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AMG BY ELEMENT AGGLOMERATION AND CONSTRAINED
ENERGY MINIMIZATION INTERPOLATION

TZANIO V. KOLEV AND PANAYOT S. VASSILEVSKI

ABSTRACT. This paper studies AMG (algebraic multigrid) methods that utilize en-
ergy minimization construction of the interpolation matrices locally, in the setting of
element agglomeration AMG. The coarsening in element agglomeration AMG is done
by agglomerating fine-grid elements, with coarse element matrices defined by a local
Galerkin procedure applied to the matrix assembled from the individual fine-grid ele-
ment matrices. This local Galerkin procedure involves only the coarse basis restricted
to the agglomerated element. To construct the coarse basis, one exploits previously
proposed constraint energy minimization procedures now applied to the local matrix.
The constraints are that a given set of vectors should be interpolated exactly, not only
globally, but also locally on every agglomerated element. The paper provides algorith-
mic details, as well as a convergence result based on a “local-to-global” energy bound
of the resulting multiple-vector fitting AMG interpolation mappings. A particular im-
plementation of the method is illustrated with a set of numerical experiments.

1. AMGE BACKGROUND

Element based AMG methods (or AMGe for short), were proposed in [2], [10], [5], [6],
see also [15]. The AMGe methods have the advantage that they can assess the quality of
their interpolation mappings by proving global estimates on the basis of easily ensured
in practice local estimates. A possible disadvantage of this class of methods is their
somewhat costly setup, both in terms of time and storage, since one has to assemble
local matrices and create coarse element matrices at every coarsening step. For difficult
finite element problems, such as anisotropic problems with anisotropy that is not grid
aligned, or thin-body elasticity, AMGe seem to be the only currently available method
that has the potential to be scalable (cf., [6]). The version of the AMGe method that
we study in the present paper seems to give satisfactory convergence and complexity
results for higher order elements (quadratics and cubics) and the high setup cost can be
justified if the constructed hierarchy of matrices is used for a sequence of problems.

The paper proposes a combination of the “vector preserving” construction of inter-
polation matrices introduced in [18] (see also [17]) and its additive Schwarz version in
[20], with the element agglomeration used previously. More specifically, we apply the
method of [20] locally, on every agglomerated element E to construct a local interpo-
lation matrix Pg that fits the restriction of a given vector. If several vectors need to
be fitted, one uses the multiple vector interpolation procedure proposed in [16] (again
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locally). Then, a global interpolation matrix P is constructed from the local ones, by
proper averaging based on partition of unity. The averaging procedure guarantees that
the global P will also fit the given vector(s). We analyze the energy boundedness of P
and prove that local bounds on Pg imply a global estimate. This yields the two-grid
convergence of the resulting method. Details are found in Section 3. Even though it
is not discussed in the present paper, another important feature of the method is that
it can be used adaptively, in the framework proposed in [4], [3]. This is possible due
to the algorithm from [16] which allows one to update a given P by hierarchically ex-
tending the previous coarse space, such that it interpolates a new adaptively computed
“algebraically smooth” vector. The remainder of the paper is structured as follows. In
Section 2, we describe the energy minimization interpolation procedure and provide an
algorithm to generate a global interpolation matrix from local ones. In the following
Section 3, we provide an estimate characterizing the global energy boundedness of the
interpolation operator assuming natural local energy bounds. We also comment on the
case of multiple vector interpolation. The final section contains a number of numerical
tests, including ones assessing the convergence properties of our implementation of the
method.

2. CONSTRAINED ENERGY MINIMIZATION INTERPOLATION

Consider a given (fine-grid) linear system with a symmetric and positive definite
(s.p.d.) matrix A. Let N/ denote the set of row indices of A (also called fine-grid degrees
of freedom, or dofs). Let {E}, the set of agglomerated elements, form an overlapping
partition of . For any vector v we denote its restriction to £ by vg. We assume that
A is assembled from local matrices Ag in the sense that for any fine-grid vectors v and

w,

VTAW:E VEAEWE.
E

Let N. C N be a given set of coarse degrees of freedom (or coarse-grid dofs). The
main task in AMG is the construction of the interpolation operator P, which maps a
coarse-grid vector to a fine-grid one.

