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ABSTRACT

Inspired by multigrid methods for linear systems of equations, multilevel optimization meth-
ods have been proposed to solve structured optimization problems. Multilevel methods make
more assumptions regarding the structure of the optimization model, and as a result, they out-
perform single-level methods, especially for large-scale models. The impressive performance
of multilevel optimization methods is an empirical observation, and no theoretical explanation
has so far been proposed. In order to address this issue, we study the convergence properties of
a multilevel method that is motivated by second-order methods. We take the first step toward
establishing how the structure of an optimization problem is related to the convergence rate of
multilevel algorithms.

KEYWORDS
Newton’s method; multilevel algorithms; multigrid methods

1. Introduction

Multigrid methods are a well-known and established method for solving differential equations
[3, 11, 13, 23, 24, 26]. When solving a differential equation using numerical methods, an
approximation of the solution is obtained on a mesh via discretization. The computational cost
of solving the discretized problem, however, varies and it depends on the choice of the mesh
size used. Therefore, by considering different mesh sizes, a hierarchy of discretized models
can be defined. In general, a more accurate solution can be obtained when a smaller mesh size
is chosen, which results in a discretized problem in higher dimensions. We shall follow the
traditional terminology in the multigrid literature and call a fine model to be the discretization
in which its solution is sufficiently close to the solution of the original differential equation;
otherwise we call it a coarse model [3]. The main idea of multigrid methods is to make use of
the geometric similarity between different discretizations. In particular, during the iterative
process of computing the solution of the fine model, one replaces part of the computations
with the information from coarse models. The advantages of using multigrid methods are
twofold. Firstly, coarse models are in lower dimensions compared to the fine model, and so
the computational cost is reduced. Secondly and interestingly, the corrections generated by
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the coarse model and fine model are in fact complementary. It has been shown that using
the fine model is effective in reducing the high frequency components of the residual (error)
but ineffective in reducing the low frequency component of the error. Those low frequency
components of the error, however, will become high frequency errors in the coarse model.
Thus, they could be eliminated effectively using coarse models [3, 23].

This idea of multigrid was extended to optimization algorithms. Nash [19] proposed a
multigrid framework for unconstrained infinite-dimensional convex optimization problems.
Examples of such problems could be found in the area of optimal control. Following the idea
of Nash, many multigrid optimization methods were further developed [10, 1620, 25]. In par-
ticular, Wen and Goldfarb [25] provided a line search-based multigrid optimization algorithm
under the framework in [19], and further extended the framework to nonconvex problems.
Gratton et al. [10] provided a sophisticated trust-region version of multigrid optimization
algorithms, which they called it multiscale algorithm. In this paper, we will consistently use
the name multilevel algorithms for all these optimization algorithms, but we emphasize that the
terms multilevel, multigrid, and multiscale were used interchangeably in different papers. On
the other hand, we keep the name multigrid methods for the conventional multigrid methods
that solve linear or nonlinear equations that are discretizations arising from partial differential
equations (PDEzs).

It is worth mentioning that different multilevel algorithms were developed beyond infinite-
dimensional problems, such as Markov decision processes [14], semidefinite programming
[6], artificial neural networks [5], and composite optimization for both the convex [15] and
non-convex case [21]. Also, Calandra et al. [4] proposed a multilevel algorithm for adaptive
cubic regularization method recently. The above algorithms all have the same aim: to speed up
the computations by making use of the geometric similarity between different models in the
hierarchy.

Numerical results from the papers cited above show that multilevel algorithms can take
advantage of the geometric similarity between different discretizations. In particular, they
outperform other state-of-the-art optimization methods, especially for large scale models.
However, to the best of our knowledge, no theoretical result exists that rigorously explain these
empirical observations. The contributions of this paper are:

e We provide a complete view of line search multilevel algorithm, and in particular, we
connect the general framework of the multilevel algorithm with classical optimization
algorithms, such as variable metric methods and block-coordinate type methods.

e We analyze the Newton-type multilevel model. The key feature of the Newton-type
multilevel model is that a coarse model is created from the first and second order
information of the fine model. We will call this algorithm the Newton-type Multilevel
Optimization (NeMO). A global convergence analysis of NeMO is provided.

e We propose to use the composite rate for analysis of the local convergence of NeMO.
As we will show later, neither linear convergence nor quadratic convergence is suitable
when studying the local convergence of NeMO.

e We study the composite rate of NeMO in a case study of infinite dimensional optimiza-
tion problems. We show that the linear component of the composite rate is inversely
proportional to the smoothness of the residual, which agrees with the findings in conven-
tional multigrid methods.

The rest of this paper is structured as follows: In Section 2 we provide background material
for multilevel algorithms. In Section 3, we study the convergence of NeMO. We first derive the
global convergence rate of NeMO, and then show that NeMO exhibits composite convergence
when the current incumbent is sufficiently close to the optimum. A composite convergence rate
is defined as a linear combination of linear convergence and quadratic convergence, and we



denote r1 and ry as the coefficient of linear rate and quadratic rate, respectively. In Section 4,
we compute 71 in problems arising from discretizations of one-dimensional PDE problems and
show the relationship between r; and the structure of the problem. In Section 5 we illustrate
the convergence of NeMO using several numerical examples.

2. Multilevel Models

In this section a broad view of the general multilevel framework will be provided. We start
with a basic setting and the core idea of multilevel algorithms in [10, 17, 25]. Then we provide
the formulation and details of the core topic of this paper, namely Newton-type multilevel
model.

2.1. Problem Formulation

In this paper we are interested in solving,

Juin, Ju(Xn), (0

where x;, € R, and the function fn: RN — R is continuous, differentiable, and strongly
convex. We clarify the use of the subscript h. Throughout this paper, the lower case h represents
an object or property that this is associated with the fine model, i.e. the model we actually want
to solve. To use multilevel methods, one needs to formulate a hierarchy of models with reduced
dimensions called the coarse models. We only consider two models in the hierarchy: fine and
coarse. In the same manner of using subscript h, we assign the upper case H to represent
the association with coarse model. We assign N and n (n < N) to be the dimensions of fine
model and coarse model, respectively. For instance, any vector that is within the space RY is
denoted with subscript h, and similarly, any vector with subscript H is within the space R".

Assumption 2.1. There exists constants uy, Ly, and M}, such that
il < V2 fu(x) < LpI,  Vxp, € R, ()

and
IV2 fu(xn) = V2 fu(yn) | < Mallxn = yall,  Vxn,yn € R™. 3)
Equation (2) implies
IV fn(xn) = Vfu(y)ll < Lallxn = ynll,  Vxn,yn € R™

The above assumptions will be used throughout the paper.

Multilevel methods require mapping information across different dimensions. To this end,
we define a matrix P € RYV*™ to be the prolongation operator which maps information from
coarse to fine, and we define a matrix R € R™"*¥ to be the restriction operator which maps
information from fine to coarse. We make the following assumption on P and R.

Assumption 2.2. The restriction operator R is the transpose of the prolongation operator P



up to a constant c. That is,
P =R, c¢>0.

Without loss of generality, we take ¢ = 1 throughout this paper to simplify the use of
notation for the analysis. We also assume any useful (non-zero) information in the coarse
model will not become zero after prolongation and thus make the following assumption.

Assumption 2.3. The prolongation operator P has full column rank, and so
rank(P) = n.

