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Sparse Grid Spectral Methods and
some Results from Approximation
Theory

F. G. KUPKA"?

INTRODUCTION

The sparse grid approach for the solution of partial differential equations (PDEs)
was recently extended to spectral and pseudospectral methods. Here, we summarize
how results from the approximation theory for Sobolev spaces of functions with
bounded mixed derivative can be used to derive asymptotic error estimates for the
approximation and interpolation error of functions when either the basis functions
are from a step hyperbolic cross or when the interpolation is done on a sparse grid.
For the special case of periodic boundary conditions we discuss how the classical
convergence analysis for Galerkin and pseudospectral methods can be used for sparse
grid spectral methods. Applying the new methods to simple equations has allowed a
comparison with exact solutions. Some results of this comparison are summarized as
well as possible applications and extensions to other variants of sparse grid methods.

Zenger [Zen91] has suggested a sparse grid finite element method with an
approximation order of O(h?|logh|) for a finite element subspace of size dim Xy =
O(Nlog N) in comparison to O(h?) obtained with a subspace of size dim Xy =
O(N?) by a traditional full grid finite element method. His result requires that the
mixed derivative 0%u(z,y)/02%0y* of the solution u be bounded. The approach was
extended to higher order finite element methods and more general domains. Later,
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the sparse grid concept was also applied to finite difference methods (cf. Griebel and
Schiekofer [GS98]).

The basic idea behind sparse grid techniques for PDEs has been applied in other
branches of mathematics: while classes of functions with bounded mixed derivatives
were studied for the definition of good lattice points for number theoretical cubature
formulas (see Temlyakov [Tem93] for a review), hyperbolic cross points have played a
role in the development of Boolean algebraic methods for interpolation on rectangular
domains in two dimensions (cf. the review of Delvos and Schempp [DS89]). Beginning
with Babenko [Bab60] and Smolyak [Smo63], approximation theory has seen particular
efforts in the description of both approximation and interpolation of (mostly) periodic
functions with bounded mixed derivatives. Many results and original references can
be found in Temlyakov [Tem89] and [Tem93].

Thus, approximation theory provides a solid basis for the development of sparse
grid spectral methods. Interpolation of — particularly bivariate — periodic functions
and interpolation by Gaufi-Chebyshev methods on sparse grids were studied for
various Banach type Sobolev spaces with dominating mixed derivatives by Poplau
and Sprengel in [P6p95], [PS97], [Spr97a], and [Spr97b]. Their results can be used
for the numerical analysis of pseudospectral (collocation) methods. In turn, periodic
approximation and interpolation on the hyperbolic cross and on sparse grids for some
Hilbert type Sobolev spaces were investigated independently by Kupka [Kup97] who
used the results for the convergence analysis of spectral and pseudospectral methods
for the Helmholtz, linear advection, and heat equation. These equations are also used
for numerical tests of the current new method. In what follows, we review some of the
results.

APPROXIMATION AND INTERPOLATION ON SOBOLEV
SPACES WITH DOMINANT MIXED DERIVATIVE

To motivate the results for Sobolev spaces with dominant mixed derivative, we
recall that the standard Sobolev spaces of Lebesgue integrable, 2r—periodic functions
v € L1(Q) on the torus T = Q are defined by

HyY(Q)={ve Q)| Dve ¥ (Q)Va:0<|of <1}, (1)

where D%v = 0l%ly/(9z§" - - 9z5%) with 0 < |a| < m, m is a non-negative integer,
and | := 2?21 a; for @ = (a1, ..., aq), is taken in the sense of periodic distributions
(indicated by a subscript p). Moreover, H;»4(€) is equipped with the norm

1/q

lellrg = ol = [ 32 10000y | - 2)

laf<r
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For the = 2 case, one can alternatively define a norm for functions v € L?(Q) by
(4 denotes the Cartesian product of the field of integers )

1/2

ol = @02 > 2 [P] . (3)

d

The space H" () consists of all v € L?(Q) with finite norm ||| - |||,
H'(Q) = ve L*Q) [ l|v]ll: : ()

