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10:00 – 10:40 Markus Hegland (Australian National University)

Computing density estimators with maximum a posteriori and
sparse grids

10:40 – 11:20 Felix Albrecht (University of Münster)

The localized reduced basis method

11:20 – 12:00 Bernard Haasdonk (University of Stuttgart)

Offline and Online Adaptivity in Reduced Basis Methods

12:00 – 01:00 lunch break

01:00 – 01:40 Bernhard Wieland (Ulm University)

Implicit Partitioning of Unknown Parameter Domains in the
Context of the RBM

01:40 – 02:20 Benjamin Stamm (UPMC – Paris VI)

Locally adaptive greedy approximations for anisotropic parameter
reduced basis spaces

02:20 – 02:40 coffee break

02:40 – 03:20 Lihong Feng (MPI Magdeburg)

An a posteriori error bound for linear parametric systems

03:20 – 04:00 Qifeng Liao (MIT)

A Domain Decomposition Approach for Uncertainty Analysis
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Computing density estimators with maximum a posteriori and sparse grids

Markus Hegland (Australian National University)

Density estimation is an important tool in exploratory statistics, data mining, machine learning
and uncertainty quantification. Essentially all estimation procedures determine some aspects
or features of an assumed underlying probability density. Using a Gaussian process prior for an
infinite dimensional family of densities we derive a maximum a posteriori method for density
estimation. While the prior defines a reproducing kernel, it turns out that – unlike in regression
and classification – density estimation does not lead to a finite dimensional problem. We will
discuss the convex variational problem and its numerical solution.

This is joint work with Michael Griebel, University Bonn.
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The localized reduced basis method

Felix Albrecht (University of Münster)

Our task is the efficient and reliable simulation of parametric multiscale problems for either
a wide range of parameters or in a real time time context. The reduced basis (RB) method
is a popular and powerful tool to reduced the computational cost of this task with respect to
its parametric character in various situations, such as optimization (the user requires a large
number of simulations for different parameters) or embedded devices (the user requires the
result of a simulation in a fixed period of time given very low computing power).

In the context of multiscale problems, however, the usual off-line on-line decomposition
approach of RB methods can become prohibitively expensive, since the idea of RB methods is
to construct a global reduced solution space for all possible parameters and many very expensive
simulations of the original problem might be needed.

We will present the localized reduced basis multiscale (LRBMS) method which makes use
of localization ideas from multiscale methods (in the physical domain) to construct a set of
local reduced spaces which are coupled with techniques from discontinuous Galerkin methods.
This generalization of the classical RB method allows for a very flexible framework, where the
user can balance between the overall off-line and on-line cost depending on the multi-query or
real-time context.
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Offline and Online Adaptivity in Reduced Basis Methods

Bernard Haasdonk (University of Stuttgart)

In this presentation we address some of our approaches on offline and online adaptivity in
parametric model order reduction of stationary and instationary problems.

Offline adaptivity is represented by adaptive training set extension [1], adaptive parameter-
domain [2] and time-domain [3, 4] partitioning approaches. Online adaptivity is obtained via
rapid online basis size adaptation [5] or greedy assembly of a reduced basis from a dictionary
of candidate basis vectors [6, 7]. All of these adaptive procedures are steered by rigorous a-
posteriori error estimators as selection/refinement indicators.

[1] Haasdonk, B. & Ohlberger, M.: P. Dı́ez and K. Runesson (Eds.), Basis Construction for
Reduced Basis Methods By Adaptive Parameter Grids, Proc. International Conference on
Adaptive Modeling and Simulation, ADMOS 2007, CIMNE, Barcelona, 2007, 116-119

[2] Haasdonk, B.; Dihlmann, M. & Ohlberger, M.: A Training Set and Multiple Basis Gen-
eration Approach for Parametrized Model Reduction Based on Adaptive Grids in Parameter
Space, Mathematical and Computer Modelling of Dynamical Systems, 2011, 17, 423-442.