In this section, we review the constrained energy minimization interpolation algorithm
originating in [18] (see also [17]) in the form studied in [20]. The difference, in our case,
is that we use it locally, namely, for every agglomerated element E and respective local
stiffness matrix Ag we construct a local interpolation matrix Pr. The global P will
then be obtained from these local matrices by proper averaging at the shared dofs, as
explained in Section 3. To construct P (and Pg) we first have to select the coarse dofs
N, and also specify the sparsity pattern, or support Q; C N, of each column v;, i € N.
of the global P. In AMGe it is natural to define the support €2; of 1), to be covered by
the union N; of all agglomerated elements that share the coarse dof 7. One excludes from
Q); all other coarse dofs as well as fine dofs that belong to agglomerated elements outside
of NV;. Once the support €; is defined, its restriction, Qg 4, to each E is also determined.
For a simple illustration, see Figure 3 in Section 4. The procedure to determine Pgr and
hence P, utilizes an a priori given vector e. More specifically, the local interpolation
matrix is the solution of the following problem:
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Find Pr = (Y ;)ien.ne, Where each v ; is supported in Qg ;, with minimal energy,
l.e.

(2.1) Z Y5 Aptpp ; — min,

iENNE

subject to the constraint that for some {g;}

(2.2) Z gi sz =€g.

iENNE

Each 1, is normalized, so that its 7th entry equals one. Therefore, the coefficient g;
above equals the ith entry of e (due to the proper choice on the support of ;).

We next describe the additive Schwarz based algorithm from [20] applied to each E
and Ap. Let I ; be the extension by zero of a vector defined on {2z ; to a vector de-
fined on E. Then the ith Schwarz block is defined as T, ; = I, (IgiAE]E?i)_l If -
To build a Pg such that Pre. = ep, where e, = eg] Nong One proceeds as follows.
Let Tp = Y. g7 Tg,;. Then, ¥y, = g1, iTgleE defines the ith column of Pg.

1ENNE

The vector xp = Tp'er is computed by the preconditioned CG method applied to

Texp = e with a simple diagonal preconditioner D = Y.  ¢?Ip, Z-Dg}l.l}g ;, Where
iENNE

Dg ; = diag (1}5 Z-AEIEJ-). It is readily seen (by a local analysis) that Dg is a spec-

trally equivalent preconditioner to Tg. Thus, only few PCG iterations are needed to

compute Xz = Tp'ep. At any rate, since we are dealing with matrices of small

size the latter spectral equivalence is not a major issue here. By construction then,

Pge. = > g%y ; = ep. The fact that the resulting Py leads to a PjAgPp with

ieENNE

minimal trace is proved in [20]. For practical purposes, Gauss-Seidel iterations can be

used to evaluate (approximately) the actions of (I,Z; Arlp, i)_l. We have to comment

that even tough Ag can be only semi-definite, the principal submatrices I£ Agrlp, ; can

be assumed invertible. The latter can be achieved if the set N, N E is sufficiently rich

noting that Iz ; has zero rows corresponding to £ N (N \ {i}).

At this point, we stress upon the fact that the local constrained minimization problem
(2.1)-(2.2), gives a mapping PgRg with minimal Ag-trace norm. Here Rp is the restric-
tion of fine-grid vectors v to N.N E. Assuming that the size of each E is bounded, and
since all norms in finite dimensional vector space are equivalent, one may expect that
the thus computed Pg will be small in other norms as well. In particular, we assume
throughout the rest of the paper the following local estimate, for any vector vg

(23) Vg([ — PERE)TAE([ — PERE)VE § NE VEAEVE,

with a reasonable constant ng > 1. Note that, if vg is in the nullspace of Ag, the latter
estimate implies that Pr must interpolate that vector exactly, i.e., vp = PpRgvg. We
address this property further in Section 3.2.

3. FROM LOCAL TO GLOBAL ESTIMATES

In this section, we derive energy norm bounds for projections () = PR, where P is an
interpolation and R is a restriction mapping with RP = I.



