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Abstract

In this paper, we present new second-order methods with convergence rate O (k*4),
where k is the iteration counter. This is faster than the existing lower bound for this type
of schemes (Agarwal and Hazan in Proceedings of the 31st conference on learning
theory, PMLR, pp. 774-792,2018; Arjevani and Shiff in Math Program 178(1-2):327—
360, 2019), which is O (k‘7/ 2). Our progress can be explained by a finer specification
of the problem class. The main idea of this approach consists in implementation of
the third-order scheme from Nesterov (Math Program 186:157-183, 2021) using the
second-order oracle. At each iteration of our method, we solve a nontrivial auxil-
iary problem by a linearly convergent scheme based on the relative non-degeneracy
condition (Bauschke et al. in Math Oper Res 42:330-348, 2016; Lu et al. in SIOPT
28(1):333-354, 2018). During this process, the Hessian of the objective function is
computed once, and the gradient is computed O (ln é) times, where € is the desired
accuracy of the solution for our problem.

Keywords Convex optimization - Tensor methods - Lower complexity bounds -
Second-order methods

Mathematics Subject Classification 90C25

1 Introduction

In the last years, the theory of high-order methods in convex optimization was devel-
oped seemingly up to its natural limits. After discovering the simple fact that the
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auxiliary problem in tensor methods can be posed as a problem of minimizing a con-
vex multivariate polynomial [15], very soon the performance of these methods was
increased up to the maximal limits [6,7,9], given by the theoretical lower complexity
bounds [1,2].

It is interesting that the first accelerated tensor methods were analyzed in the
unpublished paper [3], where the author did not express any hope for their practi-
cal implementations in the future. In [3] and [15], it was shown that the p-th order
methods can accelerate up to the level O (k_(P‘H)), where k is the iterations counter.
The main advantage of the theory in [15] is that it corresponds to the methods with
convex polynomial subproblems.

However, the fastest tensor methods [6,7,9] are based on the trick discovered in
[11] for the second-order methods. It allows to increase the rate of convergence of
tensor methods up to the level O (k~P+1D/2) which matches the lower complexity
bounds for functions with Lipschitz-continuous pth derivative. Thus, for example, the
best possible rate of convergence of the second-order methods on the corresponding
problem class is of the order O (k~7/2).

Unfortunately, this advanced technique requires finding at each iteration a root
of a univariate nonlinear non-monotone equation defined by inverse Hessians of the
objective function. Hence, from the practical point of view, the methods proposed in
[15] remain the most attractive.

The developments of this paper are based on one simple observation. In [15], it was
shown that the accelerated tensor method of degree three with the rate of convergence
(0] (k_4) can be implemented by using at each iteration a simple gradient method
based on the relative non-degeneracy condition [4,10]. This auxiliary method has to
minimize an augmented Taylor polynomial of degree three, computed at the current
test point x € R":

(Vf(x), h) + 1<v2f(x>h h) + lD3f<x>[h]3 + 2 yhpd - min
’ 2 ’ 6 24127 e

At each iteration of this linearly convergent scheme, we need to compute the gradient
of the auxiliary objective function in /. The only non-trivial part of this gradient comes
from the gradient of the third derivative. This is the vector D3 f (x)[h]2 € R". Itis the
only place where we need the third-order information. However, it is well known that

1
D3 F(o)[h)? = lim T—Z[Vf(x +th) 4+ Vf(x —th) =2V f(x)].

In other words, the vector D? f (x)[A]? can be approximated with any accuracy by the
first-order information. This means that we have a chance to implement the third-order
method with the convergence rate O (k*4) using only the second-order information.

So, formally our method will be of the order two. However, it will have the rate of
convergence, which is higher than the formal lower bound O (k_7/ 2) for the second-
order schemes. Of course, the reason for this is that it will work with the problem
class initially reserved for the third-order methods. However, interestingly enough,
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our method will demonstrate on this class the same rate of convergence as the third-
order schemes.

In order to implement our hint into rigorous statements, we need to introduce in
the constructions of Section 5 in [15] some modifications related to the inexactness of
the available information. This is the subject of the remaining sections of this paper.

Contents. The paper is organized as follows: In Sect. 2, we introduce a convenient
definition of the acceptable neighborhood of the exact tensor step. It differs from the
previous ones (e.g. [5,8,13]) since for its verification it is necessary to call the oracle
of the main objective function. However, we will see that it significantly simplifies
the overall complexity analysis. We prove that every point from this neighborhood
ensures a good decrease of the objective functions, which is sufficient for implementing
the Basic Tensor Method and its accelerated version without spoiling their rates of
convergence.

In Sect. 3, we analyze the rate of convergence of the gradient method based on
the relative smoothness condition [4,10], under the assumption that the gradient of
the objective function is computed with a small absolute error. We need this analysis
for replacing the exact value of the third derivative along two vectors by a finite
difference of the gradients. We show that the perturbed method converges linearly to
a small neighborhood of the exact solution.

In Sect. 4, we put all our results together in order to justify a second-order imple-
mentation of the accelerated third-order tensor method. The rate of convergence of
the resulting algorithm is of the order O (k_4), where k is the iteration counter. At
each iteration, we compute the Hessian once and the gradient is computed O (ln %)
times, where € is the desired accuracy of the solution of the main problem. Recall that
this rate of convergence is impossible for the second-order schemes working with the
functions with Lipschitz-continuous third derivative (see [1,2]). However, our problem
class is smaller (see Lemma 4.1).

In Sect. 5, we show how to ensure boundedness of the constants, essential for
our minimization schemes. Finally, we conclude the paper with Sect. 6, containing a
discussion of our results and directions for future research.

Notation and generalities. In what follows, we denote by E a finite-dimensional real
vector space and by E* its dual spaced composed by linear functions on E. For such
a function s € E*, we denote by (s, x) its value at x € E.

