Sonderforschungsbereich 393

Parallele Numerische Simulation für Physik und Kontinuumsmechanik

José M. Badía Peter Benner Rafael Mayo Enrique S. Quintana-Ortí Gregorio Quintana-Ortí Jens Saak

Parallel Order Reduction via Balanced Truncation for Optimal Cooling of Steel Profiles

Preprint SFB393/05-02

Preprintreihe des Chemnitzer SFB 393

ISSN 1619-7178 (Print) ISSN 1619-7186 (Internet)

SFB393/05-02 February 2005

We employ two efficient parallel approaches to reduce a model arising from a semi-discretization of a controlled heat transfer process for optimal cooling of a steel profile. Both algorithms are based on balanced truncation but differ in the numerical method that is used to solve two dual generalized Lyapunov equations, which is the major computational task. Experimental results on a cluster of Intel Xeon processors compare the efficacy of the parallel model reduction algorithms.

Key words. Dynamical linear systems, 2-D heat equation, model reduction, balanced truncation, generalized Lyapunov equations.

AMS subject classification. 49J20, 93B11, 15A24, 68W10, 93B40

José M. Badía, Rafael Mayo, E.S. Quintana-Ortí, and G. Quintana-Ortí were supported by the CICYT project No. TIC2002-004400-C03-01 and FEDER, and project No. P1B-2004-6 of the Fundación Caixa-Castellón/Bancaixa and UJI.

Contents

1 Introduction 1

2 Model Reduction of Large Linear Systems 3 2.1 The square-root BT Method . . . . . . . . . . . . . . . . . . . . . . . . . 3 2.2 Solution of generalized Lyapunov Equations via the matrix sign function 4 2.3 Low Rank Solution of generalized Lyapunov Equations . . . . . . . . . . 5

3 Parallel Implementation 6

4 Experimental Results 6

5 Concluding Remarks 9

Author’s addresses:

José M. Badía, Rafael Mayo, E.S. Quintana-Ortí, and G. Quintana-Ortí: Depto. de Ingeniería y Ciencia de Computadores, Universidad Jaume I, 12.071–Castellón, Spain;

{badia,mayo,quintana,gquintan}@icc.uji.es.

Peter Benner and Jens Saak: Fakultät für Mathematik, Technische Universität Chemnitz, D-09107 Chemnitz, Germany;

{benner,jens.saak}@mathematik.tu-chemnitz.de.

Parallel Order Reduction via BT for Optimal Cooling of Steel Profiles

1 Introduction

We consider the problem of optimal cooling of steel profiles. This problem arises in a rolling mill where different phases in the production process require different temperatures of the raw material. To achieve a high production rate, the temperature has to be reduced rapidly to the level required by the next phase. The cooling process, accelerated by spraying cooling fluids on the surface of the profile, has to be controlled since large gradients in the temperature lead to unwanted deformations, brittleness, loss of rigidity, and other undesirable properties.

The heat distribution in the profile is modeled by an instationary linear heat equation. A standard Galerkin approach for discretizing the heat transfer model in space, applied to this equation, results in a first-order ordinary differential equation of the form:

Eẋ(t) = Ax(t) + Bu(t), t > 0, x(0) = x^0,

y(t) = Cx(t) + Du(t), t ≥ 0. (1) Here, x^0 ∈ R^n contains the initial temperature distribution in the profile, E, A ∈ R^{n×n}, B ∈ R^{n×m}, C ∈ R^{p×n}, and D ∈ R^{p×m}. System (1) can also be modeled by the transfer function matrix (TFM) G(s) = C(sE − A)^{−1}B + D. The number of states, n, is known as the state-space dimension (or the order) of the system.