4 TZANIO V. KOLEV AND PANAYOT S. VASSILEVSKI

3.1. A general local to global norm bound. Recall that we are given a set of coarse
degrees of freedom (or coarse-grid dofs) N.. We view N, as a subset of N. We have
vectors (or grid functions) defined on N (fine-grid vectors) and vectors defined on N,
(coarse-grid vectors). Let n = |[N| and n. = |N,|, with n. < n, be the respective
size (cardinality) of A and N.. The space of coarse-grid vectors is identified with R"
and, similarly, the fine-grid vectors are identified with R™. We have global mappings
R: R"+— R"™ and P : R" — R". Respectively, there are local mappings Rr and
Pg, such that Rp restricts a local fine-grid vector defined on E to a local (coarse-grid)
vector defined on E N N, whereas the local interpolation mapping Pr interpolates a
local coarse vector defined on E NN, to a vector defined on E. The specific form of all
mappings involved will be given later on.

We assume that for another s.p.d. matrix M, which can be assembled from {Mg}
in the same way as A, there is a stable local procedure that defines Pg such that for a
mapping Rg : RgPgr = I, one has the bound,

(31) (VE — PEREVE)T ME (VE — PEREVE> S NE VEAEVEa

for any vg € R". We comment that Mg may equal Ag.

Note that, in general, Py may not agree on dofs that are shared by more than one
subdomain E. That is why we need a partition of unity non—negative diagonal weight
matrices D = (dp, ;)icp, which are defined for vectors restricted to E. Let also I be
the matrix representing extension by zero outside of E. It is clear that vy = ILv and
M => IgM Efg. Note that we have also assumed that the row indices of Pr are in E.

E

Partition of unity means that

> IpDplf =1
E

In other words, > dg ; =1 for every dof i. To be specific, we will choose
E:icFE
e
> Mgl

E':icFE'

Let I be the extension by zero of coarse vectors defined on E NN, to a vector defined
on N,. Therefore, (1) restricts a coarse vector defined on N, to a coarse vector defined
on ENN.. The following matrix definitions are then in place:

e[ - (2]

and

o= [3] 0 me 3] 5

Finally, we assume the following form of Pg,

(3.3) PE:[H {5(\%
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With the help of the partition of unity diagonal matrices we are in a position to define
a global P as follows,

(3.4) P=>" IgDpPy(I})".

The global Q = PR takes the form
Q=Y IpDpPyRyl}.
E

The latter holds since RplL = (I5)TR. One can also see that RP = I, that is, Q is a
projection.
Assuming that Pg, or rather Qg = PgRpg, are bounded in the Mg-energy norm in

terms of Ag as in (3.1), we would like to prove a similar M-energy bound for the global
P

One has, v— Qv =5 IgDg(I — PpRg)ILv. Hence, letting wg = (I — PpRg)ILv,
E
one gets

vII-QMI-Q)v =(I-Q)wv)" M % IgDp(I — PgRp)ILv

IN

(U= Qv MU - @)’ |

T
E E E

Assume now the estimate (cf. [11] for a different application) to be verified in what
follows

> Mg X IeDewelliy
(3.5) sup - -

(wg) > W§MEWE o

(36) <K Y (I — PuRp)IEv)" Mg(I — PgRp)IEv
. E
S K Z Ne VTIEAE[gV
E
<K (mgx nE> vl Av.

Assuming the specific form (3.2) of the weight matrices, next we show how to estimate
K in (3.5). Let w; stand for the ith entry of w. One has

175 %IEDEWEII?WE, < Mgl 115 %]EDEWEW

ﬂ%wz(z@wf

icE'’ \E:ick
2
=z(znmw@m)
icE’ \E:ick
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Therefore,

2
X Y tebswalt, <zz(z nMEfuédE,iwi) |

E' icE \E:i€E
Since ||]\4E/||dEZ < |Mg|| fori € ENE and Y. dg; = 1, using Cauchy-Schwarz
E:icE
inequality, we get

2
1
SIS IeDewelf, (S Il (. ]
E /

<> X
E' icE E: ek

<Y X X IMellw} X dp,
E icE E:icelE E:ieE

=2 > > |IMp|w}

El

icE E:icE

=33 3 Cond(Mg)Apnin(Mg) w?

E' icE E:ick

maxCond(ME) S Amin(MEg) w?
1)

< ma XCond(ME) S wiMpwg.
B

Thus, K <k max Cond(Mg) where k > 1 is the maximum number of subdomains that

share a given dof, and Cond(Mg) = Anae(MEg)/Amin(Mg) denotes the condition number
of Mg. In summary, one has the following main result.