If it is not mentioned explicitly, we measure distances in E and E* in a Euclidean
norm. For that, using a self-adjoint positive-definite operator B : E — E* (notation
B = B* > 0), we define

Ixl = (Bx,x)'/?, x€E, gl = (g. B '9)"/?, geE*

In the formulas involving products of linear operators, it will be convenient to treat
x € E as a linear operator from R to E, and x* as a linear operator from E* to R. In
this case, xx* is a linear operator from E* to [, acting as follows:

(xx")g = (g, x)x € E, gecE"

@ Springer



4 Journal of Optimization Theory and Applications (2021) 191:1-30

For a smooth function f : dom f — R with convex and open domain dom f C E,
denote by V f(x) its gradient, and by V2 f(x) its Hessian evaluated at point x €
dom f C E. Note that

Vf(x) e E*, V2f(x)h € E*, x edom f, h €E.
In our analysis, we use Bregman divergence of function f(-) defined as follows:
Brlx,y) = f(y) — fx) —(Vf(x),y—x), x,y€dom f. (1
We often work with directional derivatives. For p > 1, denote by

D? f(x)[h1, ..., hp]

the directional derivative of f at x along directions #; € E,i =1, ..., p. Note that
DP? f(x)[-] is a symmetric p-linear form. Its norm is defined as follows:

107 @l = max {[DP @l hpl| s Wl < L= 1) @

In terms of our previous notation, for any x € dom f and &1, h € E, we have
Df)[hi]l = (Vf(x),h1), D>f(X)[h1, hal = (V> f(x)h1, ha).
For Hessian, this gives the spectral norm of self-adjoint linear operator (the maximal
module of all eigenvalues computed with respect to operator B).
If all directions %y, ..., h, are the same, we apply notation
DY f(x)[h]’, heRE.

Then, Taylor approximation of function f(-) at x € dom f can be written as

JO) =2 p() +o(ly —x|IP), y €dom f,

p

ef 1

2oy E f0)+ D@y =ty eE.
k=1 """

Note that, in general, we have (see, for example, Appendix 1 in [16])

107 £ @)l = max{ [ D7 fCota1?| <l < 1} 3)
Similarly, since for x, y € dom f being fixed, the form D? f(x)[-, ..., -]
— D?P f(y)[-, ..., ]is p-linear and symmetric, we also have

1D? £) = DP f (]l = max || D? fC)h)” = DP FAY |+ Ikl < 1} &)
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In this paper, we consider functions from the problem classes J,, which are convex
and p times differentiable on [E. Denote by L, its uniform bound for the Lipschitz
constant of their pth derivative:

ID? f(x) =DP f()I < Lpllx —=yl, x,y€domf, p=1 (&)

If an ambiguity can arise, we use notation L ,(f). Sometimes it is more convenient to
work with uniform bounds on the derivatives:

My(f) = sup [ID”f(x)]. (6)

xedom f

If both values are well defined, we suppose that L ,(f) = M,1(f), p = 1.
Let F(-) be a sufficiently smooth vector function, F : dom F — [E,. Then, by the
well-known Taylor formula, we have

P
1
F(y) = Fx) =) ED"F(x)[y—x]"
k=1 """

1
1
= E/(l —O)PDPHF(x +t(y —x)[y —x17t'dr, x,y edomF. (7)
1

Hence, we can bound the following residual:

— Lp A
Lf () -Qx,p(y)lf(erl)!lly x[IP77, x,y € dom f. ®)

By the same reason, for functions V f(-) and V2 f(-), we get

L
IVF() = V& pWls < p%’lly —x||?, &)

L _
IV2 () = V220, < o _”1)!||y—x||1’ ! (10)

which are valid for all x, y € dom f.
Finally, for simplifying long expressions, we often use the trivial inequality

(al/”—i—b]/”)p < 2r-1(q +b), (an

which is valid for alla, b > O and p > 1.
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2 Tensor Methods with Inexact Iteration

Consider the following unconstrained optimization problem:
ECHGiIIEI fx), (12)
where f(-) is a convex function with Lipschitz-continuous pth derivative:
ID?f(x) = DP fII = Lpllx =yl x,y€E, p=1 (13)

In this section, we work only with Euclidean norms.

We are going to solve problem (12) by tensor methods. Their performance crucially
depends on ability to achieve a significant improvement in the objective function at
the current test point.

Definition 2.1 We say that point 7' € E ensures p th — order improvement of some
point x € [E with factor ¢ > 0 if it satisfies the following inequality:

p+1

(VAT x =T) = cIVFDI." . (14)

This terminology has the following justification. Consider the augmented Taylor
polynomial of degree p > 1:

o def H p+l1
¢ pH(Y) = Qx,p()’)‘f‘m”y_x” , yeEk

By (8), for H > L, this function gives us an upper estimate for the objective.
Moreover, for H > pL, this function is convex (see Theorem 1 in [15]).

We are going to generate new test point 7' as a close approximation to the minimum
of function S}x, p.H(-). Namely, we are interested in points from the following nested
neighborhoods:

N yx)={T €E: IV 2 p.1t (Dl < ¥IVFT)4, 15)

where y € [0, 1) is an accuracy parameter. The smallest set NI(}  (x) contains only the

exact minimizers of the augmented Taylor polynomial. Note that .(AZX, p.HE) =V IXx).
Hence, if V f(x) # 0, then x ¢ N;,’_H(x) forany y € [0, 1).
These neighborhoods are important by the following reason.

Theorem 2.1 Let x € E and parameters y, H satisfy the following condition:

™~

14
+-2<
v+ o <

(16)

S| -
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Then, any point T € N’ 1); y (x) ensures a pth-order improvement of x with factor

1
ef [ (1—y)p!]?
ey (p) 2 [W] ' a7
Consequently, we have
Pl
F) = f(T) = ey uIVFDIL" . (18)

Proof Let T € A/IJ;’H(X). Denote by = ||x — T||. Then,
2 H H\’ 2
IIVf(T)II*-i-ZEVP (VF(T), T —x)+ ol reb
_ E p—1 _ 2
= IIVf(T)-i-p,V B(T —x)|lx
= IVA(T) = V2 p(T) + V2 p (D)2
9 (L 2
< (p—‘,’r” + ynvm)n*) :
Therefore,

p=l1 o2
STy x =Ty = (= VST + 220
P! )

2yL
—Tpr”llvf(T)ll*.

In other words,

(1—y>p! 2 H2—Lf, p+l1
(VAT x =T) = e IV D + T
yrL X def
—Tf’uwmn* = x(r).