Both spaces H;(Q2) and H}(Q) H;72(Q) and their norms are equivalent.
ne way to define Sobolev spaces with dominant mixed derivative on the torus T
is (we note that permutations 4 and general derivatives D* are useful in proofs):

rd
et 4 be the set of all permutations of D%u(x) = %—L, r 0

1 d
be a natural number 1 < and  be the algebraic dimension of TY  ore
o er let a = Zd=1 a and « =r he periodic obole spaces ith dominant mi ed

deri ati e on T? can be defined as

pUTY) = Th = u| D e LY(TY) (5)

e uipped ith the norm x € T

d r rd i
ealhas = |6l oI5 Sl )
= rd
For = 2, the definition of an inner product is as straightforward as for H7 ().
Likewise, the ;ZZ are Banach (or even Hilbert) spaces. The new spaces can also be
established for the case = . It can be shown that ;:Z and H;(Td) satisfy the
embedding relations H;d(Td_) g’; H;(Td_) for all » 0 and for all 1. More-
over, Hy Hr H‘;(Td) and ;7p1’d ;’;, whence in particular ;’; L3(TY).

ust like the classical Sobolev spaces H, (Td), the spaces 2’};(1 may be defined by
means of the Fourier transform:

et m be a non negat: e integer and let  be as in  efinition he pe

riodic ilbert spaces  ? ith dominant mi ed deri ati e on the torus T are defined
as

ti= T = we 22T [ llull] ~ (7)

ere e use the follo ing norm for @

d d
Wulll a=@n >0 110 > > 2 k] . (8)
d =1

ra =1
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The spaces Z;d and % can be identified with each other, i.e., they are equivalent for

allm 0 and 1 and their norms coincide. Proofs can be found in Kupka [Kup97]
together with some references for the preceeding relations.
The standard pro ection operator for functions v € Hy (Td) is given by yv =

> v to=3 (2—1)dr(v,i)i,where N={ N 1K < N} for
all =(1,..., ¢)and N € ( denotes the set of natural numbers). The *
span a subspace H;(Td). To recover v € H;(Td) on a finite set of points
x € Q, the full grid 5 = {x} ={(z,,...,z )} withz =% ,Ne€&€ ,and
€cHy ={0< <2N 1}form=1,..., ,isfrequently used together with the
interpolation operator yv = n,(v) -+  n,(v). Here, N = Ny forall2< <

~ is the interpolation operator for one dimension. Thus, for a continuous v on T,
yu(x) = > v ' withe =3 5 (2N) Y(x) * ,and ). , ranges
over allx x € . Taking 0 to be some real valued constant, we have the

well-known error estimate for 4

et0< <m ith ;me fN 0 ||u Nl 2< N ] 2
and thus |jv Nl @< N ||v||Hp (o) forallve H, (Q)

For the interpolation operator ,; there is an equivalent estimate:

et0< <m ith meg and m /2 fN 0 |lv N2 <
N [[v]] =2 and thus |lv yvllL @) < N ||v||HP (o) forallve H, (Q)

For the spaces @ hyperbolic cross and sparse grids allow much more e cient
approximation and interpolation operators. Let us define the (even) hyperbolic cross
of order N € as ny = ( dzlmax(1,| < N) | N) where € “°
For convenience, throughout this paragraph we take and p to be integers rang-
ing from 1 to . e define the (even) step hyperbolic cross of size € as

={ e “[(2 ' 1< <2 Hvy 0 ( =o0if =0

where Zd:1 < for 0 < < . Assufning N =2 ' we construct a set
={ e Y2 ' 1< <2 YHym 0 ( =0ifm =0)}

The * with € and € ? span a subspace @ e can use the sets
to define pro ections on the even step hyperbolic cross, = W< and
= Zd=] |m |. Hence, the * with &  span the subspace @ and for

each u(x) € we have u(x) = > u ' andu = (2m) d(u, i ). In the same

manner we can define the pro ection operator , with coe cients from 4. For the
construction of the sparse grid interpolation operator one proceeds as follows. First,
thesets H ={ € *]0< p <2 » 1} are defined which index the grid points

of the anisotropic full grids = Lo .= {x}, wherex = (z ,,...,z )
We are not interested here in the numerical alue of | nor is it the same for the
arious ine ualities discussed here. For the case of 2 and for similar interpolation