Theorem 3.1. Define the global P on the basis of the local ones, Pg, and the set of
weighted matrices {Dg} given in (3.2). Assume the local estimates (3.1). Finally, let
k > 1 be the mazximal number of subdomains E that contain a given dof. Then, the
following global norm bound holds:

vII—Q)"M(I - Q)v <k max Cond(Mg) <m3x 77E> vl Av.

The above theorem makes sense only if Mg are non-singular. In particular, the fol-
lowing corollary holds (cf., [7]).

Corollary 3.1. Let M be well-conditioned, for ezample, M be the diagonal of A, hence
Mg, is the diagonal of Ag. Then the local estimates (3.1) imply the global estimate
in Theorem 8.1, which in turn shows that A is spectrally equivalent to M in the sub-
space Range(I — Q). The latter space is complementary to the coarse space. Hence,
the two-grid method based on P and a smoother M (after proper scaling, such that
vIAv < vITMv) is optimally convergent with a convergence factor bounded by 1 — %,

where n = K max Cond(Mg) <mEax nE> 15 the constant in the global norm estimate of
@ wn Theorem 3.1.

3.2. Energy norm bounds. The results of the previous subsection were formulated
for arbitrary M, but in practice, we are mostly interested in the case M = A, when the

estimate (3.1) coincides with our assumption (2.3). Since we allow the matrices Ag to
be singular, the assumption (3.5) is modified to read:

E' E E
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for any wg not in the nullspace of Ag. With this modification, we can extend the
“local-to-global” energy norm estimate as follows.

Theorem 3.2. Define the global P on the basis of the local ones, Pg, and the set of
weighted matrices {Dg} given in (3.2) (with Mg = Ag). Assume the local estimates
(2.3), and in particular assume that vg = PpRpvg for any v in the nullspace of Ag.
Finally, let k > 1 be the mazimal number of subdomains E that contain a given dof.
Then, the following global norm bound holds,

vI(I = Q)TA(I — Q)v < k max Amar ()

2 m (m}gx UE) viAv

where Amax<AE) and >‘r—~7_nn
Of AE .

Proof. First, note that, for {Dg} given by (3.2), (3.7) can be obtained in the same
manner as (3.5), with a constant K < K max (Amaz(AE) /AL (Ag)). The rest of the

(Ag) denote the largest and the smallest nonzero eigenvalues

proof proceeds as in Theorem 3.1, taking into account that wg = (I — PpRg)ILv is not
in the nullspace of Ag. O

The energy norm boundedness of PR guarantees a two-grid convergence of AMG
based on P and an appropriate smoother. The following result follows from Theorem
5.1 in [8].

Corollary 3.2. Under the assumptions of Theorem 3.2, the two-grid AMG method
based on P and Richardson smoother, for example, has a convergence factor bounded by
1— %%, where Ay is the submatriz of A corresponding to fine degrees of freedom
)\"L(I,‘L(AE)

not present on the coarse grid, and n = k max =%
E  Amin(AB)

Max .

The rest of this subsection deals with the practical construction of interpolation which
fits the null-vectors of Ap exactly. One way to do this is to first coarsen the nullspace
and then proceed with the rest of the interpolation.

Specifically, let Py g be local interpolation matrices (having the form (3.3)) with
columns forming a basis for the nullspace of Ag. This gives an initial coarse grid N?
together with the restriction mapping Ry, g and the projection Qo g = Fo, o, g- Let
Pr be standard interpolation matrices, that are defined on a complementary coarse grid
N.. The resulting composite grid NV, equals N? UN, and we assume that N, " N? = §.
It is natural to assume that for every E, Ry pPr = 0. In particular, we assume that Pg
have zero rows corresponding to the set N7 (viewed as a subset of the fine-grid dofs).

Define the composite interpolation

FE:[PO,Ea PE])

and the composite restriction mapping

Then, the following simple identity holds:
(3.8) I — PpRp= (I — PgRp)(I — Py, gRo, ).
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Therefore, the composite interpolation will satisfy vgp = PrRpvg f(£ any vg in the
nullspace of Ag, as needed in the local estimate (2.3). Furthermore, @ = PpRg is a
projection, as seen below,

RpPp = Re(I — P}) eRo. £) } [Po, 5, Pl
RO EP() E RO, EPE

I Rp(I — Py, pRo, )P0, e Re(I — Py, pRo, £)Pr

Ro gPo,g 0 }

0 RpPg

[ro
10 I } '
We used the fact that Ry gFPo, g = I, RePr =1 and Ry, gPg = 0.