Function »¢(r) is convex in r > 0. Its derivative in r is

;o d=yH(p—Dp! 2

w(r) = —T”Vf(T)”*

(P+1)(H2—Lf,) » L,
Tr —V?HVf(T)H*-

Note that

N H
VSl = IVF(T) = V&2 p(T) + V&2 p.u(T) — ;r”_lB(T = 0)[lx

@ Springer
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L H
< Py IV F D+ —rP
p: p:

1
def [ (1— 7 .
Thus, r > r, = [M@%] . At the same time,

iy = VD DPIVIDIE: L+ H
2H (1= »)PHIV (D)l
(p+ 1;(:;— Ly (- yz!llv;mn* B y%llvf(T)ll*
— IV S (D) [—(1”)2& (1 n %)
+(p+1)2(1 — ) <1 _%) _y%]

L,7 (16
= [VS(Dll« 1—PV—pg > 0
So by convexity of »(-) and r > r,, we have »(r) > »(r,). Therefore,

(VAT), x=T)
2

(1—y2p! - L2 L
Lo it =y IV D

Vi +
SHT VDI

z x(ry) = r*[ 2Hp!

(1—yHp! L,+H H*-L> (1—-y)p! L
=V F (D] yOr . e T
2H 1 —-y)p! 2Hp! L,+H H

=rel V(D) I

Inequality (18) is valid since our function is convex:
fx) = f(T)+(Vf(T),x—T). 0O

We have proved that the pth-order improvement at point x € [E can be ensured by
inexact minimizers of the augmented Taylor polynomials of degree p > 1. Let us
present the efficiency estimates for corresponding methods.

From now on, let us assume that the constant L , is known. For the sake of notation,
we fix the following values of the parameters:

=—, H = 2pL,. 19
Y 2p PLp (19)

Then, we can use a shorter notation for the following objects:

1
def , /1/(2p) def _ 2p—1  ptl»
Np ) SNV @ ep & evyapap, () = [7217(2[,“)7]} G

@ Springer
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As a consequence of all these specifications, we have the following result.

Corollary 2.1 For any x € E, all points from the neighborhood N,(x) ensure the
pth-order improvement of x with factor cp.

Let us start from the simplest Inexact Basic Tensor Method:

Xk+1 € ./\/p(xk), k> 0. 201

Denote R(xo) = max{|ly —x*[| : f(y) < f(xo0)}.
yeE

Theorem 2.2 Let the sequence {xi}i>0 be generated by method (21). Then, for any
k > 1 we have

1 p
) — [” + < R (x0) + (f (x0) — f*)””)]
2 1 2 1 1
( Lo )> [(’;(p’i)p),LpRP“(xo)+5(f<xo>—f*>].

(22)
Proof In view of inequality (18), we have f(xx) < f(xp) for all kK > 0. Therefore,

e —x* < Ro € R(xp), k= 0.

Consequently,
(18) ad (Vf( ) *) b
fO) — fOag) = cplViGeDl" = Cp( )CkJFIIQ(’x):)];Jrl : )
. p(f(xk+l>—f >+
R(x0)
Pl

Denoting & = R" —£ ( fxx) — f%), we get inequality & — &1 > &, _{_’ | - Hence, in

view of Lemma 11 in [13], we have

$k<—[(p+1)(1+s””] k>

This is exactly the estimate (22). O

Let us present a convergence analysis for Inexact Accelerated Tensor Method. We
need to choose the degree of the method and define the prox-function

dp1(x) = IxI”t!, x eE.

p+1

@ Springer



10 Journal of Optimization Theory and Applications (2021) 191:1-30

This is a uniformly convex function of degree p + 1: for all x, y € E we have

1 /1! ,
dpy1(y) = dpy1(x) +(Vdpr1(x), y —x) + —— (*) Iy —xI7*! (23)

p+1\2

(see, for example, Lemma 4.2.3 in [14]). Define the sequence

1

p+1 N\’ [ k \'F def

A =2 s = A — Ay, k>0.
‘ (2176”) (p+1 Gt = A A =

p+1
Note that for all values By, = (%) with k > 0 we have

ptl ptl
(Bkt1 — Br) » (k+l k [ k }”) v
Bit1 - p+1 p+1|lk+1
p+1

()
p+1 p+1 k+1

Therefore, the elements of sequence {Ag}x>0 satisfy the following inequality:

1
P CpAk_H, k> 0.
p

ptl 1
2 P
ayy <2

Inexact pth-Order Accelerated Tensor Method (ATMI,,)
Initialization. Choose x(¢ € E. Define coefficients A by (24) and
function o (x) = dp11(x — x0)

Iteration k > 0.
_ : — A _Gk_
1. Compute vy = arg rxnel]rEl Y (x) and choose yx = Ars ¥k + Aesy Uk

2. Compute x¢41 € N}, (yr) and update
Yit1(x) = Y (x) + ar+1Lf G 1) + (VS G 1) X — 1)1

First of all, note that by induction it is easy to see that

Yr(x) < Ap f(x) +dpy1(x — x0), x €E.

In particular, for v/ & miIEl Yi(x) and all x € E, we have
xXe

ey @ pei
A +dppi—x0) = Y@ = E+ 5 (5)7 -t

Let us prove by induction the following relation:

Ve = Af(u), k=0.

@ Springer
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For k = 0, we have ¥§ = 0 and Ag = 0. Hence, (29) is valid. Assume it is valid for
some k > 0. Then,

Vi = min { Y00 + aca L G + (VF n).x = 2]

28) 1 1\"!
> H * I _ p+1
> mllrEl[llfk + 1 <2> llx — vkl

Farr1Lf Cet1) + AV f(xk1), x — xk+1>]}-
Note that

Vi + akp1 Lf Gkge1) + (V f k1), X — Xge1)]

29
> ApfGa) + a1 [f k1) AV Gorr1)s X — Xpp1)]

> Apyr f 1) + (V1) arp1 (6 — Xp1) + Ak — Xeg1))
= Ap1 f 1) V1), a1 (6 — vg) + Agp1 Ok — Xk1))-

in vi i ity & rp+l __P -1 (p+1)
Further, in view of inequality e TP Bt > STY /pgp+D/P ¢ > 0, for all
x € E we have

-1
S ()7 = ol i (9 f ). x — )

ptl

Py !
> 227 (ak+1||Vf(Xk+1)||*> .

Finally, since xx41 € /\/,, (yx), by Corollary 2.1 we get

p+l1

(Vs Yk — Xig1) = cpllV gD "

Putting all these inequalities together, we obtain

p 1 IH;I
Vi 2 Akt S G = - 22 (a9 Gkl )
Pl
FAr1ep IV f D 14"
ptl p p—1 ptl
= Arr1 f Q) IV G D" <Ak+16p - m2 P akf_l)

25)
> Apsr f (1)

Thus, we have proved the following theorem.