Notice that Assumption 2.2 and 2.3 are standard assumptions for multilevel methods
[3, 12, 25]. Since P has full column rank, we define the pseudoinverse and its norm

PT=(RP)'R, and ¢=|P7|. 4)

The coarse model is constructed in the following manner. Suppose in the £ iteration we have
an incumbent solution xy, j, and gradient V fj, 1, L2v fn(xn 1), then the corresponding coarse
model is,

min o (xpr) £ fr(xa) + (Vi X = Xro). 5)

where,
vie 2 —Vfuo+RVfyy,

xm0 = Rxp . and fi : R™ — R is a function to be specified later. Similar to V f, 1, we
denote V2 fr o £ V2 fu(xm0) and Vor o = Vou (X o) to simplify notation. We emphasize
the construction of the coarse model (5) is well known and it is not original in this paper. See
for example [10, 17, 25]. Note that when constructing the coarse model (5), one needs to add
an additional linear term to fz(xzr). This linear term ensures the following is satisfied,

Vouo =RV fy. (6)

For infinite-dimensional optimization problems, one can define fj, and fy using discretization
with different mesh sizes. In general, f3, is a function that approximates the original problem
sufficiently well, and that can be achieved using a small mesh size. Based on geometric
similarity between discretizations with different meshes, f, ~ fg even thoughn < N.

However, we want to emphasize f, =~ fp is not a necessary requirement when using
multilevel methods. In principle, fz(xz) can be any function. Newton-type multilevel model,
as we will show later, is a quadratic model where f; is chosen to be a quadratic approximation
of fj, at some xj,.

2.2. The General Multilevel Algorithm

The main idea of multilevel algorithms is to use the coarse model to compute search directions.
When a direction from the coarse model is used we call the iteration a coarse correction step.



When using coarse correction step, we compute the direction by solving the corresponding
coarse model (5) and perform the update,

Xh k41 = Xk + oppdpg,
with
3 A
dpr = P(XH. —XHp), @)

where xp , is the solution of the coarse model, and oy, € R is the stepsize. We clarify that
the “hat” in &h,k is used to identify a coarse correction step.

We should emphasize that xg , in (7) can be replaced by xp, forr = 1,2,..., 1.e., the
incumbent solution of the coarse mode (5) after the r™ iterations of some iterative method.
However, for the purpose of this paper and simplicity, we ignore this case and we let (7) be the
(exact) coarse correction step. .

It is known that the coarse correction step dy, i, is a descent direction for f, if fz is convex.
The following lemma states this argument rigorously. Even though the proof is provided in
[25], we provide it with our notation for the completeness of this paper.

Lemma 2.4 ([25]). If fr is a convex function, then the coarse correction step is a descent
direction for fy, at X, .. In particular, in the k™ iteration,

vf’zkah:’f < ¢Hx— P < 0.

Proof.
Vidne = VALRT (xp. —xm0),
= (RVfug)" (x#x —xm0),
= Voo (Xms —Xm0)
< ¢H,* - ¢H,0~
as required, where the last inequality holds because ¢ is a convex function. O

Even though Lemma 2.4 states that ah,k is a descent direction, using coarse correction step
solely is not sufficient to solve the fine model (1).

Proposition 2.5. Assume that fy is convex. Suppose V fy, ; # 0 and V fy, 1, € null(R), then
the coarse correction step

dps, = 0.

Proof. From (6), xg , = xp,0 when RV f, . = 0. Thus, (Aihvk =P(xpg.—xpp)=0. O

Recall that R € R™*" and so for n < N, a coarse correction step could be zero and make
no progress even when the first order necessary condition V f;, = 0 has not been satisfied.

2.2.1. Fine Correction Step

Two approaches can be used when coarse correction step is not progressing nor effective. The
first approach is to compute directions using standard optimization methods. We call such step



the fine correction step. As opposed to coarse correction step (Aih,k, we abandon the use of
“hat” for all fine correction steps and denote them as dj, ’s. To be precise, we can compute
dj, . using the following,

1
dpi = argm§n§<d,Qd>+<th,k,d),
= —Q 'V/uk (8)

where Q € RV*¥ is a positive definite matrix. When Q = I, dj, i is the steepest descent
search direction. When Q = V? fn,k> dp 1. 1s the search direction by Newton’s method. When
Q is an approximation of the Hessian, then dy, j is the quasi-Newton search direction.

We perform a fine correction step when a coarse correction step may not be effective. That
is, when one of the following conditions holds:

IRV frill < 6V il or [[RVfril <e, )

where € (0, min(1, ||R]|)), and € € (0, 1). The above criteria prevent the use of the coarse
model when xp o &~ X 4, i.e. the coarse correction step (Athg is close to 0. We point out that
these criteria were also proposed in [25]. We also make the following assumption on the fine
correction step throughout this paper.

Assumption 2.6. There exists strictly positive constants v, (5, > 0 such that

Idnsll < vl Vingll, and =V dne = GV el

where dj, 1, is a fine correction step. As a consequence, there exists a constant A;, > 0 such that

Fre = Frpr1 = M|V frell?,
where f, .41 is updated using a fine correction step.

As we will show later, Assumption 2.6 is not restrictive, and Ay, is known for well-known
cases like gradient descent, Newton method, etc. Using the combination of fine and coarse
correction steps is the standard approach in multilevel methods, especially for PDE-based
optimization problems [10, 17, 25].

2.2.2. Multiple P’s and R’s

The second approach to overcome issue of ineffective coarse correction step is by creating
multiple coarse models with different P’s and R’’s.

Proposition 2.7. Suppose R1,Ra, ..., Ry, are all restriction operators that satisfy Assump-
tion 2.2 and 2.3, where R; € R™*N fori =1,2,...,p. Denote S to be a set that contains
the rows of Ri’s in RY, fori=1,2,...,p. If

span(S) = RY,

then for V fp, ;. # 0 there exists at least one R; € {R;}!_, such that

dpy #0 and Vfi,dpy <0,



where dy, i, is the coarse correction step computed using R ;.

Proof. Since span(S) = R, then for V fur # 0, there exists one R; such that R;V f, 1. # 0.
So the corresponding coarse model would have x . # X0, and thus &h,k]. #0. ]

Proposition 2.7 shows that if the rows of the restriction operators R;’s span R”, then at
least one coarse correction step from these restriction operators would be nonzero and thus
effective. In each iteration, one could use the similar idea as in (9) to rule out ineffective coarse
models. However, this checking process could be expensive for large scale problems with
large p (number of restriction operators). To omit this checking process, one could choose the
following alternatives.

i. Cyclical approach: choose R1, Ra, ..., R, in order at each iteration, and choose R
after R,,.

ii. Probabilistic approach: assign a probability mass function with {R;}!_, as a sample
space, and choose the coarse model randomly based on the mass function. The mass
function has to be strictly positive for each R;’s.

We point out that this idea of using multiple coarse models is related to domain decomposition
methods, which solve (non-)linear equations arising from PDEs. Domain decomposition
methods partition the problem domain into several sub-domains, and thus decompose the
original problem into several smaller problems. We refer the reader to [7] for more details
about domain decomposition methods.

2.3. Connection with Variable Metric Methods

Using the above multilevel framework, in the rest of this section we will introduce different
versions of multilevel algorithms: variable metric methods, block-coordinate descent, and
stochastic variance reduced gradient. At the end of this section we will introduce the Newton-
type multilevel model, which is an interesting case of the multilevel framework.