operators, numerical alues can be found in the ork of Péplau and Sprengel cited
abo e.
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withz , =7 , /Ny and Np =2 » Lfor = (1,..., 4) € H . The construction of an
interpolation operator — w:= [ (u) --- 4(u) for all su ciently well-behaved
u € % is straightforward. e call = < ={x}={(x,, ...,z ,)}
with | = 5—— , where € H := <« H and 0< , <2+ 1la ourer
sparse grid of order . aturally, € . Finally, the interpolation operator  on

isdefinedas =37 where = |, - , and = 1-
Here, = 45 1 forme and 0 for all  defined on . The sym-

bol r means rounding to the nearest integer less than r (relevant for m = 0 here).
The operator 5 1 is again the interpolation operator in one dimension. Sparse
grid type interpolation operators have been discussed, e.g., in Smolyak [Smo63], Hal-
latschek [Hal92], and Temlyakov [Tem93]. For ,, we can derive the following error
estimate:

et u € @ and let 0 < <m ith ,m € and 1 fN 0
| yu ul| g2< N [|u]| 42 and in particular || yu ulls < N ||lul] 42

For the interpolation on by means of  the result is only slightly worse:

et u € dand N 0 oreoer letm 1and 0 < < m ith
,m € f 2 then| u wul| 42< N (dN)? Yul| 42 and in particular
I s NN Ul g

ote that the dual logarithm 1d is not present in Theorem 3. However, as the to-
tal number of coe cients in  y grows like N(log N)? ', both types of approximation
finally contain a logarithmic factor which depends on the spatial dimension . Proofs
and further details are given in Kupka [Kup97].

SPARSE RID SPECTRAL METHODS

Fourier Galerkin spectral methods for the PDE Lu = | where € LQ(Td), Lisa
(linear or non-linear) differential operator, and u is the solution of the problem, can be
defined in the variational form: (LuN ,v) =0 for all v € n. Here, WwWe v X
is the numerical approximation to u and X is some Sobolev space such that u € X
(cf. Canuto et al. [CH Z88]). The resulting equations yield a finite number of Fourier
coe cients uy which define the (numerical) approximation to u in the subspace .
In Fourier collocation (pseudospectral) methods both L and the inner product ( ,v)
are approximated via the interpolation of u and on a grid . Derivatives of u
(contained in L) are approximated by derivatives of interpolation polynomials. A
sparse grid spectral method is obtained by replacing the operators , and , used for
the traditional (full grid) spectral methods by their counterparts , (resp. ) and

As a consequence, in sparse grid Fourier Galerkin methods, the coe cients for Fourier
approximations are taken from the (even) hyperbolic (resp. step) hyperbolic cross
and, likewise, functions in sparse grid Fourier collocation methods are interpolated by
Fourier polynomials defined through a sparse grid . Differential operators and inner
products can then be approximated accordingly.
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sing the error estimates of Theorems 3 and together with the standard approach
for obtaining convergence estimates for spectral methods (cf. Canuto et al.[CH Z88]),
one can apply such technique to sparse grid spectral methods. Examples include the
stationary Helmholtz equation, a problem Lu =  with a coercive operator L, the
transient Helmholtz and the heat equation, as well as the linear advection equation
(see Kupka [Kup97]). Basically, each term which does not involve the operator
requires the replacement of || || 5 with || || 22, whereas otherwise a logarithmic
factor IdN? ! has to be inserted (here, N is the maximum number of grid points
per coordinate direction and  must belong to some appropriate smoothness class).

As an example, for the Helmholtz equation u u = with 0 on T?, the
error estimate for Fourier collocation on a full grid is ||u uN||172 < NV (||| 2
| Il 12) in comparison with [lu  u™12 < NT o ([Jul] 22 (AN)| ] 122)

for Fourier collocation on a sparse grid ( and thus u are assumed to be su ciently
smooth). ote that — as usual —dim n = O(N log N) for the sparse grid case, but
O(N?) for the full grid. In accordance with intuition, a von eumann analysis of fully
discrete approximations to the heat and advection equation reveals that restrictions
on the time step are dominated by the most anisotropic grids contained in a sparse
grid. This can reduce the overall e ciency of sparse grid spectral methods for some
explicit solvers for time dependent problems (Kupka [Kup97]).