@ Springer
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Theorem 2.3 Let sequence {xi }k>0 be generated by method (26). Then, for any k > 1,
we have

2p+1  [2p\P*!
fow) = f* < m (7”) Lyl — xoll 7. (30)

Proof Indeed, in view of relations (27) and (29), we have

1 24 1 2 Pp4+ 1\ P
—dp1(x* = x0) @ - ( P ) (p >
A 2\ (p+ e, k

f) = f*

IA

271 lx* — x| P

=1 2l ! l p+1,||x*_x0||l7+1 — M 2l o
2 \¢p k 2Q2p—Dp!' \ k

1
o = xollPF

3 Relative Non-degeneracy and Approximate Gradients

In this section, we measure distances in E by general norms. Consider the following
composite minimization problem:

. def
mlnw{F(x) = go(x)—i—l/f(x)}, 3D

xedom
where the convex function ¢(-) is differentiable, and v/ (-) is a simple closed convex
function. The most important example of function () is an indicator function for a
closed convex set. Denote by x* one of the optimal solutions of problem (31), and let
F* = F(x*).
Let ¢(-) be non-degenerate with respect to some scaling function d(-):

ma(@)Ba(x,y) < By(x,y) @ o(y) — o) = (Vo(x),y — x)

< La(@)Ba(x,y), x,y€domi, (32)
where 0 < ug(¢) < Ly(¢). Denote by y,(¢) = ’Z;’Ei; < 1 the condition number of

function ¢(-) with respect to the scaling function d(-). Sometimes it is more convenient
to work with the second-order variant of the condition (32):

Ra@V2d(x) = V() < La(@)V?d(x), x €domy. (33)
We are going to solve problem (31) using an approximate gradient of the smooth

part of the objective function. Namely, at each point x € [E we use a vector g, (x) such
that
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gy (x) = Vo)« <4, (34)

where § > 0 is an accuracy parameter.

Our first goal is to describe the influence of parameter ¢ onto the quality of the
computed approximate solutions to problem (31). For this, we need to assume that
function d(-) is uniformly convex of degree p + 1 with p > 1:

Ba(x,y) = opr1(@llx — yIPT, x,y € dom y. (35)

p+1

Consider the following Bregman Distance Gradient Method (BDGM),
working with inexact information.

Choose xo € E. For k > 0 iterate:

Ve =arg min [‘/f(Y) +(8p(xi), y = k) + 2La(@)Ba ¥ y)}' o

Lemma 3.1 Let the approximate gradient g, (xy) satisfy the condition (34). Then, for
any x € E and k > 0 we have

Ba i1, %) < (1= 1va(9) Ba(xi, ) + 5o [F () — FOup)1 48, (37)

1
s def 2p P—“(M)F
where§ = 58 7 25 S @ )

Proof The first-order optimality condition defining x4 is as follows:

(8p(x) + 2La(@)(Vd (xp41) — Vd(xp), X — Xpg1) + ¥ (%) = ¥ (1) (38)

for all x € dom . Therefore, denoting r(x) = B4 (xk, x), we have

Tg+1(x) — ri(x)

= (40 = ) = (VA (s), x = ern) )

(@00 = d(w) = (Va (., x = x)
=d(xx) — (Vd(xk), Xk — Xg41) — d(Xk+1)
HVd(xr) — Vd(Xpq1), X — Xit1)

(38)

1
< —Balve xe) + m[(gm), X = Xept) V@) = )|

Note that (g, (xx), X — Xk+1) = (8o (xk) — Vo(xr), x — xp41) + (Vo (xp), X — Xgy1),
and

32
(Vo) x — xis1) = (Vo(a) xp — xa1) + () — o(r) — pa(@)Ba (. )
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(32)
< La(@)d(xp, xpr1) + @(x) — @(Xx+1) — pa (@) Ba (xk, x).

Hence,
() () + ! [F(xk41) — F(x)]
rer1(X) —re(x) + ———[F (xg41) — F(x
- 2L4(p) -
1 1
< (8o (xx) — Vo(xi), X — Xpy1) — Eﬂd(Xk,XkH) - Eyd(ﬁﬂ)ﬂd(xk,x)
35 1
< _ZVd((P)rk(x) + (8 (k) — Vo(xp), X — Xg41)
op+1(d) ( p+ L +1
—— X —x + = xe —x||1? )
2+ 1) Xk — Xkl 2J/d(fp)ll k= x|
Since ||x|| = || — x|| for all x in E, the minimum in x; of the expression in brackets

is attained at some x; = (1 — a)xx4+1 + ax with o € (0, 1). On the other hand, the
minimum of the function

1
altl 4 Fra@ - )Pt aelo, 1],

1
is attained at @ = 12 with = (1y4(¢))”. This is

= 18
~Pt1 Pl —a)Pt! =g B’ B
al™ + pr (1 —a) a(1+ﬂ)p+(1+ﬂ)p+1
__s" db Ya(p)
A+pPr = 2712+ yalp)

Thus,

1
Ter1(x) — (1 = ZVd(‘P))rk(x) + s (@) [F(xk+1) — F(x)]

op+1(d) ya(p)
27(p+ D2+ valp))

G4 2p p;]((p+1>(2+m<¢)))l
p+1 ap+1(d) va(p)

1
Il — xpq 177

< (8o (xx) — Vo(xi), X — Xp41) —

Applying inequality (37) with x = x* recursively toallk =0, ..., T — 1, we get
the following relation:

T—-1
Paxr, 3™ + 57— A= F ) — F(x®)
k=0
< (=" Balxo, x*) + 18, (39)
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where y = 4ya(g). and S = 2(1 PTHt = L1—a-pT).

Thus, denoting F = on}<m F (xk), we get the following bound:

(B9 2y =)

Fi — =L LX) 4+28L4(p), T >1. (40
T T a(@)B(x0, x7) 4+ 28La(p) k< (40)
Note that llin % = 7. Hence, for uq(p) = 0 we get the convergence rate
* * (39) 1 * Q
Fr—F* < 2L4(p) ?ﬂ(mx )+25), T=>1 41)

[m}

In our main application, presented in Sect. 4, we need to generate points with small
norm of the gradient. In order to achieve this goal with method (36), we need one more
assumption on the scaling function d(-).