The optimal cooling problem was discretized using the ALBERTA-1.2 fem-toolbox [10]. We applied linear Lagrange elements and used a projection method for the curved boundaries. An initial mesh was produced using Matlab pdetool (see Fig. 1), which implements a Delaunay triangulation algorithm. Finer discretizations were then obtained by global mesh refinement using a bisection refinement model. As a result, we obtained four different mesh resolutions and associated systems of order n = 1,357, 5,177, 20,209, and 79,841, corresponding to maximum mesh widths (or edge sizes) h= 5.5280 × 10^{−2}, 2.7640 × 10^{−2}, 1.3820 × 10^{−2}, and 6.9100 × 10^{−3}, respectively. The number of nonzero elements in matrices A and E range from about 4% for the smallest model to 0.009% for the largest one. See [4] for a more detailed description of the model.

The goal of model reduction is to find a reduced-order LTI system,

Ê ^̇x(t) = Âx̂(t) + B̂u(t), t > 0, x̂(0) = x̂0, ŷ(t) = Ĉx̂(t) + D̂u(t), t ≥ 0, (2) of order r, with r ≪ n, and associated TFM Ĝ(s) = Ĉ(sE − Â)^{−1}B̂ + D̂ which approximates G(s). The reduced-order realization can then replace the original high-order system in the design of the optimal control, thus simplifying by much this phase of the problem. In our case, the best approximation error of the finite element discretization

J.M. Badía, R. Mayo, P. Benner, E.S. Quintana-Ortí, G. Quintana-Ortí, J. Saak

Matrix A Matrix E

Figure 1: Finite element discretization of the profile (left) and sparsity pattern (right) for the model of order n=1,357.

that one can expect is of order O(h^s) for an s ∈ [1, 2). Here s is very close to 2, for the boundary is almost of class C^∞, i.e., if the two rightmost edges were smoothly topped off we would have sufficient regularity to obtain s = 2. Thus, reducing the model with an error bound smaller than h^2 should not contribute any significant additional error. The reduced-order models presented in Section 4 meet this requirement.

The model reduction algorithms described in this paper are based on balanced truncation (BT). It is the goal of this paper to demonstrate that BT can effectively be applied to problems of size up to n = 100, 000 (and even higher) when appropriate numerical algorithms are used.

Traditional algorithms for BT model reduction are available, e.g., in libraries such as SLICOT^1 or the Matlab control-related toolboxes, and can be employed to reduce models with a few hundreds of state-space variables on current desktop computers. Here we employ two different parallel BT algorithms that allow the reduction of much larger systems as those arising in the optimal cooling problem. These algorithms are integrated into our parallel libraries for model reduction of large-scale dense and sparse linear systems, PLiCMR [3] and SpaRed [1], respectively.

The paper is structured as follows. In Section 2 we review the method for BT model reduction of linear systems. In Section 3 we briefly describe the multilayered architecture of libraries employed by our model reduction algorithms. Finally, the efficacy of the algorithms is reported in Section 4, and some concluding remarks follow in Section 5.

1Available from http://www.win.tue.nl/niconet/NIC2/slicot.html.

Parallel Order Reduction via BT for Optimal Cooling of Steel Profiles

2 Model Reduction of Large Linear Systems

2.1 The square-root BT Method

BT model reduction [6, 9, 11, 12] belongs to the family of absolute error methods, which aim at minimizing ‖Δ_a‖_∞ = ‖G − Ĝ‖_∞. Here ‖G‖_∞ denotes the L_∞- or H_∞-norm of a stable, rational matrix function defined as

‖G‖_∞ = sup_{ω∈R} σ_{max}(G(ȷω)), (3)

where ȷ := √ −1 and σ_{max}(M) stands for the largest singular value of M.

BT methods are strongly related to the controllability Gramian W_c and the observability Gramian W_o of the system (1), given by the solutions of the two dual generalized Lyapunov matrix equations:

AW_cE^T + EW_cA^T + BB^T = 0, (4) A^T W̃_oE + E^T W̃_oA + C^T C = 0. (5)

In the optimal cooling problem, the matrix pair (A, E) is stable (all its generalized eigenvalues are in the open left complex plane), so that W_c and W_o = E^T W̃_oE are positive semidefinite, and therefore can be factored as W_c = S^T S and W_o = R^T R. Here, S and R are usually called the Cholesky factors of W_c and W_o.