Now, let @ be the global mapping defined using the partition of unity diagonal matrices
as in (3.4). The conclusion of Theorem 3.2 is that

I = Qp)velli, < ns Ivel,
implies
I(7 = Qv < n vl
where 7 depends only on local quantities (ng and the spectrum of Ag).

The subdomain-by-subdomain construction of F is not always as straightforward. In
the setting of element agglomeration AMGe (subdomains being agglomerated elements)
algorithms to build such an initial F, that handles the nullspace components of Ag are
found in [10] and [6]. If the nullspace components are given (the constant vector for

Laplace-like problems or the rigid body modes for elasticity equations), one can use the
multiple vector interpolation procedure of [16] in the local setting of Section 2.

4. NUMERICAL EXPERIMENTS

In this section, we consider a specific implementation of the proposed AMGe interpo-
lation algorithm and discuss its numerical performance.

The solver is designed for unstructured finite element problems in 3D. It requires
the finite element topology, i.e., the table element_dof (describing the set {E}) and the
matrices Ag, as well as one, or few, vectors that are to be interpolated exactly on the
coarser grids. Those vectors can be nullspace components of the local stiffness matrices
or can be the representations, in the finite element basis, of some “smooth” functions.
For example, if a second order elliptic equation is to be solved with linear finite elements,
one can provide the constant vector as an input. Similarly, the six rigid body modes can
be prescribed for elasticity problems.

Given an initial finite element topology and some vectors to be interpolated, the setup
phase proceeds as follows:

(1) Based on the element_element connectivity (which, for example, can be computed
from the element_dof table, see [15]), perform one step of element agglomeration,
i.e., form the table AE_element.

(2) Choose the new coarse grid dofs and compute the local interpolation matrices
Pg.
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(3) Generate the coarse-grid finite element topology using a variational procedure
(i.e. the coarse-grid matrices are computed as PL ApPg). Compute the coarse
vectors that are to be interpolated exactly on the next step.

(4) If the so constructed coarse grid is small enough, stop. Otherwise, use it as an
input to generate the next coarse level.

The solution algorithm is then AMG, based on the global P (defined by (3.4)) and
the variationally computed global coarse-grid matrices. We used two smoothers in the
test runs: Gauss-Seidel and a multiplicative overlapping Schwarz with domains defined
by the coarse elements.

The agglomeration step above is a graph partitioning problem which can be solved
with tools such as METIS and its parallel version ParMETIS, see [12]. There are other
techniques, some of which are specifically designed for AMGe settings such as Algorithm
4.1 in [10]. For a survey of different AMGe coarsening strategies, see [19]. An example
of a “nice” sequence of coarse elements in three dimensions is shown in Figure 1.

F1GURE 1. Four levels of element agglomeration with coarsening factor 8.

Note that the element agglomeration step can be completely decoupled from the rest
of the setup, since the coarse grid element connectivity can be simply computed as the
following Boolean matrix product:

AE_AE = AE_element x element_element x (AE_element)’.

The main part of the setup process is step (2), which itself consists of three steps:
choosing the coarse grid (the columns of Pg), defining the sparsity pattern of Pg and
computing its actual entries. Here we use partitioning of the fine—grid dofs into groups
(referred to as minimal intersection sets in [16]). These groups form a non-overlapping
partition of the fine—grid dofs. They are uniquely determined after the set of the ag-
glomerated elements in terms of the table AE_element has been constructed. Basically,
all dofs within a group belong to the same set of agglomerated elements. For an illus-
tration of this concept see Figure 2 (center). If a vector e is to be interpolated exactly,
the coarse grid is chosen (or updated) by bringing one dof per group to the coarse level,
namely, the dof in the group where |e| is maximized (locally over the dofs in the group).
This is illustrated in Figure 2. The sparsity patterns of Pgr are then given by the sets
Qg ;, representing the element topology as discussed in Section 2. See Figure 3 for an
example. Finally, the constrained energy minimization algorithm is used to determine
the actual entries of Pg.
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. (p ) (@—e—eo—9

@ & Q

FIGURE 2. Fine elements with fine degrees of freedom to be agglomer-
ated into one coarse element (left). Groups of degrees of freedom in the
agglomerated element (center). Coarse degrees of freedom in each group
(right).