From now on, we consider the unconstrained minimization problems. This means
that in (31) we have ¥ (x) = 0 forall x € E.

Definition 3.1 We call the scaling function d(-) norm — dominated ontheset S C E
by some function O5(-) : Ry — Ry if there exists a convex function 0g(-) with
65(0) = 0 such that

Ba(x,y) < Os(llx — yID (42)

forallx € Sand y € E.

Clearly, if function d(-) is norm-dominated by function 0s(-) and ns(r) > 6s(t) for
all T > 0, then d(-) is also norm-dominated by function ng(-).
Let us give an important example of a norm-dominated scaling function.

Lemma 3.2 Function d4(-) is norm-dominated on the Euclidean ball
Bp={xeE: |Ix| <R}

by the function

1 1 1 5
QR(I):Z(12+2R1:)2+§R21:2 =3 4+2R2 2 r>0. (43)

Proof Letx € Bgpand y = x + h € E. Then,

1 1
Bay(x, y) = Znyn“ - ann“ — [IxI*(Bx, y — x)

1 1
= Z[uxn2 +2(Bx, h) + |h]I*1* - ann“ — IlxI*(Bx, )
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1
= Z[”x”4 +4(Bx, k) + |h]* + 4(1x 1> + I1R17){Bx, h) + 2|x | ]1*]
1
—anu“ — |Ix[I*(Bx, )

1 1
= Z(Ilhllz +2(Bx, h))* + 5||x||2||h||2.

Thus, we can take Og(7) = }1(12 +2RT)2 + %Rzrz. O

Note that the statement of Lemma 3.2 can be extended onto all convex polynomial
scaling functions.
Norm-dominated scaling functions are important in view of the following.

Lemma 3.3 Let scaling function d(-) be norm-dominated on the level set
Lo(x)={xeE: px) < X))}

by some function 0(-). Then, for any x € L,(x) we have:

1
Px) —p(x™) = La(p) 0* <7||V§0(x)||*> , (44)
La(p)

where 0*(t) = m}?x[)\t —6(0)].

Proof Indeed, for any x € L£,(x) and y € E we have

(32)
o(y) = o)+ (Vox),y —x)+ La(@)Ba(x,y)
42)
< ¢x)+{(Vox),y —x) + La(@)0(|ly — xI)-

Therefore,
v =minp(y) = min{e() + (Ve y =)+ La@ly - x}
yeE yeE

=min min {(p(x) + (Vo(x),y —x) + Ld(w)Q(V)}

rz0 y:lly—x|=r

= ¢() +min { = rIVeOI* + La(@)6 ()}

1
= —La() 0% | ——IIV «).0
¢(x) = La(p) (Ld((p) Vo)l )

Thus, for norm-dominated scaling functions, the rate of convergence in function
value can be transformed into the rate of decrease of the norm of the gradient of
function ¢(-). This feature is very important for practical implementations of Inexact
Tensor Methods presented in Sect. 2. In the next section, we discuss in details how it
works for inexact third-order methods. O
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4 Second-Order Implementations of the Third-Order Methods
In this section, we are going to solve the unconstrained minimization problem

min f(x), (45)

where the objective function is convex and smooth, using the second-order implemen-
tations of the third-order methods. For the pure second-order methods, the standard
assumption on the objective function in (45) is Lipschitz continuity of the second
derivative (see, for example, [12,17]). We are going to replace it by a stronger assump-
tion, using the following fact.

Lemma 4.1 Let constants My (f) and M4(f) be finite. Then

M3(f) = V2Ma(f)Ma(f). (40)

Proof Let x € dom f. Then, for any direction 2 € E and v > 0 small enough, we
have x — th € dom f and

1

D V2 £(x) — D3 F(x)[h] + 72 /(1 —2)D* f(x + ) [hPd
0

0<V2f(x —th) =

1
< V2 f(x) — D f(x)[h] + 5r2M4<f>||h||219.

Thus, D* f(x)[h]* < (V2 f(x)h, h) + £ M4(f)Ilh]|*. Minimizing this inequality in
7 > 0 and taking the supremum of the result in # € E, we get (46). O

Thus, from now on, we assume that
L3(f) = My(f) < +oo. 47

Assumption M3 (f) < +o0 is not so necessary. We will discuss different variants of
its replacements in Sect. 5.

In our situation, we can apply to (45) the third-order tensor method ATMI;3 (see 26).
Ateach iteration of this method, we need to minimize the augmented third-order Taylor
polynomial ? v.3,H (+). Asit was shown in [15], this can be done by an auxiliary scheme
based on the relative smoothness condition. This approach is based on the following
matrix inequality (see Lemma 3 in [15]):

§

1
v - f S MaDIIPB, (48)

1
: FMa(HIRIPB < D* F)lh] < gvz.f(x) +
which is valid for all x € dom f, h € Eand & > 0.
As compared with [15], our situation is more complicated. Firstly, we are not
going to use the exact minimum of function §2, 3 7 (-). And secondly, we are going
to minimize this function using its approximate gradients.
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Let us start from discussion of the second issue. Let us fix a parameter t > 0 and
for all x, y € E, consider the following vector functions:

2
B = SIV G+t =) = V) =TV () = 2] € B,
1
&) = SV +1 =M +V -t —y)=2Vf(] € E%,

the finite-difference approximations of third derivative along direction [x — y]?.

Lemma4.2 Forany x,y € E, we have

1850 = D* F )l = yPll = Ma(P)lx = yIP, (49)
gy () = D fF(lx — PP« < §M4<f>||x -y, (50)
2
g5 = D* FOLx = yPlle = T3 La(Hllx =y (51)

Proof Denote h = 7(x — y). Then, by Taylor formula we have

1
VI +h) =V — V2 f()h - §D3f(y)[h]2
1 1
D 5 fa — 22D f(y + Ah)[Ad.
0

Applying a uniform upper bound for the fourth derivative to the right-hand side of this
representation, we get inequality (49). Further,

1
Vi —h) =V + V2 f()h - §D3f(y)[h]2
1
/(1 —MID*f(y — M) [—hTPdA.

0

D1
2

Adding these two representations, we get

gL(x) = D’ f()lx — yI

1
=3 [ A= (D40 are = ) = D = hete = ) ik P,
0

and we obtain inequality (50). If the fourth derivative derivative is Lipschitz continu-
ous, then
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1

gy () = D f()lx — yP [l < % / (1 =17 2x|x — ylI*La(f)dA,
0

and this is inequality (51). O

In this paper, we usually employ the approximation g; (+). Note that

4 2 1. 2 H o0
V&2y358(x) =Vfy)+Vif(yh+ 5D FODILA” + gllhll Bh,

where i = x — y. Thus, we can easily compute approximate gradients of function
£2y.3,5(-) using the first-order information on function f(-). Let us show that this
can help us to minimize the augmented Taylor polynomial of degree three by the
machinery presented in Sect. 3.