Consider now the singular value decomposition (SVD) of the product

SR^T = UΣV^T = [ U_1 U_2 ] [ Σ_1 Σ_2 ] [ V_1 V_2 ]^T , (6)

where U and V are orthogonal matrices, and Σ = diag (σ_1, σ_2, . . . , σ_n) is a diagonal matrix containing the singular values of SR^T ; those are also known as the Hankel singular values (HSV) of the system.

Given a partitioning of Σ into Σ_1 ∈ R^{r×r} and Σ_2 ∈ R^{(n−r)×(n−r)}, and a conformal partitioning of U and V in (6), the square-root (SR) version of BT determines a reducedorder model of order r as Ê = T_lET_r, Â = T_lAT_r, B̂ = T_lB, Ĉ = CT_r, D̂ = D, (7)

with the projection matrices T_l and T_r given by

T_l = Σ^{−1/2}_1 V^T_1 RE^{−1} and T_r = S^T U_1Σ^{−1/2}_1 . (8)

J.M. Badía, R. Mayo, P. Benner, E.S. Quintana-Ortí, G. Quintana-Ortí, J. Saak

The state-space dimension r of the reduced-order model can be chosen adaptively as this method provides a realization Ĝ satisfying

‖Δ_a‖_∞ = ‖G − Ĝ‖_∞ ≤ 2 n∑ j=r+1

σ_j . (9)

In the following subsections we revisit two generalized Lyapunov solvers introduced in [2, 5, 7] which provide low-rank approximations to a Cholesky or full-rank factor of the solution matrix. These approximations can reliably substitute S and R in the computation of (6) and (8).

2.2 Solution of generalized Lyapunov Equations via the matrix sign function

Since its introduction in [8], the sign function has proved useful in a variety of numerical linear algebra problems. In particular, the following variant of the Newton iteration for the matrix sign function can be used for the solution of the generalized Lyapunov equation (4):

A_0 ← A S̄_0 ← B k ← 0

repeat

A_{k+1} ←^{1√}_2 ( A_k + EA^{−1}_k E ) Compute the rank-revealing QR (RRQR) decomposition 1√ 2 [¯ S_k EA^{−1}_k S̄_k

]_T = Q_s [ R_s 0 ] Π_s S̄_{k+1} ← R_sΠ_s k ← k + 1

until ‖A_k − E‖_1 < τ‖A_k‖_1

Here τ is a tolerance threshold for the iteration that is usually set as a function of the problem dimension and the machine precision. Convergence can be improved by using several acceleration techniques. In our case, we employ an approximation of the norm scaling. The RRQR decomposition can be obtained by means of the traditional QR factorization with column pivoting.

Parallel Order Reduction via BT for Optimal Cooling of Steel Profiles

Sign function iterations usually present a fast convergence rate, which is ultimately quadratic. However, the inverse of a sparse matrix is in general dense and therefore the previous iterative scheme cannot exploit the sparsity of matrix A. Note that, on the other hand, we can easily take advantage of the sparsity of E as this matrix is involved in matrix products and it is not modified during the iteration.

On convergence, after j iterations, S̄ =^{1√}_2S̄_jE^{−T} , of dimension l̄ ×n, is a full (row-)rank approximation of S^T so that W_c = S^T S ≈ S̄S̄^T . An analogous iteration provides an approximation for the Cholesky factor of W_o in (5).

2.3 Low Rank Solution of generalized Lyapunov Equations

The cyclic low-rank alternating direction implicit (LR-ADI) iteration proposed in [7] can be reformulated for the generalized Lyapunov equation (4) as follows:

V_0 ← (A + p_1E)^{−1}B Ŝ_0 ← √−2 α_1 V_0 k ← 0

repeat

V_{k+1} ← V_k − δ_k(A + p_{k+1}E)^{−1}EV_k Ŝ_{k+1} ← [ Ŝ_k , γ_kV_{k+1} ] k ← k + 1

until ‖γ_kV_k‖_1 < τ‖Ŝ_k‖_1

In the iteration, {p_1, p_2, . . .}, p_k = α_k + β_k ȷ, is a cyclic set of (complex) shift parameters (that is, p_k = p_{k+t} for a given period t), γ_k = √ α_{k+1}/α_k, and δ_k = p_{k+1} + p_k, p_k being the conjugate of p_k. This iteration may suffer from a slow convergence rate, which is super-linear at best. Nevertheless, the iteration only requires the solution of linear system which with sparse coefficient matrices and matrix products. The use of sparse direct solvers is recommended here as iterations k and k + t share the same coefficient matrices for the linear systems.