S ( s —————y

FIGURE 3. The restriction (to the given coarse element) of the support,
(g 4, corresponding to the highlighted coarse degrees of freedom.

When more than one vector needs to be interpolated, we use the multiple vector
preserving interpolation algorithm from [16]. For example, all linear functions can be
brought to the coarse grid, as shown in Figure 4.

In the rest of this section, we consider numerical examples involving various PDE
models, discretizations and “smooth” functions. We use an initial parallel version of the
algorithm, mainly to illustrate the convergence behavior on larger problems. Making
this parallel code scalable (especially in the setup phase) is a separate and ongoing
effort. In each test case we list the number of processors used np, the global size of the
linear system N, the commonly reported grid and operator complexities grid and op,
the number of PCG iterations n; needed to reduce the residual norm by six orders of
magnitude, and the average convergence factor p.

The grid and operator complexities are standard measures for the quality of the coars-
ening in AMG. The former is defined as the ratio of the sum of the number of nonzero
entries in the operator on all levels to the number of nonzero entries on the finest level.
The latter is the sum of the grid sizes on all levels divided by the size of the finest grid.

The goal of the current paper is to demonstrate that the proposed AMGe algorithm
can be a spectrally equivalent preconditioner to complicated problems, such as higher
order discretizations. That is why we concentrate on the above quantities whereas the
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FIGURE 4. Coarse elements after two agglomeration steps (top left), to-
gether with the level surfaces corresponding to the representations of the
functions 1, x, y and z in one of them.

time for setup and solution is given as an information. In the current implementation
the setup is not optimized and there is room for improvement.
Our first example problem is the Laplace equation

(4.1) -V - (a(z)Vu) = f

posed on the unit cube with zero Dirichlet boundary conditions and a = 1. We consider
the linear system obtained from discretization with linear finite elements on a tetrahedral
grid and solve it with PCG using the proposed constrained minimization AMGe as a
preconditioner. The smoother is two sweeps of a parallel version of Gauss-Seidel with
minres-type scaling, and the initial smooth function is the constant one. We used a
coarsening factor of 8.

Since the coarse grid selection algorithm for dofs located in the vertices of the mesh
leads to very large coarse grids, in this particular example, we ignored all groups associ-
ated with faces and element interiors. This leads, see Table 1, to operator complexities
that are comparable with many coarsening schemes from classical AMG, cf. [9]. The
number of iterations appears to be bounded, as predicted by the theory from the previous
sections.

Table 1 also lists the times (in seconds) to setup and solve the problem on our test
machine, having 2.4GHz Xeon processors. For this problem, both times show a slight
and reasonable growth when the problem size is increased, while the size per processor
is kept approximately the same.
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o | setup | solve
0.01| 144 | 1.62
0.03 | 16.1 | 1.95
0.04 | 20.5 | 2.61
0.05| 22.9 | 2.76
0.08 | 29.8 | 3.67
0.12 | 35.3 | 4.15
0.12 | 39.2 | 441

np N | grid| op
2 35937 | 2.30 | 5.24
4 68705 | 2.11 | 4.85
8 145505 | 2.06 | 5.15
16 | 320705 | 1.96 | 4.63
32 | 536769 | 2.32 | 4.94
64 | 1089729 | 2.15 | 5.02
128 | 2625921 | 1.87 | 4.47

NN o oot ol S

TABLE 1. Numerical results for the Laplace problem on the unit cube
discretized with linear finite elements. Reduced coarse grid by ignoring
face and element groups.

We next consider a discretization of the same problem using cubic finite elements.
Owing to the large size of the maximal intersection sets, we get very small grid and
operator complexities, as seen in Table 2. This is in contrast to classical AMG methods,
where such good complexities can be achieved only with a strength threshold very close
to 1.

np N | grid | op | setup
1 29449 | 1.22 | 1.35 | 22.3
2 60361 | 1.27 | 1.48 | 32.4

4 117649 | 1.24 | 1.37 | 28.1
8 228241 | 1.26 | 1.45 | 384
16 468625 | 1.29 | 1.51 | 48.1
32 912673 | 1.26 | 1.41 | 44.9
64 | 1797409 | 1.28 | 1.49 | 57.2
128 | 3692833 | 1.30 | 1.50 | 68.5
256 | 7189057 | 1.26 | 1.41 | 78.0
512 | 14266945 | 1.29 | 1.52 | 111.