At each iteration k of ATMI3, we need to find point x; 11 € N3(yx). For the sake of

notation, let us assume that y; = 0. We need to find a point x; € N3(0) by minimizing
the function

o) = o360, E F0) + (Vf(0),x) + %(sz(o)x, x)
+éD3f(0)[x]3 + %nxn“. (52)
Thus, our auxiliary problem is as follows:
?ei]g ok (X). (53)

Denote x; = arg mi]rEl @r(x) and ¢f = @r(x}). Note that
XeE

1
Vo (x) = V£(0) + V2 f(0)x + §D3f(0)[x]2 + L |lx||* Bx, (54)
V2ge(x) = V2£(0) + D £ (0)[x] + L3(||x||23 + ZBxx*B)
= V2£(0) + D? f(0)[x] + L3V?da(x). (55)

Therefore,

“A3) 1
Vo) = (1 + g) V2f(0) + (1 + %) L3V2da(x),
@A3) 1
Vo) = (1 - §> 21O+ (1 - %) L3V2da(x), (56)
Now it is clear that in our case a good scaling function is as follows:

1
pr(x) = E(sz(o)x,X) + L3ds(x), x €L (57
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Indeed, applying the relations (56) with & = +/2, we get

(1 - %) V2oe(x) < Vg (x) < (1 + %) Vipe(x), x eR.

Thus, we can take

1 1 1
=pp () =1—— = , L =Ly(g) = 14+ —,
=l 722+ e NG
and obtain for function ¢y (-) the condition number bounded by a constant:
def Mo (@1) 1 1 1
vip) = T = = (58)

Ly (1+422 34242 T 6

The second condition for applicability of method (36) is the uniform convexity of
the Bregman distance. In our case, this is true since

@3 1 A
B y) = Lapay(r.y) 2 oLslx—ylI*. x.y €E. (59)

Thus, in terms of inequality (35), we have o4(px) = 113, This property is important
for bounding the size of the set

Ly ={xecE: gu(x) <gr(0)}.

Lemma 4.3 Forany x € Ly, we have

3
IIVf(O)II*) . (60)

def 2(2+\/§

Ixll < 23R, Ixfll < Re =
L3

Proof Indeed,

(VF(0),0 —x¢) = (Ver(0),0 — x) = ¢1(0) — ¢ + By (0, )
= B (x¢. 0) 4 B (0. x1) = B (xi, 0) + By (0, xp)]

(23) L
> uLalBa, (xF, 0) + Ba, (0, xH] = 2= xf|I*.
16

Consequently, we have the following bound:

2 2 %
||x;:||sz[ 23[||Vf<0)||*} - R (61)
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Further, for x € L, we have

(Ver(0), 0 — x) = @(0) — gie(x) + By (0, x) = B (0, x)

23) ulLj
> uL3fy,(0,x) > ?uxu“.

1
Thus, vl < [ 251V F@1] =22 Re. o

The third condition is the possibility of approximating the gradient of function
@k (+). In our case, in view of Lemma 4.2, we can take

1
Sone(X) = V£(0) + V2 f(0)x + 38600 + Ls|lx||*Bx, (62)

where gj(x) = T%[Vf(tx) + V f(—tx) — 2V f(0)]. In this case,

S0 ¢ 3
lgp,c(x) = Vor () llx =< §L3IIXII‘, x € E. (63)

Thus, in order to ensure condition (34) and keep t separated from zero (this is
necessary for stability of the process), we need to guarantee the boundedness of the
minimizing sequence for function ¢ (-). However, since we know an explicit upper
bound (60) on the size of the optimal point, it is possible to ensure this by introducing
an additional constraint on the size of variables. Let us replace the problem (53) by
the following one:

min g (x), Sk ¥ (xeE: x| < Ry). (64)
x €Sk

In view of Lemma 4.3, the optimal solutions of problems (53) and (64) coincide.
Consider a variant of method (36) with ¥ = 0 and accuracy § > 0.

38

Initialization. Given § > 0,setxgp =0and 1 = —="———.
nitialization. Given § > 0, set xo and 7 = o T O

For i > 0 iterate:
1. Compute the approximate gradient g, . (x;) by (62).
2.1 [Iggr ()l < EIVf(x)lls — 8, then STOP. (65)
3. Else, compute the new point

i = argmin { (g, ¢ (). %) +2 (14 J5) B i 0|

Note that the auxiliary problem in this method has now an additional ball constraint
(64). However, this does not increase significantly its complexity since the Euclidean
norm is already present in the objective function.
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Let us mention the main properties of this minimization process. First of all, since
all points x; belong to Si, for all i > 0 we have

63t 4
8gp, = (xi) = Vor(xi)ll« < §L3Rk

3 SL3 82 ++2)
82+ V2IVFOI. L3

VSO« = 6. (66)

This means, in particular, that the sopping criterion at Step 2 of method (65) is correct:
if it is satisfied, then

1

IVeor(xi)lls < 18gr, e xidlls +8 = IV (xi) I,

(o)

which implies x; € N3(0).
Moreover, we can apply Lemma 3.1 to the following objects:

1 1 1
d(-) = pr(-), Lp(er) =1+ N Vor (k) = 5 o4(pr) = ZL3’ (67)

Therefore, in our case, inequality (37) with p = 3 can be rewritten as

1 1 R
Boy (Xit1, %) < (1 - ﬂ) B (xi, x) + T ﬁ[(ﬂk(x) — @r(xir1)] + 4,
1
~ 3.4 [208\3 o det 9843
§= =63 — Sy = ———. 68
2T < L7 9

