blocks (7 = 1,...,7r) and using (@), we obtain

mi mi
(lo+1)(n+2)+ > (e +1)=(io+ 1)(n+1) + > _(logy o¢11 — logy 0y + 2) + ma,
t=1 t=0
mi1+ma+1 mi1+ma—+1
(1 + DM +2)+ Y G+ D) =(m+Dn+1)+ Y (logyoi1 —logyo; +2) +ms,
t=m,+2 t=mi+1
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T—1 ar+br—1
(far + D +2)+ D> Ge+1) < (iap +Dn+1)+ > (logyoris —logy oy + 2) + My,

t=apr+1 t=ar
Summing up the last inequalities and using (@) and (@), we obtain

ar+Lr—1
FGE(T) < (n+D[(io+ 1)+ ...+ (iap + )]+ > (logyori1 —logyor +2) + T
t=0

o
=(n+1)[(logy o1 —logyo0+2) + ...+ (logy 0art1 — l0gy 0ur + 2)] + log, —UT + 3T
0

< (n+1) [(10gg 0y 42 — 1083 Oy 41 +2) + ... + (1083 Tag1 — 10gs 0y + 2)]
+ (n + 2)log, +3(T—|—n+1)

Hl ax

Jmax

oo (mmax + 1)

Now, from (@), My > Mmin and 7 > 0, we find that

max

< (n+1)(rr — 1) |log, +2| + (n+ 2)log, +3(T +n+1). (40)

T:aT—i—ﬁT=m0+m1+m2+~--+mTT,1+TT—1+€T
> (7 — D)Muin + 77 — 1,

which implies that 77 — 1 < T/ (mmin + 1). Therefore, combining the last two inequalities, we find that

T(n + 1) Omax Oma
FGE(T) < ————= |loggy ——— = + 2 2)1 T 1
(1) < P oy 0 2] (4 2) oy (T +n+1),
which, combined with the definition of oy,.x (see (@) with K, := 0 and &g := Lkp), implies (@) The
second statement of the lemma follows from (R3) and Theorem E O

We next prove Corollary

Proof of Corollary E Note first that the Hessian is updated only in the first iteration of each block (that
is, when ¢ = ar), while the gradient is updated at every iteration. Hence, the number of function evalua-
tions is bounded by (i; +1)(4n%+2n+2) if t = ar._and by (j; + 1)(2n+2) ift € ax + 1,...,a7 + b7 — 1.
Following the same idea as in the proof of CorollaryE we obtain the following inequality, analogous to (@)

FE(T) < 4n2(rr — 1) {logQ — Tmax 2} +2(2n% +n+1)log, ((n + 1)T + 2n2).

o) (mmax + ]-)
Now, using 77 — 1 < T'/(mmin + 1) and the definition of opax (see (| @ with &4 := Lk, and R := Lkp),
we obtain (g) The second statement of the corollary then follows from @ and Theorem p. O

4 Numerical Experiments

We illustrate the practical performance of Algorithm 1 on the set of 35 problems from the Moré—Garbow—
Hillstrom collection [17]. Our experimental setup closely follows that of [9], allowing for a direct comparison
with their cubic regularization methods with lazy Hessian updates. In particular, we adopt the same test
problems (see Table 2 therein) and the same performance measures (number of function/gradient or func-
tion evaluations). We emphasize that the goal of these experiments is not to provide a comprehensive
computational study, but rather to assess the practical behavior of the proposed method and, in partic-
ular, to highlight the effect of adaptively reusing Hessian approximations within the cubic regularization
framework.

For all algorithms, each cubic subproblem was approximately solved using the Barzilai-Borwein gradi-
ent (BBG) method [1], combined with the nonmonotone line search of [14], using the origin as the initial
point. All algorithms were implemented in Python and executed on a machine equipped with a 3.5 GHz
dual-core Intel Core i5 processor and 16 GB of 2400 MHz DDR4 memory.

In all instances of Algorithm 1, we set z_; = 0, ¢ as provided by the test library, # = 0.5 and g9 = 0.1.
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Figure 1: Performance profiles comparing the Hessian-free algorithms in terms of function and
gradient evaluations.

4.1 Hessian-free implementations

We first consider Hessian-free implementations of the proposed method, in which exact gradient infor-
mation is available and Hessian approximations are constructed using gradient values. Specifically, in
Steps 1.1 and 4.1 we set g;; = ¢¢,; ‘= Vf(x;) (that is, &, = 0), and define B, ; := B(z;), where B(x) is
given in (@) and A(z) is defined in (E), with h = 0.2||z; — 21|/ (287 1/n).