Recall that for variable metric methods, the direction dy, j is computed by solving

1
dpr = argmc}n§<d,Qd>+<th,k,d),
= —Q 'V (10)

where Q € RV*¥ is a positive definite matrix. When Q = I, dj, i is the steepest descent
search direction. When Q = V2 fnk> dp i is the search direction by Newton’s method. When
Q is an approximation of the Hessian, then dy, j, is the quasi-Newton search direction.

To show the connections between multilevel methods and variable metric methods, consider
the following f.

1
fu(xg) = §<XH — Xm0, Qu(xXHg — Xm0)), (11)

where Qp € R™", and xg o = Rx;, 1, as defined in (5). Applying the definition of the coarse
model (5), we obtain,

. 1
Juin du(xH) = §<XH —x1,0, Qu(xy —xmp)) + (RV fok, Xg — Xm,0)- (12)



Thus from the definition in (7), the associated coarse correction step is,

5 1 _
du =P farg min o{dy, Qudy) + RV fur,dn) | = ~PQ,'RV fur  (13)

dHZXH*XH,U

Therefore, with this specific ff; in (11), the resulting coarse model (12) is analogous to variable
metric methods. In a naive case where n = N and P = R = 1, the corresponding coarse
correction step (13) would be the same as steepest descent direction, Newton direction, and
quasi-Newton direction for Qg that is identity matrix, Hessian, and approximation of Hessian,
respectively.

2.4. Connection with Block-coordinate Descent

Interestingly, the coarse model (12) is also related to block-coordinate type methods. Suppose
we have p coarse models with prolongation and restriction operators, {P;}?_, and {R;}?_,,
respectively. For each coarse model, we let (11) be the corresponding fr with Qg = I, and
we further restrict our setting with the following properties.

1. P, e RV i =1.2.....p.
2. P,=RI Vi=1,2,...,p.
3. [P1Py...P,] =1L

From (13), the above setting results in (Ailh,ki = —P;R;V f} 1, where ah,ki is the coarse
correction step for the i model. Notice that

(Ving); if Y ng<j <> ng,

0 otherwise .

(PR;V for); =

Therefore, (tjl;h k, 1s equivalent to a block-coordinate descent update [1]. When n; = 1, for i =
1,2,...,p, it becomes a coordinate descent method. When 1 < n; < N,fori=1,2,...,p,
it becomes a block-coordinate descent. When P;’s and R;’s are chosen using the cyclical
approach, then it would be a cyclical (block)-coordinate descent. When P;’s and R;’s are
chosen using the probabilistic approach, then it would be a randomized (block)-coordinate
descent method.

2.5. The Newton-type Multilevel Model

We end this section with the core topic of this paper - the Newton-type multilevel model. The
Newton-type multilevel coarse model is a special case of (12) where,

Qu = Vi fur 2 RV2f,,P, (14)

and so the Newton-type multilevel (coarse) model is,

. 1
Juin ou(xXH) = §<XH — Xm0, Vi fuk(Xi — Xm0)) + (RV fo, x5 — xmo).  (15)



According to (13), the corresponding coarse correction step is
dp i = —PRV?f1 4P| 'RV fr o = —~P[Virfarl 'RV . (16)

In the context of multilevel optimization, to the best of our knowledge, this coarse model was
first considered in [10]. In [10] a trust-region type multilevel method is proposed to solve
PDE-based optimization problems, and the Newton-type multilevel model is described as a
“radical strategy”. In a later paper from Gratton et al. [9], a trust-region type multilevel method
was tested numerically, and the Newton-type multilevel model showed promising numerical
results.

It is worth mentioning that the above coarse correction step is equivalent to the solution of
the system of linear equations,

RV2f, i Pdy = —RV fy 1. (17)

which is the general case of the Newton’s method in which P = R = I. Using Assumption
2.3, we can show that V%{ [,k 1s positive definite, and so equation (17) has a unique solution.

Proposition 2.8. RV?2f,(x;,)P is positive definite, and in particular,
LR 21 < RV2f),(x5)P < Lpw’l

where w = max{|[P|, R} and £ = ||P*].
Proof.

x7 (RVth(xh)P) X = (PX)Tvth(Xh)(Px) < LhHPXHZ < Lhw2HXH2.

Also,

1% M
x (RV2 iy (x1,)P) x = (Px)" V2 f;,(x3) (Px) > puy, | P > HPJEHQ I = gsuxn?.

So we obtain the desired result. UJ

3. Convergence of NeMO

In this section we analyze NeMO (Algorithm 1). The fine correction steps in Algorithm 1
are deployed by a variable metric method, and an Armijo rule is used as stepsize strategy for
both fine and coarse correction steps. We will first show that Algorithm 1 achieves a sublinear
rate of convergence. We then analyze the maximum number of coarse correction steps that
would be taken by Algorithm 1, and the condition that when the coarse correction steps yield
quadratic reduction in the gradients in the subspace. At the end of this section, we will provide
the composite convergence rate for the coarse correction steps.

To provide convergence properties when the coarse correction step is used, the following
quantity will be used

Xk 2 [(RV o) [V for] 'RV fri]'/2.



Algorithm 1 NeMO

Input: P ¢ RY*" and R € RY*" which satisfy Assumption 2.2 and 2.3, k €
(0, min(1, |R]))), € p1 € (0,0.5), B1s € (0,1).
Initialization: x;, o € R
for k=0,1,2,... do
Compute the direction

d _ (;thg in (16) if Hvah,k‘H > “vah,kn and Hvah,kH > €,
dj, . in (10) otherwise.

Find the smallest ¢ € N such that for stepsize ay, ;, = 1.,
fong +angd) < fur + prang Ve fred.
Update
Xp g+l = Xp g + o pd.

end for

Notice that x g 1, is analogous to the Newton decrement, which is used to study the convergence
of the Newton method [2]. In particular, x 77 ;. has the following properties.

1. Vfﬁ@;hk = _X%{,k'
2. df V2 fugdi g = X

We omit the proofs of the above properies since these can be done by using direct computation
and the definition of x 7 .

3.1. The Sublinear Rate

We will show that Algorithm 1 will achieve a sublinear rate of convergence. We will deploy
the techniques from [1] and [2]. Starting with the following lemma, we state reduction in
function value using coarse correction steps. We would like to clarify that even though NeMO
is considered as a special case in [25], we take advantage of this simplification and specification
to provide analysis with results that are easier to interpret. In particular, the analysis of stepsizes
ap ks in [25] relies on the maximum number of iterations taken. This result is unfavorable
and unnecessary for the setting we consider.

Lemma 3.1. The coarse correction step (Sl;hk in Algorithm 1 will lead to reduction in function
value

p162 Bispn
2
w2L3

2

9

IV fok

Fnk — frn(Xng + appdpg) >

where p1, k, and B are user-defined parameters in Algorithm 1. Ly, and py, are defined in
Assumption 2.1. w is defined in Proposition 2.8.