In view of (57), By, (x0, x) < %Ll R,% + %L3R,‘:. Hence, by (40) we have

LR+ L3R
min g (o) —¢f < @+ V) | A 2T 5 L T =1 (69)
0si=T 6[(1+%) —1]

where L is any upper estimate for the value | V2 £ (0)].
From this bound, we have a natural limit for the number of iterations of method
(65), sufficient for obtaining the following inequality:

o (R7) — 0 <224+ V2)b4, (70)

where X7 = argmin {(pk(x) cox € {0,xyq,.. .,xT}] € L. Indeed, for this it is
X

enough to have

T
L+ 2R+ LRl < o7 (< I )
Sy 2 - - 23
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Hence, we have the following bound:
2 (1\*? 1
T <T(®) & 241n (1 +3 <3> Ly’ [LlR,% + §L3R,f:| Y
However, the upper-level method ATMI3 needs a point with small gradient:

1
IVeorEr)lls < EIIVf()?T)II*- (72)

In order to derive this bound from inequality (70) with an appropriate value of (§+,
we use the fact that our scaling function pi () is norm-dominated. Indeed, in view of
Lemma 3.2 and representation (57), this function is norm-dominated on any Euclidean
ball B, by the following function:

e(r)—l(L +5L3r?)7? lL 4
r(1) = 5 (L 3r)f+2 3T .

Hence, in view of Lemma 4.3, our scaling function pk(-) is norm-dominated on the
set Ly by 607, (-) with

F =213R,. (73)

Thus, in order to apply Lemma 3.3, we need to estimate from above the inverse to its
conjugate function.

Lemma 4.4 Foranyr > 0, we have

3

- p e (2,\
07) (&) < V2L +5LyrnE +2L/ () L &=0. (74)

Proof Consider the primal function 6(t) = % + % with a, b > 0. Then, its

conjugate function is defined as follows:

We need to find A > 0 from the equation & = 6*(1).
Note that the optimal solution 7 = 7(X) in the above maximization problem can
be found from the equation

) =at + bT>. (75)

Therefore,

ok I a o 3b 4
§ =00 = 2f(>»)+4r()»)
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Thus, we can write down t(A) as a function of &:

RN S mm;f, 45;.

a-++/a®+ 12b§ a V3b
Hence,
as 48\ 34
A < J2aE +b'/* (;)
It remains to use the actual values a = L; + 5L3r2 and b = 2L3. O

Now we can write down the condition for our parameter §, which ensures the desired
inequality (72). Indeed, in view of inequalities (70) and (44), after T () inner steps
(see 71) we can guarantee that

2 A A
1Yol = L- @)~ (7@ +VD5:) = L-@)7'(48:).  (76)

where L 67 1+ ﬁ In order to stop method (65) at this moment, we need to guarantee

that the norm of the approximate gradient is small enough. Hence, our condition for
parameter § can be derived from the following reasoning. Since

R (66) R (76) R
1gpe Gl = 8+ VoGl = 8+L-©)7"(434),

in order to satisfy condition [|gy, « (X7)[lx < %HVf()?T)H — 8, by Lemma 4.4, it is
sufficient to satisfy inequality

26 ;2 va (8517 2
+2Ly2(L1 + 53y + 2L (384 ) < g, (77)

where €, > 0 is a lower bound for the norm of the gradients of the objective function
during the whole minimization process. Recall that

1

’ 68) 9843

T3 2+42 o
rk<=>z4/3< IIVf(0)||*> TR
3

Hence, this inequality can be rewritten in the following form:

€g.

AN =

1/3

201+ @98 + 6L52/3\/ +10(162 + f2)||Vf(0)||>.<>2/3 <
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Using the upper integer bounds on the coefficients, it can be strengthened:

1
245 + 218 [—=IV2FO)] + 361V F O = ~eg, (78)
2L3 6
where we take L = || V2 f(0)]| since this corresponds to the actual role of this constant

in the complexity analysis of method (65).
This means that, in accordance to (78), we need to choose

302
" 79
(IIVf(O)Il”2 + ||V2f(0)||%/2/L1/2> (79

Note that all coefficients in the condition (78) are known (provided that we have a
good estimate for the Lipschitz constant L3). Thus, we have

G+ H
T (8) = O (ln + ) s
€g

where G and H are the uniform upper bounds for the norms of the gradients and Hes-
sians computed at the points generated by the main process. Validity of the assumption
on finiteness of these bounds is discussed in Sect. 5.

Let us write down our inexact algorithmic schemes (21) and (26), employing the
inner procedure (65). These methods have only one parameter § > 0, which must be
chosen in accordance to (78). They need also the constant L3.

‘We start from the variant of Inexact Basic Tensor Method (21).

Since |V f(0)[l+ > €4, we always have § < O(eg).

Inexact 3rd-Order Tensor Method
Initialization. Given § > 0, choose xg € E.
Iteration £ > 0.
Compute x4+ € N3(xx) by method (65) with the followmg settings:
a) Starting point xg 0 = Xk. Step size T =

80+v2 )||Vf(xk)||* (80)
b) Objective function ¢y (x) = £2, 3 615 (X).

¢) Feasible set S; = {x lx —xi ] <2 [2+f||Vf(xk)||*] }
d) Function p (x) = %(sz(xk)(x — Xk), X — Xg) + Lada(x — xg).

G+H ) jterations of the inner

At each iteration of this method, we have O (ln
scheme. Each of them needs three calls of oracle of the main objective function (twice
for computing the approximate gradient of function ¢ (-) and once for verifying the

stopping criterion). In view of Theorem 2.2, the rate of convergence of the main process
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is as follows:

8\°T 7
fl) — [ < (;) [10L3R4(x0)+ (f (x0) — f*)] k>1. (81

Thus, the analytical complexity bound of the method (80) is of the order

13
<R(x0) <L3) In G+H>, (82)
€f €g

where € s > 01is the desired accuracy in the function value. Note that this method uses
only the second-order oracle.
Let us look now at the accelerated scheme.

Inexact Accelerated 3rd-Order Tensor Method
Initialization. Choose x(¢ € E and define Ay by (24) with p = 3.
Define function yo(x) = ds(x — xp).

Iteration & > 0.
1. Compute vy = arg min Yk (x) and choose y; = Ak Xk +

ak+|
Arr Y

2. Compute xg4+1 € N3 ( vk) by (65) with the followmg settings:
a) Starting point xx 0 = Y. Step size T =

e (83)
8(2+f)HVf(yk)H*
b) Objective function @i (x) = £2,, 3,615 (x).