The performance of the LR-ADI iteration strongly depends on the selection of the shift parameters. For further details, see [5, 7, 14].

On convergence, after j iterations, a low-rank matrix Ŝ = Ŝ_j of order n × l̂ = n × (jm), is computed such that ŜŜ^T approximates W_c = S^T S. A similar iteration provides a low-rank approximation for the Cholesky factor of W_o in (5).

J.M. Badía, R. Mayo, P. Benner, E.S. Quintana-Ortí, G. Quintana-Ortí, J. Saak

It should be emphasized that the iterative methods described in the previous two subsections for solving (4)–(5) significantly differ from standard methods used in the Matlab toolboxes or SLICOT [13]. As the iterative solvers produce low-rank approximations to the full-rank or Cholesky factors, the computation of the SVD in (6) is usually much more efficient: Instead of a computational cost of O(n^3) flops (floating-point arithmetic operations) when using the Cholesky factors, this approach leads to an O(l · m · p · n) cost where, in model reduction, often m, p ≪ n and l is a low-order constant; see [3].

3 Parallel Implementation

The matrix sign function-based iteration basically requires dense linear algebra operations such as matrix products and the solution of linear systems (via matrix factorizations). On the other hand, the LR-ADI iteration is composed of sparse linear algebra operations as matrix-vector products and the solution of sparse linear systems (via direct methods). Once the generalized Lyapunov equations are solved, the final stages of the SR BT method require the computation of an SVD and a few of matrix products.

Our approach for dealing with these matrix operations is based on the use of existing parallel linear algebra and communication libraries. (For an extensive list, see

http://www.netlib.org/utk/people/JackDongarra/la-sw.html.) In Fig. 2 we dis-

play the multilayered architecture of libraries employed by our parallel model reduction codes for large-scale dense and sparse systems in PLiCMR and SpaRed, respectively. All model reduction codes employ the parallel dense linear algebra libraries ScaLAPACK and PBLAS. Depending on the structure of the state-space matrix pair (A, E) the kernels in SpaRed also use the banded linear system solvers in ScaLAPACK or the sparse linear system solvers in packages MUMPS or SuperLU.

4 Experimental Results

All the experiments presented in this section were performed on a cluster of n_p = 16 nodes using ieee double-precision floating-point arithmetic (ε ≈ 2.2204 × 10^{−16}). Each node consists of an Intel Xeon processor@2.4 GHz with 1 GByte of RAM. We employ a BLAS library specially tuned for this processor that achieves around 3800 Mflops (millions of flops per second) for the matrix product (routine DGEMM from

http://www.cs.utexas.edu/users/kgoto). The nodes are connected via a Myrinet

multistage network and the MPI communication library is specially developed and tuned

Parallel Order Reduction via BT for Optimal Cooling of Steel Profiles

Figure 2: Multilayered architecture of libraries for model reduction.

for this network. The performance of the interconnection network was measured by a simple loop-back message transfer resulting in a latency of 18 μsec. and a bandwidth of 1.4 Gbit/sec.

In this section, we compare the BT parallel routines in libraries PLiCMR and SpaRed (hereafter, PLiCMR-BT and SpaRed-BT). Given the amount of computational resources available and the memory requirements of the sign function-based iteration, we could only apply the PLiCMR-BT routine to the two smaller cases, n=1,357 and 5,177.