An e cient implementation of sparse grid spectral methods requires adequate data
structures. In Fortran90 such a structure can be realized as a user defined data type
containing a pointer to a one-dimensional array of another user defined data type
which in turn has a pointer to an array of real values ( oating point numbers) as
its only component. This structure may be iterated for the case 2. Tests have
shown that usual manipulations such as copying of variables, addition, and of course
Fourier transformation, are slower by a factor of 3 to 5 for such a sparse grid structure
with several 100 to a few 1000 points in comparison to standard arrays of rank
of the same total number of points. Although more elegant, a recursive sparse grid
data structure is likely to suffer from a much lower computational e ciency due to
an enhanced internal overhead. The (discrete) Fourier transformation can be done
by the algorithm of Hallatschek [Hal92] which consists of a one dimensional (fast)
Fourier transformation followed by a transformation into a hierarchical basis. The
algorithm is performed sequentially for each spatial dimension. A final sequence of
re-transformations is necessary to obtain Fourier coe cients in the standard basis
{ " }. The algorithm can be run backwards to obtain function values at grid points
(see Kupka [Kup97] for a discussion, also for an implementation of a fast Fourier
transformation on sparse grids for the case = 2).

SOME NUMERICAL EXPERIMENTS AND CONCLUSIONS

umerical experiments presented by Kupka [Kup97] have exhibited the following
properties of Fourier sparse grid spectral methods. First, for insu cient or low
resolution, sparse grid Fourier collocation is sub ect to aliasing errors and spurious
solutions in the same way as a full grid method. n the other hand, spectral
convergence can easily be verified for infinitely smooth solutions, ust as the finite
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N grid points 1(uN u) 2(uN u) (uN u)
8 256 3.69902e-3  5.79361e-3  2.6776 e-2
16 102 9.21957e- 1. 2771e-3  7.09712e-3
32 096 2.30752e-  3.57583e- 1.8226 e-3
6 1638 5.7892 e-5  8.98336e-5 6152 e-
grid points | 1(u™  u) oY u) (™ w)
6 256 3. 7985e-3 3.86827e-3  7.96669e-3
7 576 8.69380e-  9.62935e- 2.03200e-3
8 1280 2.17657e- 2. 1199e- 5.13192¢-
9 2816 5. 62le-5 6.03750e-5  1.28952e-

convergence order for solutions with a finite number of partial derivatives in all spatial
directions. However, whereas a sparse grid method for a numerical solver with a
fixed approximation order (finite differences, etc.) is more e cient than its full grid
counterpart as long as the solution is su ciently smooth, sparse grid spectral methods
are more useful, if the solution has particular smoothness properties: consider the
polynomial ( ) ==*/90 =2 2/12 = /12 %/ 8on |0, 2x]. Tt is easily verified that
()€ H,(T)but ()¢ HAT). Taking (2,9)= (o) (o) (1) () () ()
it can immediately be seen that u(z,y) = () (y) is the solution of u  u= on
T?. Also, u € H, (T?) and u € % but u ¢ H;(Tz). The resulting higher e ciency
of sparse grid Fourier collocation in comparison with Fourier collocation on full grids
is illustrated in Table 1.
ith sparse grid Fourier collocation for the heat equation even non-smooth initial
conditions can be handled reasonably well. The same does not hold true for the linear
advection equation: the initial condition u( = 0,2,y) = u (z,y) with u = 11in a
rectangular subdomain of T? and u = 0 elsewhere, causes the sparse grid method
to fail while the full grid one only suffers from oscillations. Filtering, smoothing, or
adaptivity thus may help to make sparse grid spectral methods more e cient building
blocks for a domain decomposition solver than their full grid counterparts (which
is expected from their universality , i.e. when functions from different smoothness
classes are approximated, cf. Temlyakov [Tem93]). Although due the more expensive
programming model the sparse grid spectral methods have a break-even point which
is lower for memory than for speed, neither is prohibitive even for moderate accuracy
requirements.
The work of Poplau and Sprengel mentioned in the introduction makes a similar
study of Chebychev (and other) spectral methods both possible and worthwhile.
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Likewise, the analysis of other sparse grid methods can benefit from the approximation
theoretical results developed for sparse grid spectral methods.  hether turbulence
simulations in  uid mechanics also benefit from the hierarchical bases inherent to
sparse grid methods (priv. communication with M. Griebel during DD11, cf. the sparse
grid FFT discussed above) is a question that requires a more careful study.
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