[3] Dihlmann, M.; Drohmann, M. & Haasdonk, B.: Model Reduction of Parametrized Evo-
lution Problems using the Reduced basis Method with Adaptive Time-Partitioning, Proc. of
ADMOS 2011, 2011

[4] Drohmann, M.; Ohlberger, M. & Haasdonk, B.: Adaptive Reduced Basis Methods for
Nonlinear Convection-Diffusion Equations, Proc. of FVCA6, 2011.

[5] Haasdonk, B. & Ohlberger, M.: Space-Adaptive Reduced Basis Simulation for Time-
Dependent Problems, Proc. MATHMOD 2009, 6th Vienna International Conference on Math-
ematical Modelling, 2009

[6] Dihlmann, M.; Kaulmann, S. & Haasdonk, B.: Online Reduced Basis Construction Pro-
cedure for Model Reduction of Parametrized Evolution Systems, Proc. MATHMOD 2012, 2012

[7] Kaulmann, S. & Haasdonk, B.: Online Greedy Reduced Basis Construction using Dic-
tionaries, University of Stuttgart, 2013.
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Implicit Partitioning of Unknown Parameter Domains in the Context of the RBM

Bernhard Wieland (Ulm University)

The key condition for the application of the Reduced Basis Method (RBM) to Parametrized
Partial Differential Equations (PPDEs) is the availability of affine decompositions of the systems
in parameter and space. The efficiency of the RBM depends on both the number of reduced
basis functions and the number of affine terms.

A possible way to reduce the costs is a partitioning of the parameter domain. One creates
separate RB spaces [2] and affine decompositions [1] on each subdomain. The partition can be
refined adaptively. Since the solutions are supposed to be smooth in parameter, the variation
of the solutions on a subdomain becomes small and only few basis functions and affine terms
are needed.

Based upon the Empirical Interpolation Method (EIM), we develop a new partitioning
method to create affine decomposition and partitions without the knowledge of either an explicit
description of the parameter domain or of the form of the partitions.

In particular, we consider partitioning in the context of RBMs for PPDEs with stochastic
influences [3, 4]. For a probability space (Ω,F ,P), the parameter domain is now associated with
Ω. Each element ω ∈ Ω represents a stochastic event. Hence, ω is not a parameter in classical
sense and there usually is no explicit description of Ω. Other applications might be given by
functions originated from measured data with unknown parameter background or partitioning
of known but high-dimensional parameter domains.

[1] J. L. Eftang and B. Stamm. Parameter multi-domain hp empirical interpolation. In The-
sis: J. L. Eftang. Reduced Basis Methods for Parametrized Partial Differential Equations, 2011.

[2] B. Haasdonk, M. Dihlmann, and M. Ohlberger. A training set and multiple bases genera-
tion approach for parameterized model reduction based on adaptive grids in parameter space.
Mathematical and Computer Modelling of Dynamical Systems, 17(4):423–442, 2011.

[3] B. Haasdonk, K. Urban, and B. Wieland. Reduced basis methods for parametrized partial
differential equations with stochastic influences using the Karhunen-Loève expansion. SIAM/ASA
J. Uncertainty Quantification, 1:79–105, 2013.

[4] B. Wieland. Reduced Basis Methods for Partial Differential Equations with Stochastic In-
fluences. PhD thesis, Ulm University, 2013.
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Locally adaptive greedy approximations for anisotropic parameter reduced basis
spaces

Benjamin Stamm (UPMC – Paris VI)