We consider the following choices for the reuse parameter m.:

e ICR-HF-AR1: Algorithm 1 with muy, = 0, mmax = [4n/3], and m, chosen as

[2n/3], if |2y — 24—1] > 1072,
m, =
min(m;_1 + 2, Mmax), otherwise .

o ICR-HF-ARZ2: Algorithm 1 with m; = Mmin = Mmax = 1;
o ICR-HF-AR3: Algorithm 1 with m; = mmin = Mmax = 0.

For comparison, we also consider the Hessian-free version of the method proposed in [E], which achieved
the best performance in their experiments:

o CRML-HF: [@ Algorithm 2] with 79 = 1, € = ||V f(20)||1078, and m = n.

All methods are terminated when the stopping criterion ||V f(z:)||/||V f(z0)]| < 1078 is satisfied, or
when a maximum of 50,000 function and gradient evaluations is reached.

The performance profile, in terms of function and gradient evaluations, in Figure m indicates that the
proposed adaptive strategy ICR-HF-AR1 achieves the best overall performance among all tested methods.
In particular, it attains the highest efficiency (54.29%) while maintaining full robustness (77.14%), clearly
outperforming the other approaches in terms of efficiency. This behavior highlights the advantage of
adaptively selecting the reuse parameter m.,. In contrast, the variants with a fixed reuse parameter (ICR-
HF-AR2 and CRML-HF) exhibit weaker performance compared to the adaptive strategy. Nevertheless,
they remain more efficient than the variant without Hessian approximation reuse, ICR-HF-ARS3. This
indicates that incorporating Hessian reuse, even in a fixed manner, is beneficial, while adaptivity further
enhances performance.
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Figure 2: Evolution of the reuse parameter m, for ICR-HF-AR1 applied to the Watson function
(n=26).

Figure E illustrates the evolution of the reuse parameter m, for ICR-HF-AR1 along the iterations
(blocks) for the Watson function with dimension n = 6. In this example, the adaptive strategy initially
selects smaller values of m., promoting more frequent updates of the Hessian approximation. As the
iterations progress, larger values are increasingly chosen, with m, often approaching the reference value n.

4.2 Derivative-free implementations

We now consider derivative-free implementations of the proposed method, in which only function values
are available and both gradient and Hessian approximations are constructed from these values. Specifically,
in Steps 1.1 and 4.1, we set

9ti = grj = g(zt), By = B(x),
where g(z) is defined in (E), B(x) is given in (@)7 and A(z) is specified in (@), with

1
b min d (6% 1072)° 3x0.75 e — 2]
= V2=l | @4 2yt (T

We consider the same choices of the reuse parameter m, as in Section @, and denote the corre-
sponding variants by ICR-DF-AR1, ICR-DF-AR2, and ICR-DF-ARS3. For comparison, we also consider
the derivative-free method proposed in [0, Algorithm 4], which we denote by CRML-DF, with 19 = 0.06,
€= 10*6(]“(300) — f*), and m = n.

All methods are terminated when the stopping criterion

flae) = f* <107°(f(wo) — f7)

is satisfied, where f* is provided by the test library, or when a maximum of 50,000 function evaluations is
reached.

The performance profile, in terms of function evaluations, in Figure E shows that the overall behavior
of the derivative-based variants closely mirrors that observed in the previous section. In particular, the
adaptive strategy ICR-DF-AR1 again delivers the best overall performance, achieving the highest effi-
ciency while maintaining strong robustness across the tested problems. This confirms that the benefits of
adaptively selecting the reuse parameter m. persist in the derivative-based setting. The fixed strategies
ICR-DF-AR2 and CRML-DF exhibit competitive but consistently weaker performance compared to the
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Figure 3: Performance profiles comparing the derivative-free algorithms in terms of function
evaluations.

adaptive variant. Although they eventually reach similar robustness levels for larger values of 7. In con-
trast, ICR-DF-ARS3 shows slower progress in terms of efficiency, despite attaining comparable robustness
as 7 increases. This reinforces the observation that incorporating Hessian approximation reuse is beneficial,
and that adaptivity further enhances performance.

5 Conclusion

In this work, we proposed an inexact cubic regularization method with adaptive reuse of Hessian approx-
imations for solving general non-convex optimization problems. The method combines inexact gradient
information with a flexible lazy strategy, allowing the reuse parameter to vary along the iterations. We es-
tablished iteration-complexity guarantees ensuring convergence to approximate critical points, along with
bounds on the total number of gradient and function evaluations. Numerical results demonstrated that
the proposed adaptive strategy consistently improves efficiency over fixed reuse schemes and existing lazy
cubic regularization methods, while maintaining robustness.
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