10



Proof. By convexity,

“ ~ L “
foxpp+adni) < for+ Vg dag) + ?hOCZHdh,kH27

Ly,

< fhk — OXGrg + 2 X1 g

since
pnlldnel® < df V2 fa(ze)dng = X

Notice that for & = pp, /Ly, we have

and

AN [0
Jn(xXpp +adpg) < for— §X12L1,k,

IN

@ R
Jnx + §thT7kdh,k,
< ok + VL da,

which satisfies the Armijo condition. Therefore, line search will return stepsize ay, j, > & =
(Bispen )/ Ly, Using the fact that

1 _
L, IRV fu(z)* < RV fr )T [V k] "RV frk = X
we obtain
Frn(xng +angdng) — far < plah,kvfgjkah,ka
< —préx,
5[51“41 2
< -m IRV frill*,
wQL%
2
p1E=Bispin 9
< = IVl
wQL,Zl
as required. O

Using the result in Lemma 3.1, we derive the guaranteed reduction in function value in the
following two lemmas.

p152Bistin

Lemma 3.2. Let A £ min {Ah, SL2

}, then the step d in Algorithm 1 will lead to

Fok = frgka1 > AV frrll®s

11



where p1, K, and b5 are user-defined parameters in Algorithm 1. Ly, and py, are defined in
Assumption 2.1. Ay, is defined in Assumption 2.6. w is defined in Proposition 2.8.

Proof. This is a direct result from Lemma 3.1 and Assumption 2.6. O
Let x, . denote the exact solution of (1) and let fj, . L f (Xh )

Lemma 3.3. Suppose
R(xn0) = nax {1xn — Xl : fuxn) < fulxno)}
h

the step in Algorithm 1 will guarantee

A
ok — fhp+1 = Wh,o) (for — fh,*)2,

where A is defined in Lemma 3.2.

Proof. By convexity, for k =0,1,2,...,

Tnge — frx (V fhges Xhk — Xnx),
IV gl |%h6 — Xnalls

R(xn)IV frkll-

ININIA

Using Lemma 3.2, we have

ok — fox < 73(Xh,o)\//\’1 (fur = frg+1),
Frk = frnx\ < AL
“R(no) < (fork — faps1)

_ 2
A(M) < fuk = forst

as required. 0

The constant A in Lemma 3.3 depends on Ay, which is introduced in Assumption 2.6. This
constant depends on both the fine correction step chosen and the user-defined parameter p; in
Armijo rule. For instance,

plLl;h it dppe =~V 'V frks
Ah = plh '
I if dpr=—-Vin

The above results can be derived via direct computation on bounding the Armijo condition. In
order to derive the convergence rate in this section, we use the following lemma on nonnegative
scalar sequences.

Lemma 3.4. [1] Let { Ay },>0 be a nonnegative sequence of the real numbers satisfying

Ak_Ak+127Az7 k:071727"'7

12



and

for some positive v and q. Then

A< — 1

— k=0,1,2,...,
~v(k+q)

and so
A< —, k=0,1,2,....

Proof. See Lemma 3.5 in [1]. O
Combining the above results, we obtain the rate of convergence.

Theorem 3.5. Let {x},};>0 be the sequence that is generated by Algorithm 1. Then,

R2(xpp0) 1

- x < o | 1.0
Tk = fox < N 2ik

where A and R(-) are defined as in Lemma 3.2 and 3.3, respectively.
Proof. From Lemma 3.3,

fhge = frgs1 2 R2(A N (e = fu)”-

and so

(frg = frx) = (frksr — frx) 2 (Frk — frx)?

A
R2(x1,0)

Also, we have

2792 2752
fio — fuw < 2 2 < Dnpa oy < TR Xno) - LR (X;L,o)7
7 7 2 2 7 2ptn 200 B1sK%p1

R*(Xn0)
- 2A

where the first inequality holds because of first order condition and the definition of Ly in

A
Assumption 2.1. Let’s Aj, = ok = Jno Y £ W’ and ¢ £ 2. By applying Lemma 3.4,
Xh,0
we have
R2 (Xh 0) 1
_ < 2 -
ok — fox < A oik
as required. O

13



Theorem 3.5 provides the sublinear convergence of Algorithm 1. We emphasize that the rate
is inversely proportional to A = min{Ay, p1x?uy, /L3 }, and so small £ would result in slow
convergence. Therefore, even though x could be arbitrary small, it is not desirable in terms
of worse case complexity. Note that x is a user-defined parameter for determining whether
the coarse correction step should be used. If « is chosen to be too large, then it is less likely
that the coarse correction step would be used. In the extreme case where x > ||R ||, the coarse
correction step would not be deployed because,

IRV frell < (IRIV frrll;

and so Algorithm 1 reduces to the standard variable metric method. Therefore, there is a
trade-off between the worse case complexity and the likelihood that the coarse correction step
is deployed.

3.2. Maximum Number of Iterations of Coarse Correction Step

We now discuss the maximum number of coarse correction steps in Algorithm 1. The following
lemma will state the sufficient conditions for not taking any coarse correction step.

Lemma 3.6. No coarse correction step in Algorithm 1 will be taken when

)

IV el <

€l

where w = max{||P|, | R|

}, and € is a user-defined parameter in Algorithm 1.

Proof. Recall that in Algorithm 1, the coarse step is only taken when |RV fj, || > €. We
have,

€
IRV fuill < @l Vfusll S w==e

and so no coarse correction step will be taken. 0

The above lemma states the condition when the coarse correction step would not be per-
formed. We then investigate the maximum number of iterations to achieve that sufficient
condition.

Lemma 3.7. Let {x,};>0 be a sequence generated by Algorithm 1. Then, Ve, k > 0 such that,

_ 1\ % R2(xp0)
bx (7)) e

€

we obtain

IV fn(xpp)ll <€
where A and R(-) are defined as in Lemma 3.2 and 3.3, respectively.

Proof. From Lemma 3.2, we know that

AVEel? < fak — Frpst-

14



Also, from Theorem 3.5, we have,

R (xpp0) 1
— < —= -
Tk — frx < N 5ah
Therefore,
9 1
IV fnell” < n (frge = Jrg+1)
1
< = _
< A(fh,k Jns) s
R (xpp0) 1
< 2 0
- A2 24k
For
2 2
k= i R (Xh,()) 2’
€ A2
we have
R23(xp0) 1 R2(xn0) 2 A2
<) =mhY— < ) (g —¢
IV fr el < \//\2—24"“_ @ RGog)
as required. O

By integrating the above results, we obtain the maximum number of iterations to achieve
|V fnkl| < €/w. That is, no coarse correction step will be taken after

— 2 iterations.

w) 2 R?(xn,0)
( € ) A2
Notice that the smaller ¢, the more coarse correction step will be taken. Depending on the
choice of dy, i, the choice of € could be different. For example, if dy, j is chosen as the Newton
step where dj, ;, = —[Vth’k]Ath’k, one good choice of € could be 3w(1 — 2p1)p,2l/Lh if
wr and Ly, are known. This is because Newton’s method achieves quadratic rate of convergence
when ||V fr, x|l < 3(1 —2p1)p? /Ly, [2]. Therefore, for such €, no coarse correction step would
be taken when the Newton method is in its quadratically convergent phase.

3.3. Quadratic Phase in Subspace

We now state the required condition for stepsize ay = 1, and then we will show that
when ||RV f}, 1| is sufficiently small, the coarse correction step would reduce ||[RV fj, 1|
quadratically. The results below are analogous to the analysis of the Newton’s method in [2].

Lemma 3.8. Suppose coarse correction step Elh,k in Algorithm 1 is taken, then oy, ), = 1 when

3u?