In this talk we shall focus on the certified reduced basis (RB) framework for which the con-
struction of basis functions are performed through a greedy strategy. The greedy algorithm
selects parameter points for which the corresponding solution is computed that serves as a basis
function for solving a parametrized problem. For either high dimensional parameter spaces or
spaces with large measure one may encounter the problem that the size of the reduced basis
turns out to be larger than desired resulting in long on-line computing times. A first idea in
this context is the so called hp-approach where the parameter space is partitioned into cells
where different reduced basis sets are assembled. A drawback of this approach is that, in two
adjacent parameter-cells, some of the parameters that are selected may be very close and be-
long each to a different cell. This leads to the idea that it might be interesting to be able to
use, in one parameter sub-cell, the parameters that are used in the adjacent ones. This is a
phenomenon that becomes more likely to happen in high dimensional parameter spaces. Pa-
rameter domain decomposition may thus not be the ultimate approach. We present a strategy
that uses local approximation spaces. Indeed, given a parameter value, for which the solution
is desired, we define the approximation space by means of basis functions whose corresponding
parameter values lie in a local neighborhood thereof. The basis functions are chosen among a
global set of basis functions, all corresponding to parameter values, which can also be selected
using a greedy strategy. In addition, the definition of the neighborhood is based on a problem
dependent distance function which allows to account for anisotropy in parameter space.
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An a posteriori error bound for linear parametric systems

Peter Benner (MPI Magdeburg) and Lihong Feng (MPI Magdeburg)

Parametric model order reduction (PMOR) is an advanced model order reduction technique for
parametrized systems, which preserves the parameters as symbolic quantities in the reduced
model, such that only a single reduced model is sufficient for all possible variations of the pa-
rameters. In this work, motivated by an idea from [1], an a posteriori output error bound is
derived for the reduced model of the parametrized linear dynamical systems, whose bilinear
form in the functional space may be unknown. For such dynamical systems, the error estimation
used in the reduced basis community [1, 4] is difficult to be applied, since it always requires the
knowledge of the bilinear form (for the finite element discretization). The proposed error bound
is an a posteriori error bound for the transfer function of the reduced model, and is derived di-
rectly in the vector space for the discretized system, needing no property of the original PDEs.
Most importantly, under the guidance of the error bound, a reliable reduced model could be
obtained automatically for the PMOR methods based on interpolation of the transfer function.
Especially, the Krylov subspace based (multi-moment matching) PMOR methods (see e.g. [2,
3], etc.) can be automatically realized by adaptively selecting the expansion points for the
series expansion of the transfer function according to the proposed error bound. Simulations
for several examples show that the error bound is promising for predicting the accuracy of the
reduced model.

[1] S. Boyabal, “Mathematical modelling and numerical simulation in materials science,” PhD
thesis, Universite Paris Est, 2009.

[2] L. Daniel, O.C. Siong, L.S. Chay, K.H. Lee, and J. White. A multiparameter moment-
matching model-reduction approach for generating geometrically parameterized interconnect
performance models. IEEE Trans. Comput.-Aided Des. Integr. Circuits Syst., 22(5):678–693,
2004.

[3] L. Feng and P. Benner. A robust algorithm for parametric model order reduction. In
Proc. in Applied Mathematics and Mechanics, 7(1):1021501–1021502, 2007.

[4] G. Rozza, D.B.P. Huynh, A.T. Patera, “Reduced Basis Approximation and a Posteriori
Error Estimation for Affinely Parametrized Elliptic Coercive Partial Differential Equations,”
Arch Comput Methods Eng, 15:229–275, 2008.
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A Domain Decomposition Approach for Uncertainty Analysis

Qifeng Liao (MIT) and Karen Willcox (MIT)

This talk proposes a decomposition approach for uncertainty analysis of systems governed
by partial differential equations (PDEs). The system is split into local components using
domain decomposition. Our domain-decomposed uncertainty quantification (DDUQ) approach
performs uncertainty analysis independently on each local component in an “offline” phase,
and then assembles global uncertainty analysis results using pre-computed local information in
an “online” phase. At the heart of the DDUQ approach is importance sampling, which weights
the pre-computed local PDE solutions appropriately so as to satisfy the domain decomposition
coupling conditions. To avoid global PDE solves in the online phase, a proper orthogonal
decomposition reduced model provides an efficient approximate representation of the coupling
functions.
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