TABLE 2. Grid, operator complexities and setup times for the Laplace
problem on the unit cube, discretized with cubic finite elements.

Next, we compare two different smoother options. The first is the smoother from the
previous example, while the second is a parallel Gauss-Seidel with coloring. The results
in Table 3 show that Gauss-Seidel with coloring leads to better and stable number of
iterations, but the increase in the number of colors needed results in worse total run
times.

Finally, in Table 4, we illustrate the influence of varying the agglomeration algorithm
on the same problem with an added mass term and no boundary conditions. We compare
our default option—coarsening in each processor using METIS followed by processor
agglomeration with ParMETIS, with two approaches similar to the bottom-up and the
“rgb” methods from [19]. All methods result in solvers with comparable convergence
properties, which suggests that the quality of the agglomeration may not be crucial. Note
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np Ning| o |solve|nyg| o |solve
1 29449 || 6 | 0.07| 2.5 71011 2.9
2 60361 | 7 |0.12| 4.8 6 [0.09] 7.2
4 117649 || 7 [ 0.13 | 4.8 6 [0.09] 12.0
8 228241 || 8 [0.17| 5.9 7 10.12| 18.1
16 468625 || 9 [0.19] 7.0 7 10.13| 25.8
32 912673 || 8 | 0.17| 6.8 7 10.13| 27.8
64 | 1797409 || 10 | 0.22 | 8.6 8 [0.15 | 43.7
128 | 3692833 || 10 [ 0.24 | 10.3 || 8 [ 0.17| 63.3
256 | 7189057 | 11 |1 0.28 | 11.6 || 9 |0.18 | 74.6
512 | 14266945 || 13 | 0.33 | 15.4 || 9 | 0.20 | 104.

TABLE 3. Solve times for the Laplace problem on the unit cube discretized
with cubic finite elements, using Gauss-Seidel with minres scaling (left
columns) and Gauss-Seidel with coloring (right columns) smoothers.

that, while we can specify the coarsening factor (8) in METIS, the other agglomerations
have smaller initial coarsening factors (around 6), which explain why their complexities
are worse for this particular example.

np N || grid| op | setup || grid| op |setup | grid| op | setup
1 29449 | 1.22 [ 1.35 | 22.2 || 1.31 | 1.51| 25.6 || 1.27 | 1.57 | 43.5
2 60361 || 1.27 | 1.47 | 32.5 || 1.31 | 1.51 | 28.1 || 1.26 | 1.45 | 52.8
4 117649 | 1.24 | 1.37 | 28.2 || 1.34|1.60| 35.2 || 1.33 | 1.59 | 56.9
8 228241 || 1.26 | 1.45| 38.6 || 1.34 [ 1.60 | 41.1 || 1.32 | 1.63 | 86.1
16 | 468625 || 1.29 | 1.51 | 48.2 || 1.34 | 1.58 | 48.7 | 1.28 | 1.49 | 94.8
32 | 912673 | 1.26 | 1.41| 45.3 || 1.37|1.66 | 64.1 | 1.35|1.62 | 135.
64 | 1797409 || 1.28 | 1.49 | 58.4 || 1.37 | 1.65 | 88.5 | 1.34 | 1.67 | 208.
128 | 3692833 || 1.30 | 1.50 | 67.5 || 1.29 | 1.52 | 103. | 1.29 | 1.52 | 200.
256 | 7189057 || 1.26 | 1.41 | 78.6 || 1.39 | 1.68 | 124. || 1.36 | 1.63 | 218.

TABLE 4. The default METIS/ParMETIS agglomeration (left) compared
with two other agglomeration algorithms similar to the bottom-up ap-
proach (center) and the “rgbh” method (right) from [19].

Our third example problem is, again, a discretization of (4.1), but this time posed on
the hexahedral approximation of the unit ball shown in Figure 5. The coefficient a(x)
is piecewise constant and has a lot of jumps. We employ trilinear finite elements for
discretization, and as before, provide only the constant smooth function on input. The
coarsening factor was 8, except for the finest grid, where a factor of 64 was used in order
to try to reduce the size of the first coarse space. This aggressive coarsening requires a
more powerful smoother, and we used a parallel version of multiplicative Schwarz with
coloring.