IRV fhk -
h

15



where p1 is an user-defined parameter in Algorithm 1. My, and uy, are defined in Assumption
2.1

Proof. By Lipschitz continuity (3),
V2 (% + adng) = V2 il < aMylldll,
which implies
|5 4 (V2 fu (% ke + adn k) = V2 frp)dn k]| < oMpl|d ).

Let f (a) = frn(xni+ aflh,k), then the above inequality can be rewritten as

|7"() = F"(0)] < aMy||dn ),
and so

(@) < F7(0) + aMy | dp .
Since f(0) = djf .V furdne = Xy

F(@) < X + oMy, || dpil .
By integration,

F(@) < F(0) + axi, + (02 /2)My||dp .

Similarly, f/(0) = Vf,zk&hk = *X%{,k’ and so

F(@) € =X + axie + (@ /2) My |dp il
Integrating the above inequality, we obtain
fl@) < F(0) = axdrp + (@2 /2)xFr i + (@®/6)Mp |

Recall that iy ]|dy . |? < dF V2 frudp i = X% thus,

~ ~ O[2 a3 h 3
() < f(0) — axgx + 5 Xik T 53 XHk
Hp
Leta =1,
s - 1 M,
f(1)—f0) < _X%-I,k + *X%{,k + 7)(?1’5[,16’
2 6,072

< - 5 T T 3pXHE | XHk
Gy,
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Using the fact that

2

3
IRV fll < n= (1= 201),
h
and
_ 1
xuk = (RV frr) [V frr) "RV frp)/? < —||RV furll,
vV Hh
we have
3/2
I M,
Xk < —2-(1-2p) <= p1<z-— 7hXH,k~
M, 9 6M3/2
h
Therefore,
F) = £(0) € —pixFry, = PV fpdn ke
and we have aj, ;, = 1 when ||RV fj, || < n. O

The above lemma yields the following theorem.

Theorem 3.9. Suppose the coarse correction step (Slh’k in Algorithm 1 is taken and o, ), = 1,
then
w3§4Mh

IRV fhl?,
2;@%

IRV fr ]l <

where My, and py, are defined in Assumption 2.1, w = max{||P||, |R||} and £ = ||PT|.
Proof. Since oy, = 1, we have

IRV froir1ll = IRV fu(xnp + dng) — RV frp — RV2fy,  Pdy -
< R\ IV fa(xng +dng) — Ving — V2 frrdni

IN

w

1
/ (V2 fr(xnp + tdni) — V2 frp)dng dt
0

My
< W7Hdh,k”2,

where d H i+ 18 the direction (Sl;uk at coarse level, i.e. Pd Hix = ath. Notice that

gl = [PRV2f P 'RV fo
< |IP| IRV fu 1P IRV frkl
2
w
< RV
Kh

17



Thus,

w3§4Mh
IRV S| < S5 IRV foel
Hh,

as required. O

The above theorem states the quadratic convergence of ||V f3 1| within the subspace
range(R). However, it does not give insight in the convergence behaviour on the full space
RY . To address this, we study the composite rate of convergence in the next section.

3.4. Composite Convergence Rate

At the end of this section, we study the convergence properties of the coarse correction step
when the incumbent is sufficiently close to the solution. In particular, we deploy the idea of
composite convergence rate in [8], and consider the convergence of the coarse correction step
as a combination of linear and quadratic convergence.

The reason of proving composite convergence is due to the broadness of NeMO. Suppose
that P = R = I, then the coarse correction step in NeMO becomes Newton’s method. In such
case we expect quadratic convergence when the incumbent is sufficiently close to the solution.
On the other hand, suppose P is any column of I and R = P, then the coarse correction
step is a (weighted) coordinate descent direction. One should not expect more than linear
convergence in that case. Therefore, both quadratic convergence and linear convergence are
not suitable for NeMO, and one needs the combination of them. In this paper, we propose to
use a composite convergence, and show that it can better explain the convergence of NeMO.

We would like to emphasize the difference between our setting compared to [8]. To the best
of our knowledge, composite convergence rate was used in [8] to study subsampled Newton
methods for machine learning problems without dimensionality reduction. In this paper, the
class of problems that we consider is not restricted to machine learning, and we focus on the
Newton-type multilevel model, which is a reduced dimension model. The results presented in
this section are not direct results of the approach in [8]. In particular, if the exact analysis of [8]
is taken, the derived composite rate would not be useful in our setting, because the coefficient
of the linear component would be greater than 1.

Theorem 3.10. Suppose the coarse correction step &h,k in Algorithm 1 is taken and oy, ), = 1,
then

1Xpk41 — Xl | < 1T =PV fri] RV fr ol (T — PR) (x40 — Xp0)|
M 2¢2
L My

5 IXne = xnul® (18)
Kh

where My, and py, are defined in Assumption 2.1, w = max{||P||, |R||} and & = |PT||. The
operator VIQLI is defined in (14).

Proof. Denote

1
Q= / V2 f(Xpw — H(Xn g — Xns))dt,
0
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we have

Xpktl —Xhx = Xnk —Xnx — P[Vifur] 'RV fur,
= Xk — Xnx — PVE k] TRQ(Xnk — Xn),
= (I - P[V%rfh,k]_lRQ) (Xn,k — Xnx);
= (I-P[Vifurl "RV?fri) Xnp — Xnx)
+ (PIV3 s "RV ik = PV Skl " RQ) (nk — Xn0),
= (I-P[Vhfusl 'RV fur) (I = PR)(Xng — Xn)
+P[Vifurl 'R (Vth,k - Q) (Xn,k — Xnx)-

Note that
2 A 2 ! 2 My,
IV frre — Qll = |V frk —/ Vo f(Xhe — t(Xnk — Xp))dE|| < THXh,k — Xp |-
0
Therefore,

1%n k1 — Xl < T = PV far] "RV fill|| (T — PR) (3% — Xns) |

2
)

_ M,
PV L] T RIS %0, = X

< |I—=P[VEfar] RV il (I— PR) (X% — Xn) |
M (/.)2 2
P o —

27

as required. O

Theorem 3.10 provides the composite convergence rate for the coarse correction step.
However, some terms remain unclear, in particular ||I — P[V% f;, ] "'RV? f, x||. Notice that
in the case when rank(P) = N (i.e. P is invertible),

II=PVE sl "RV il = [1—PRV?f,P] 'RV fr],
= |[T-PP ' V2fui] 'RTIRV i,
= 0.

It is intuitive to consider that [|[I — P[V% f5 k] 'RV?f, k|| should be small and less than 1
when rank(P) is close to but not equal to N. However, the above intuition is not true, and we
prove this in the following lemma.

