the online procedure generated using a fixed (left) and an adaptive (right) training
set. The maximum error is 0.046 resp. 1.29 · 10−4 . While the error tolerance is almost
satisfied in the latter case, it is clearly not the case for the former approach. Further,
the number of error evaluations is given in the following table:

Numerical results (based on a L2-projection)

Number of training point evaluations during
�
� greedy using adaptive training sets: 181’6
2
2
of (x
training
247’5
(3µ1evaluations
− µ2 )) during greedy using fixed training sets:
(x1 − (µ1 + 3µNumber
2 − point
2 ))
−
f (x; µ) = exp −
,
0.1 + 5|µ1 + Thus,
3µ2 | the adaptive
0.1 +version
5|3µ1uses
− still
µ2 |less error estimator evaluations and is more

x ∈ Ω = (−1, 1) ,
2

accurate in the region around the origin. Also, the error is more equally distributed.

µ ∈ P = [−0.5, 0.5]2 .

N = 10

Training points.

Local Greedy

Error:

Local approximation
Approximations
spaces.

Radius.

Sample points.

21

Fig. 8.13: Test 3: Training points, local approximation spaces for some specific parameter values, radii and sample points for greedy algorithm with adaptive training
set and N = 10.

9. Numerical results using a Galerkin-projection.

Fixed training set.

Adaptive training set.

unknowns than for 121, most time is spent by finding the closest sample points and
by eﬀecting the ortho-normalization. Certain improvements can certainly be done
respecting the implementation of the proposed algorithm such as building a tree-like
structure in the parameter space that indicates the considered sample points that
might
be used
each
box. This tree can be
constructed
oﬀ-line. At thediﬀusion
on-line stage
Consider
thein2D
convection-diﬀusion
equation
with parametrized
coefand
for a given
parameter field:
value µ one has to identify the box that contains µ and then
ficient
and convection
searching for the N closest basis functions only among the sample points proposed by
the selected box. Further,
the triangular
nature
of the
matrix in
γ in
+ ∇ · (β(µ
= 0,
Ω, the on-line ortho−10µ1 ∆u(µ)
2 )u(µ))
normalization process can be exploited. In addition,
u(µ) the
= g,error estimation/certification
on Γg ,
is the most expensive part in most cases of the on-line stage of the reduced basis
Diﬀusion coeﬃcient
= 0, foronsince
Γ0 . we worked with
method. These computation times have not beu(µ)
accounted
the exact error computation. Summarizing, these computation times indicate possible
angle of convection field
bottlenecks of the present approach but do not show the entire truth.

Numerical results (RB-model)

µ = (−2.5, −π/4).

µ = (−2, 0).

µ = (−1, π/4).

Fig. 9.1: Test 4: regularized
Truth solutions
for diﬀerent parameter values which consist of the
discontinuity
diﬀusion coeﬃcient and the direction of the convection field.
Q3 -FEM used as a truth solver.

radius as a function of the parameters (middle) and sample points (right) for N = 20
for the Numerical
version using a results
fixed training
set.
(RB-model)

Training points.

Local approximation
spaces.

Radius.

Sample points.

Fig. Remarks:
9.3: Test 4: Adaptive training set, local approximation spaces for selected parameter values, radius as a function of the parameters and sample points for N = 20
o Challenge:
Finding
nearest neighbors
time-intensive.
using the
version using
an adaptive
trainingisset.
o Generalization to higher dimensions (in parameter space) needed. FreeFem
implementation of creating training set is no more possible.

o Metric allows to shrink parameter space in dimensions where parameter
challenge dependency
in this direction
is weak.will be to design properly a set of equi-distributed points

with anoadapted
non isotropic metric (in particular our current implementation).
Strategy: Take a small number of training points in the beginning of the
algorithm, explore the
geometries
problem
and
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Conclusions
o We presented a new framework for the greedy algorithm/reduced basis
method based on local approximation spaces.
o Designed to be able to work well even for high-dimensional parameter
spaces, but not yet tested numerically.
o Challenges at this point:
i) On-line computation times need to be reduced to be a valid alternative
to the standard greedy on low-dimensional parameter spaces.
ii) How to sample points uniformly in a given metric? In particular for
high-dimensional parameter spaces.
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