Numerical results on up to 1024 processors are reported in Table 5, where we see that
both the grid and the operator complexities are kept under control to quite acceptable
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FIGURE 5. The initial hexahedral mesh approximating the unit ball (left),

and its splitting into two subdomains where the coefficient a(x) has values
of 1072 (center) and 10* (right).

levels. We also note that using the Schwarz smoother leads to low and constant number
of iterations (and corresponding convergence factors).

np N |grid| op |ny| o

2 73511 1.2312.03| 8 [0.15

16 60483 | 1.30 | 2.71| 11 | 0.28
128 | 489846 | 1.27 | 2.43 | 13 | 0.31
1024 | 3889285 | 1.26 | 2.30 | 12 | 0.31

TABLE 5. Numerical results for the Laplace problem on the unit ball
discretized with trilinear finite elements on hexahedral grid.

Next, we consider the Lame equations of linear elasticity, posed on the unit cube with
two materials having Poisson ratios v = 0.2 and v = 0.49, and Young’s moduli £/ = 100
and E =1, see Figure 6. The matrix A corresponds to the bilinear form

E v
l—l—y/ﬂ 1_2VV uV-v+e(u):ev)de,
where u is the displacement vector and e(u) : €(v) = 1 Zijzl(ﬁiuj + 0;w;)(0;v; + 0;v;).
Both Dirichlet and Neumann boundary conditions were imposed on different parts of
the boundary.

The problem was discretized with linear non-conforming finite elements on a tetrahe-
dral grid. We choose this example since elasticity problems are usually problematic for
algebraic multigrid methods, with the possible exception of smoothed aggregation, see
(14, 1].

We performed two sets of tests—one using the translation vectors as initial smooth
functions, and a second one where all six rigid body modes were used. In both cases,
the smoother was multiplicative Schwarz. The results, presented in Table 6, suggest a
definite improvement in the number of iterations when more smooth vectors are interpo-
lated. However, this leads to significantly larger operator complexities and ultimately,
slower running times. The obtained number of iterations is reasonable given that this is
a fairly challenging problem.
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FIGURE 6. The initial tetrahedral mesh on the unit cube (left), and the
subdomain where the Poisson ratio v has a value of 0.49 (right). The value
in the rest of the domain is 0.2.

np N | grid| op |ny| o | grid| op |ny| o

1 19584 || 1.2711.94| 26 | 0.58 || 1.49 | 4.11 | 22 | 0.53
2 38016 || 1.28 | 1.73 | 34 | 0.66 || 1.47 | 2.98 | 25 | 0.57
4 76032 || 1.33 | 2.17 | 28 | 0.60 || 1.47 | 3.26 | 21 | 0.50

8 152064 || 1.29 | 2.07 | 29 | 0.61 || 1.54 | 4.64 | 21 | 0.51
16 299520 || 1.31 [ 1.89 | 37 | 0.69 || 1.52 | 3.45 | 28 | 0.60
32 599040 || 1.35]2.29 | 32 | 0.64 || 1.49 | 3.54 | 22 | 0.52
64 1198080 || 1.30 | 2.14 | 38 | 0.69 || 1.57 | 4.95| 19 | 0.48
128 | 2377728 || 1.33 | 1.97 | 46 | 0.74 || 1.55 | 3.67 | 28 | 0.61
256 | 4755456 || 1.36 | 2.32| 49 | 0.75] 1.51 | 3.71 | 30 | 0.63
512 | 9510912 || 1.31 | 2.20 | 41 | 0.71 || 1.58 | 5.14 | 22 | 0.53
1024 | 18948096 || 1.33 | 1.98 | 47 | 0.74 || 1.55 | 3.69 | 25 | 0.58

TABLE 6. Numerical results for the linear elasticity problem with non-
conforming finite elements. Three (left columns) and six (right columns)
smooth vectors corresponding to translations and rigid body modes.

To further investigate the practical solution of this problem, we replace the Schwarz
smoother with the previously used sweeps of Gauss-Seidel with minres scaling. We
present the results in Table 7 and compare them with those from Table 6. As expected,
we get worse number of iterations and convergence factors. However, the setup and
solution times are faster and practically acceptable.

Finally, we consider the same elasticity problem discretized with (vector) cubic finite
elements. The results from these experiments are reported in Table 8. We observe very
good complexities and relatively stable number of iterations and convergence factors.
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