Lemma 3.11. Suppose rank(P) # N, then

_ L
1< |T=P[VLfur] "RV fi ] < ,/#—:,

where Ly, and py, are defined in Assumption 2.1. The operator V%{ is defined in (14).
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Proof. Since V? [,k 1s a positive definite matrix, consider the eigendecomposition of \%&: Ihks
V2 fhr = USUT,

where X is a diagonal matrix containing the eigenvalues of V2 fn,k» and U is a orthogonal
matrix where its columns are eigenvectors of A& fh.k- We then have

I— PV fur] 'RV fup
= I-PRV?f, P 'RV fyy,
— yuxn-lznl/2yT _ UE_1/221/2UTP[RU21/221/2UTP]_1RU21/221/2UT,
— ux-lzgl2gT
7U2—1/2(21/2UTP)[(EI/QUTP)T(El/QUTP)}—I(EI/ZUTP)T21/2UT’
= UX 21 - Tz ayp)E/?U7,

where I's;1/2yp is the orthogonal projection operator onto the range of £'/2UTP, and so

[US~2(1 - Dguegrp) VU7,
|21 = D1 eprp) B2,

11— PV frr] "RV frill

For the upper bound, we have

=712 = Pyegyrp) B2 < 27421 - Dyooep) |22 < \/;

since I — I's;1/2yrp is an orthogonal projector and ||(I — T'syi/2yrp)|| < 1. For the lower
bound, we have

ISV2(1 = T opep)SY2| = IS Y2(1 = Popep) (I = Tgrogrp) SY2,
- HE_I/Q(I o FEI/?UTP)21/22_1/2(I — F21/2UTP)21/2H7
< B TV21 - Dgpyrp) S5 YA( - Trieyre) 512
= H2—1/2(I _ F21/2UTP)21/2”2-

The assumption rank(P) # N implies
I 7é FEl/ZUTP and “2_1/2(1 — I‘El/ZUTP)El/2H 7& 0.

Therefore, 1 < ||=71/2(T — T 2yrp)E1/?||, as required. O

Lemma 3.11 clarifies the fact that the term ||I — P[V% f;, ] 'RV? fy, || is at least 1 when
n < N. This fact reduces the usefulness of the composite convergence rate in Theorem 3.10. In
Section 4, we will investigate the term || (I — PR)(x, 1 — Xy, ,) || and show that it is sufficiently
small in a specific case.

20



Figure 2.: R in (20)

4. PDE-based Problems: One-dimensional Case

In this section, we study the Newton-type multilevel model that arises from PDE-based prob-
lems. We begin with introducing the basic setting, and then we analyze the coarse correction
step in this specific case. Building upon the composite rate in Section 3.4, at the end of this sec-
tion we re-derive the composite rate with a more insightful bound of ||(I - PR)(xp, 1 — Xn)||-
As mentioned in Section 3, this quantity is critical in analyzing the performance and complexity
of NeMO.

For the simplicity of the analysis, we consider specifically the one-dimensional case, i.e. the
decision variable of the infinite dimensional problems is a functional in R. We further assume
that the decision variable is discretized uniformly over [0, 1] with value 0 on the boundary. We
would like to clarify that the approach of analysis in this section could be applied to more
general and high-dimensional settings.

4.1. Newton-type multilevel Model by One-dimensional Interpolations

For one dimensional problems, we consider the standard linear prolongation operator and
restriction operator. Based on the traditional setting in multigrid research, we define the
following Newton-type multilevel model.

e N is an even number,
e the (fine) discretized decision variable is in RN !, and
e the coarse model is in RV/2-1,

21



(N=1)x(

For interpolation operator P € R N/2=1) " we consider

1
2
11
1 2
P= 3 1 ) (19)
1
2
1
and the restriction operator
1
R = §PT e R(N/?*l)X(N*l). (20)

Notice that the P and R in (19) and (20) have geometric meanings, and they are one of the
standard pairs of operators in multilevel and multigrid methods [3]. As shown in Figure 1, P is
an interpolation operator such that one point is interpolated linearly between every two points.
On the other hand, from Figure 2, R performs restriction by doing weighted average onto every
three points. These two operators assume the boundary condition is zero for both end points.
We emphasize that the approach of convergence analysis in this section is not restricted for this
specific pair of P and R. We believe the general approach could be applied to interpolation
type operators, especially operators that are designed for PDE-based optimization problems.

4.2. Analysis

With the definitions (19) and (20), we investigate the convergence behaviour of the coarse
correction step. The analytical tool we used in this section is Taylor’s expansion. To deploy this
technique, we consider interpolations over the elements of vectors. In particular, we consider
interpolations that are twice differentiable with the following definition.

Definition 4.1. For any vectorr € RV ~1, we denote 7.V ! to be the set of twice differentiable
functions such that Vw € fﬁv -1

w(0) =w(l) =0, and w;=w(y;) = (r);,

where y; = i/N fori =1,2,...,N — 1.

Using the definitions (19) and (20), we can estimate the “information loss” via interpolations
using the following proposition.

Proposition 4.2. Suppose P and R are defined in (19) and (20), respectively. For any vector
r, € RVN=1 we denote (r1)o = (r,)n = 0 and obtain

((rn)j—1 +2(rp)j + (rp)j1) if Jis even,
((rh)j—2 +2(rn)j—1 + 2(rn); + 2(rn)j41 + (vn)j42) if j is odd,

Q0| |

(PRI‘h>j = {

forj=1,2,...,N — 1.
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Proof. By the definition of R and P, we have

1 ..n
(Rrn)j = 7 ((tn)2j—1 +2(tn)2j + (rn)2j41), 1<j<5 -1
So
1 e
(PRry); = (Rrp)j0 = Z((rh)j_l +2(rp); + (rp)j41) if jis even,

and

1

(PRry); = 3 (Rrp)(j—1)/2 + (Rrp)(j+1)/2) »
1 e
= g((rh)j—z +2(rn)j—1 +2(rn); + 2(rn)j41 + (rn)j42) if jis odd.

So we obtain the desired result. O

Using the above proposition and Taylor’s expansion, we obtain the following lemma.

Lemma 4.3. Suppose P and R are defined in (19) and (20), respectively. For any vector
ry € RN_I,

3
I-PR)r < min max |w” —.
- PRzl < min | mas [0

Note that the definition of ]:lf\}f ~1 follows from Definition 4.1.

Proof. Using Proposition 4.2 and Taylor’s Theorem, in the case that j is even, we obtain

T 20005+ (i) = ¢ (0 () + 20 () + w (gge0),
w//(ycl) 1 w”(Z/CQ) 1

= wl)+— 8 N2

w”(ycl) —+ w”(y(ﬁ) i
8 N2’

= (ra); +

where w(-) € fﬁ_l, Yi—1 < Y1 < yj, and y; < yeo < yj4+1. Similarly, in the case that j is
odd, we have

%((rh)j—z +2(rp)j—1 +2(rn); + 2(rn)j41 + (vn)j+2)

4w”(yc3) + 2w//<yc4) + 2w”(yc5) + 4w”(y06) 1

16 Nz @D

= (rn); +

where ¥; 2 < ye3 < Ui Yi—1 < Yea < Yjh Yi < Yes < Yj+1, and y; < yeg < yj42. Therefore,

3

N2 for Vw(-)e]:l{\i_l.

(T —=PR)rp o0 < max |w”(y)]
y€[0,1]

So we obtain the desired result. O
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Lemma 4.3 provides upper bound of ||(I — PR)r||«, for any r;, € RV~L. This result
can be used to derive the upper bound of || (I — PR)(xp 1 — Xp.4)||, Where rj, = Xp, 1, — X .
As we can see, if [w”(y)| = O(1), where w € F'~1, then ||(I — PR)rp||o0 = O(N72).
This can be explained by the fact that when the mesh size is fine enough (i.e. large V), linear
interpolation and restriction provide very good estimations of the fine model.

In the following lemma, we provide an upper bound of |w”| in terms of the original vector
rp,. The idea is to specify the interpolation method in which we construct w, and we will use
cubic spline in particular. Cubic spline is one of the standard interpolation methods, and the
output interpolated function w satisfies the setting in Definition 4.1 and Lemma 4.3.