¢) Feasible setsk={x:||x—yk|| <2 [ ool ]’ }

d) Function py (x) = S(V2 £ () (x — y), x — y) + Lada(x — yp).
3. Update ¥ y1(x) = ¥ (x) + a1 f K1) + (Vf g1), X — xeq1) ]

GH ) iterations of

As before, each iteration of this method needs at most O (ln

the inner scheme. In view of Theorem 2.3, the rate of convergence of the main process
in (83) is as follows:

/ 64L 14, k>1 84
flx) — f* _60 i) 3llxo —x*I%, k> 1. (84)

Thus, the analytical complexity bound of this method is of the order

L\ G+ H
0 (IIxo —x*] (—3) In +>, (85)
€f €g

Recall that method (83) is a second-order scheme.
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5 Bounds for the Derivatives

The complexity analysis in Sect. 4 is valid only if we can guarantee the finiteness of
the constants G and H. The simplest way of doing this consists in considering the
following class of functions:

Miga=1{f € CE): Mi(f) < 400, Ma(f) < +00, My(f) < +00}. (86)

This is a nontrivial class, but it is quite restrictive. In this section, we show that it is
possible to derive the finiteness of G and H from our main assumption (47) and the
properties of the minimization schemes.

Indeed, we can easily bound derivatives at test points from a bounded set. Let us
present a trivial result, which follows from Taylor formula (7).

Lemma 5.1 Forany x € Bp(xg) def {x e E: |lx —xoll < D}, we have

1 1
IV £ ) < IV LGl + IV F o) lID + §IID3f(XO)|ID2 + gM4<f>D3,
1
V2 £l < IV £ o)l + 1D f(xo) 1D + EM4(f)1>2. (87)

We can use the right-hand sides of inequalities (87) as our constants G and H
provided that the distance between x( and the test points does not exceed some D <
+00. Note that we do not use D, G, and H in our methods. They appear only in the
bounds for the number of inner steps and stay inside the logarithm. The important
criterion (78), defining an appropriate value of the parameter § > 0, is based on the
available information about the first and second derivatives at the current test point.

Thus, we need to prove that the sequences of test points in our methods are bounded.
Let us start from Inexact Basic Tensor Method (80). For this method, the situation is
very simple. We have already assumed that the size of the level set R(xo) is finite.
Since the method (80) is monotone, for any x; generated by this scheme, we have

ek = xoll < llx —x*I + Ix* —xoll < 2R(x0), k& =0.

Thus, we can take in (87) D = 2R(xg).

Let us look now at Inexact Accelerated Tensor Method. Actually, for proving the
boundedness of sequences of the test points { yx }x>0, itis better to consider its monotone
variant. The additional Step 4 of this method ensures monotonicity of the sequence

{f () Yr=o0-
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Monotone Inexact Accelerated 3rd-Order Tensor Method
Initialization. Choose x¢ € E. Define Ay by (24) with p = 3.
Define function v (x) = da(x — xp).
Iteration £ > 0.
1. Compute vy = arg mm Yk (x) and choose y; =

Ag A+1
Ag+1 X+ Ag1 k-

2. Compute Xi4+1 € /\/3 (yk) by (65) with the followmg settings:
a) Starting point xi,0 = k. Step sizet =

SISO (88)
b) Objective function ¢ (x) = £2y, 3615 (x).

¢) Feasible set §; = {x = el <2 [”fnw(yk)n*] }

d) Function pi (x) = (V2 f (v (x — yi), x — Yi) + Lada(x — yo).
3. Update Y1 (x) = Y (x) + ak1[f Gk1) + (Vf E1), X — Ze1) -

4. Choose x;4+] = arg min [f(x) DX €{x0y ..y Xies Xkt |-
X

Complexity analysis, presented in Sect. 2, remains also valid for the monotone
variant (88). Indeed, in the right-hand side of the relation (29), we can replace point
Xy by any point with better value of the objective function.

Lemma 5.2 Let points {yi}i>0 be generated by the method (88). Then,
lye = xoll < (1 +V2)R(x0), k = 0. (89)

Proof Indeed, choosing in the relation (28) p = 3 and x = x™*, we get
1 1
Telloe = 1% = 71" — o

At the same time, since f(xz) < f(xo), we have ||x; — x*|| < R(xp). Hence, in view
of the definition of y; at Step 1 in (88),

llyk — xoll < max{|lxx — xoll, llvk — xoll} < max{2R(x0), (1 +~/2)R(x0)}
= (1++v2)R(xp).00

Thus, for accelerated method (88) we can take D = (1 4+ +/2) R(x). O

6 Conclusion

From our results, we conclude that the existing classification of the problem classes,
optimization schemes, and complexity bounds is not perfect. Traditionally, we put in
one-to-one correspondence the type of numerical schemes (classified by its order) and
the problem classes (classified by the Lipschitz condition for the highest derivative). In
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this way, we attach the 1st-order methods to functions with Lipschitz-continuous gra-
dients. The 2nd-order methods correspond to the functions with Lipschitz-continuous
Hessian, etc.

This picture allows us to speak about the optimal methods. For example, we say that
the Fast Gradient Methods (FGM) with the convergence rate O (k_z) are the optimal
Ist-order methods. However, the only reason why FGM could be called optimal is that
they implement the lower bound for a certain problem class, which is considered to
be the natural field of application for the 1st-order methods only.

Now it is clear the above over-simplified picture of the world must be replaced by
something more elaborated. We have seen that there exist problem classes for which
the 2nd- and the 3rd-order methods demonstrate the same rate of convergence. So, the
correct classification of problem classes and optimization methods must be at least
two-parametric. This is, of course, an interesting topic for the further research.

Another interesting question is related to the Ist-order schemes. Indeed, if we
managed to accelerate the 2nd-order methods above their natural” complexity limits,
may be there exists a similar possibility for the 1st-order schemes? In our opinion, the
answer is negative. Indeed, the lower complexity bounds for the 1st-order methods are
supported by a worst-possible quadratic function. Quadratic functions already have
zero high-order derivatives. Therefore, any assumptions on the high-order derivatives
cannot eliminate this bad function from the problem class. For the 2nd-order methods,
the worst-case function has discontinuous third derivative (see, for example, Section
4.3.1 in [14]). Therefore, assumptions on the fourth derivative can help.
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