Lemma 4.4. Suppose P and R are defined in (19) and (20), respectively. For any vector
ry € RNV we obtain

9
I(T=PR)rafloc < 5l ATH oo,
where
2 -1
-1 2 -1
A = N? -1
|
-1 2

Proof. We follow the notation in Definition 4.1. For w & -7:1{\;{ ~1 that is constructed via cubic
spline, in the interval (y;, y;+1), we have

w(y) = Aw; + Buwig + Cw; + Duy,

where
A = Yi+t1 — Y ’
Yi+1 — Yi
B — Y—Yi ’
Yi+l — Yi

1
C = E(A?’*A)(yi+1*yi)2v

1
D = 6(33 — B)(yi+1 — vi)*
It is known from [22] that
d*w
W Aw} + By, (22)
and
Yi — Yi-1 y Y+l —Yi-1 p, Yi+l —Yi p Wi+1 — Wi Wi — Wi—1
—w, TV w, + /W, | = — , (23)
6 ol 3 ‘ 6 Ty -y Y-y
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and fori = 1,2, ..., N — 1. Using the above equation (22), at the interval (y;, ¥;+1), we obtain

d?w Yir1 — Y Y — Y
Aw! + Bw) = |+ LT,
dy? ‘ o Yir1 —Yi ' Y1 —yi
< Pl 4 | ),
Yi+1 — Yi Yi+1 — Yi

< max{jwy], [wi 4}

Suppose j € arg max;{|w/|};, then from (23) and the fact that y; 1 — y; = 1/N,

Yirr —Yj=t, Wikl T W5 Wi T Wim1 Y5 Y=l e Ykl Y5 )
3 ! Yitl =Y Y~ Y1 6 - 6 o
2 Nl — ) - N — ) — Lt - L
3Nw] - Wj+1 wy wj Wj—1 6N j—1 6NN J+1
1 1
2w3’ = 3N2(wj+1 — ij + wj_l) — iw;'_l 5 §,+1
Thus,
1
20| < BN|wyir — 2w; +wj| + frw |+ gl
1
2w]| < 3N*|wji1 — 2wj +wja| + 5 |w"| + 5w,
wj| < 3N?|wjsr — 2w + wj1].
Therefore,
lw!| < maXBN lwit1 — 2w; + wi—1],
and so,
9|wit1 — 2w; + wi—1] 9
(X PR)roc < max | (5)] 7 < mias - = llAr
as required. O

Lemma 4.4 provides the discrete version of the result presented in Lemma 4.3. The matrix
A is the discretized Laplacian operator, which is equivalent to twice differentiation using finite
difference with a uniform mesh.

4.3. Convergence

With all the results, we revisit the composite convergence rate with the following Corollary.

Corollary 4.5. Suppose P and R are defined in (19) and (20), respectively. If the coarse
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correction step (Alh,k in (16) is taken with vy, , = 1, then

/L 3 Mpw?E?
||Xh,k;+1 — X’%*” < ?h min max |w//(y)|4N3/2 + gz S ||Xh7k: - Xh,*| 2a

h we}—i\;:kl*xh,* yel0,1] h
9 Ly, th2£2 9
< AN3/2 %HA(XW — X[ + Tuhﬂxh,k = Xp
where A is defined in Lemma 4.4. Note that My, Ly, and uy, are defined in Assumption 2.1,
w = max{[|P|, |[R[|}, and & = |[P*].
Proof.
I%h k1 = xpall < (1= PVE fr] "RV fiill|(T— PR)(xpk — Xp0) |
th2£2
+27||Xh,k — xnll?)
[tk
L . 3 Mpw?€?
< =h min max |w” (y)| 573 T nes |Xn.k — Xn x| 2
b weFN "1 yE[0.1] 4N3/ 24,
9 Ly, th2£2 9
< AN3/2 EHA(X}IJC _Xh,*)H + W"Xh,k _Xh,*H s
as required. O

Corollary 4.5 provides the convergence of using Newton-type multilevel model for PDE-
based problems that we considered. This result shows the complementary of fine correction step
and coarse correction step. Suppose the fine correction step can effectively reduce || A(xp  —
Xp.)|» then the coarse correction step could yield major reduction based on the result shown
in Corollary 4.5.

5. Numerical Experiments
In this section, we verify our convergence results with a numerical example. This example
satisfies the assumptions of Section 4, and it is an one-dimensional Poisson’s equation, which

is a standard example in numerical analysis and multigrid algorithms. In the second part of
this section, we will compare NeMO with other algorithms.

5.1. Poisson’s Equation

We consider an one-dimensional Poisson’s equation
~Su=w(g) in [0,1], u(0)=u(1)=0,

where w(q) is chosen as

w(q) = sin(4mq) + 8sin(327q) + 16 sin(647q).
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Figure 3.: Convergence of solving Poisson’s Figure 4.: The smoothing effect with different
equation with different N’s N’s

We discretize the above problem and denote x,b € R¥~! | where (x); = u(i/N) and
(b); = w(i/N),fori =1,2,..., N — 1. By using finite difference, we approximate the above
equation with

1
min —x! Ax — bTX7 24)
xE€RN-1 2

where A is defined as in Lemma 4.4, which is a discretized Laplacian operator.

Figure 3 shows the convergence results of solving (24) with different N’s. In this example
we use the prolongation and restriction operators that are defined in (19) and (20). Steepest
descent is used to compute the fine correction step. The pink stars in Figure 3 and Figure 4
indicate where coarse correction steps were used.

As expected from Corollary 4.5, the performance of convergence is inversely proportional to
the discretization level N. More interestingly, one can see the complementary of fine correction
step and coarse correction step. From Figure 3, fine correction steps are often deployed after
coarse correction steps. Each pair of fine and coarse correction steps provides significant
improvement in convergence. Figure 4 shows the smoothing effect of the fine correction step
by looking at the quantity || A (xp, ; — Xp )|/, where A is the discretized Laplacian operator, as
defined in Lemma 4.4. As opposed to coarse correction steps, fine correction steps are effective
in reducing ||A(xj 1 — Xp4)||. Once the error is smoothed, coarse correction steps provide
large reduction in error, as shown in Figure 3.

5.2. Numerical Performance

Algorithm 1 offers great flexibility with respect to the choice of its various components, such as
the interpolation operator, fine-level smoother, linear solver, etc. In our numerical experiments,
we have used two variants:

Al.1. The fine-level smoother is the damped Newton method with Armijo line search. Linear
systems

Hyd = —g,

arising in the Newton method are solved by a direct solver, namely, by the Matlab’s
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backslash operator.

A1.2. The smoother is the Newton method as in Al.1. However, assuming that we have an
interpolation and a restriction operators P and R at our disposal, we can use it to solve
the fine-level linear equation

Hyd = —g,

by a two-grid method with Hy = RH,P.
We will compare the above two methods with the MG/OPT algorithm [19]

A1.3. Asin Al.l but with the coarse level matrix Hy being the exact Hessian of the coarse
level problem.

Al.4. Asin Al.2 but with the coarse level matrix Hy being the exact Hessian of the coarse
level problem.

Further details common to all the above variants:

e Linear systems on the coarse level were solved by a direct method (Matlab backslahs
operator).
e Initial point: Set as in Matlab as

rng (' default’);
x = 5.xrandn(n,1);

We did not use the obvious choice x = 0, as this is, for most examples, too close to the
region of quadratic convergence of the Newton method. We wanted to see the effect of
NeMO when most of the iterations lie outside this region.

e Stopping tolerance: Assuming that we minimize a function f; Algorithm 1 has been
stopped when ||V f(x)|| < gtop, With egop = 10~ unless specified otherwise.

nH
e The control parameters « and € have been chosen as kK = — and € = 0.1, unless

n
specified otherwise. (Here n;, and ny is the number of variab}ies on the fine and the
coarse level, respectively.)

e The parameter of the standard Armijo line search is set to 0.01.

e In Algorithms A1.2 and A1.4, the fine level multigrid method was stopped as soon as
the scaled residuum of the Newton equation was below 0.1.

In all examples, matrix A is the discretized two-dimensional Laplace operator. The dis-
cretization was performed on a square domain using the finite difference method and we
considered homogeneous Dirichlet boundary conditions. When defining the levels, we started
with an initial 3 x 3 grid as “level 1”. Each next level used regular refinement doubling the
number of discretization points in each coordinate. Hence “level 2 corresponds to 5 x 5 and
the corresponding matrix A € R*? (after elimination of the boundary points)

8§ -1 0 -1 -1 0 0 O
-1 8§ -1 -1 -1 -1 0 O
o -1 8 0 -1 -1 0 O
-1 -1 0 8 -1 0 -1 -1
-1 -1 -1 -1 8 -1 -1 -1 -1
o -1 -1 0 -1 8 0 -1 -1
o o0 o0 -1 -1 0 8 -1 0
o o o0 -1 -1 -1 -1 8 -1
o o0 o0 o0 -1 -1 0 -1 8

o O OO

W =
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We use up to ten discterization levels with “level 10” corresponding to a problem with
1050625 x 1050625 matrix A, i.e., a problem with 1050625 variables.

The interpolation operators P = P,f“ from level & to level k+1 are based on the nine-point
1

interpolation scheme defined by the stencil . We use the full weighting restriction

N TN
P L e

2
1
1
2
operators defined by R = %(PIfH)T; see, e.g., [11]. The interpolation operator between levels

k and k + pis defined by P = P:j:;’fl P,fi;’:; e P,f“ and analogously for the restriction
operator R.

5.2.0.1. Example 1. Minimize the following function

1 n
f(z) = ixTAx + hA Z(xzex — ) —blx
i=1

where A = 10 and h = 1/(n + 1). Here A is a matrix resulting from discretization of the
Laplacian operator on a regular finite element mesh, using bilinear quadrilateral elements and
b is the discretization of function

b(xy,x2) = (9772 + @it sin(3me2) (22 _ 43y 4 Gy — 2) sin(37x1)

on the same mesh.

Table 1 gives results obtained by NeMO variant Al.1 with a direct solver on all levels.
In this (and the next) table the columns show the coarse level used (with O being the finest
level); number of variables in the coarse level; total number of NeMO iterations; number of
NeMO iteration on the fine level (i.e., number of times the fine level Newton equation has
been solved); total CPU time on a MacBook Pro with 2.3 GHz Intel Core i5 processor running
Matlab 2017b.

The first row of Table 1 shows results with coarse level zero, i.e., for the standard damped
Newton metod on the fine level. Hence we compare this line with the remaining NeMO results.
Indeed, once we consider coarse level 2 and more, NeMO is substantially faster than the
Newton method, in terms of the CPU time. For instance, for coarse level 2, we only have
to visit the fine level in 5 iteration, the “rest of the work”™ is performed on the coarse level.
Figure 5 shows the iteration history of NeMO with coarse level 2: most of the initial iteration
are performed on the coarse level, while the final iterations are done on the fine level

Table 1.: Example 1, Algorithm A1.1 with direct solver on both levels

coarse level coarse variables total iter fine iter CPU time

0 1046529 20 20 88.1
1 261 121 23 6 42.4
2 65025 25 5 353
3 16129 30 6 37.9
4 3969 36 8 47.1
5 961 47 11 60.6

29



Figure 5.: Example 1, levels visited in every iteration; 1 stands for the coarse level and 2 for
the fine level.

Table 1 confirms the advantage of NeMO as compared to the Newton method. However,
assuming that we have an interpolation and a restriction operators P and R at our disposal,
we can use it to solve the fine-level linear equation H;,d = —gj, by a two-grid method with
Hy = RH;,P. Table 2 shows the result with this version of NeMO. In addition to the columns
presented in Table 1, we also give the total number of two-grid iterations on the fine level
(column “mg iter”). As before, we first solve the problem using only the fine level (coarse level
0); the method then becomes equivalent to the standard nonlinear (Newton) multigrid method.
The first three rows of Table 2 show results with this method using coarse levels 1, 2 and 3
for the two-grid method. As we can see, this method is much more efficient then the Newton
method with a direct solver (first row of Table 1 ). In the next rows of Table 2 we combine
NeMO with the two-grid method for the linear equations on the fine level. As we can see, the
advantage of NeMO to the nonlinear multigrid method is not so obvious in this case. NeMO
with coarse level 3 is still the fastest method but only just.

Table 2.: Example 1 Algorithm A1.2 with two-grid solver on fine level

coarse level coarse level coarse level total iter fineiter mgiter CPU time
for NeMO for mg variables

0 1 1046529 20 20 20 37.5
0 2 1046529 20 20 22 27.9
0 3 1046529 21 21 33 29.8
1 2 261121 25 8 26 43.6
2 2 65025 31 10 19 31.8
3 2 16129 30 9 11 26.2
4 2 3969 33 10 12 28.3
5 2 961 48 12 14 36.8

Finally, to have a complete overview, we give in Table 3 results for the MG/OPT method
[19, 25] when the coarse level matrix for the linear system is computed as an exact Hessian
of the objective function discretized on the coarse level. Again, the fine level linear system
is either solved by a direct method (first part of Table 3) or by the two-grid method as above.
One can see that using the two-grid solver would be slightly beneficial when the number of
coarse level variables is small.
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Table 3.: Example 1, two-level MG/OPT with direct solver on the fine level (Algorithm A1.3)
and with a two-grid solver on the fine level (Algorithm A1.4)

fine level coarse level coarse level total iter fineiter mgiter CPU time
solver  for MG/OPT variables

direct 1 261121 14 5 - 30.3
2 65025 21 6 - 32.7

3 16129 28 7 - 37.8

4 3969 33 9 - 47.1

5 961 28 12 - 51.6

mg 1 261121 19 6 23 37.1
2 65025 28 8 25 35.8

3 16129 36 10 12 29.1

4 3969 41 10 12 31.0

5 961 29 12 14 24.1

6. Comments and Perspectives

In this paper we analyzed a Newton-type multilevel optimization (NeMO) algorithm. We
argued that the appropriate convergence rate for this multilevel algorithm should be composite
i.e. it should have both a linear and quadratic component. We then studied the linear component
of the composite rate, and we showed how the hierarchical structure of the model could be
used to improve it. To our knowledge, this is the first time a connection between the hierarchal
structure of the model and the rate of convergence of a multilevel optimization algorithm
has been made. The results presented in this paper can be generalized and refined. The local
composite rate of convergence when solving PDE-based optimization can be extended to cases
beyond one-dimensional problems or uniform discretization. These extensions would require
more careful analysis, but the general approach presented in Section 4 can be applied.
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