In order to reduce the models, we first compute the HSVs of the system and, from there, we select the order r of the reduced realization. Obviously, a larger order provides a more accurate model, but also increases the cost of those stages involving the reduced system. Table 1 reports the order r of the reduced realization, a bound for the absolute error of the reduced-order realization (computed as in (9)), and the first and (r + 1)-th HSV of the system. All these data were obtained by applying the SpaRed-BT routine to the system. No difference was found when the PLiCMR-BT routine was applied to compute these parameters for the two smaller problems. Our results hereafter refer to the reduced realizations of order r=45, 45, 70, and 80 for the n=1,357, 5,177, 20,209, and 79,8741 cases, respectively.

In order to measure the numerical accuracy of the reduced realizations, in our next experiment we compare the frequency response of the original system, G, with that of the reduced-order realization computed with PLiCMR-BT and SpaRed-BT routines, Ĝ. Figure 3 reports absolute error ‖G − Ĝ‖_∞, where the norm is defined as in (3). All four figures show that the absolute error is well below the theoretical bound. For the two smallest problems, there is no notable difference between the PLiCMR-BT and Spared-BT routines.

J.M. Badía, R. Mayo, P. Benner, E.S. Quintana-Ortí, G. Quintana-Ortí, J. Saak

n r Δ_a σ_1 σ_{r+1} 1,357 45 6.5e-7 3.5e-4 5.2e-7 5,177 45 1.3e-6 3.5e-4 9.0e-8 20,209 45 1.4e-4 2.5e-2 7.0e-6 20,209 60 2.7e-5 2.5e-2 1.6e-6 20,209 70 8.6e-6 2.5e-2 4.7e-7 79,841 45 2.2e-4 2.6e-2 1.1e-5 79,841 60 4.6e-5 2.6e-2 2.4e-6 79,841 80 5.4e-6 2.6e-2 3.1e-7

Table 1: Order and absolute error of the reduced realizations.

n #iter. l k R_{Wc} (S̄) R_{Wo} (R̄) n_p Time (sec.) 1,357 8 310 181 1.04e-22 7.20e-14 4 21.1 5,177 8 351 209 1.48e-21 9.95e-14 16 142.6

Table 2: Results for the PLiCMR-BT routine.

We next report in Tables 2 and 3 the specific results for each one of the model reduction methods. In particular, we report the number of iterations required for convergence, (#iter.), the dimensions of the low-rank approximations of S and R (as l and k, respectively), and the absolute residuals of these approximations, computed as

R_{Wc} (S) := ‖A(S^T S)E^T + E(S^T S)A^T + BB^T ‖_F , R_{Wo} (R) := ‖A^T (E^{−T} R^T RE^{−1})E + E^T (E^{−T} R^T RE^{−1})A + C^T C‖_F ,

where ‖M‖_F stands for the Frobenious norm. Finally, we also provide the number of nodes involved in the reduction (n_p), and the execution time required by the corresponding algorithm. A comparison of the results in both Tables show a much slower convergence rate for the SpaRed-BT algorithm which then provides approximations of the Cholesky factors of much larger order than the PLiCMR-BT algorithm. On the other hand, the use of an approximation of larger order also explains, in part, the slightly better absolute residuals for the SpaRed-BT algorithm. However, the most important difference between the two methods lies in the execution times. For the two smallest problems, using a smaller number of computational resources (processors), the SpaRed-BT algorithm provides the reduced realization faster than the PLiCMR-BT algorithm. Furthermore, only the kernel from the SpaRed library can reduce the largest two cases, while doing so with the PLiCMR kernel would require a number of resources much larger than is available in our cluster.

Parallel Order Reduction via BT for Optimal Cooling of Steel Profiles

Figure 3: Absolute error in the frequency response for the reduced-order realizations.

n #iter. l k R_{Wc} (Ŝ) R_{Wo} (R̂) n_p Time (sec.) 1,357 82 574 492 4.9e-24 1.0e-14 1 14.2 5,177 98 686 588 8.5e-23 1.5e-14 1 35.4 20,209 76 532 456 1.5e-14 2.0e-13 4 151.4 79,841 78 546 468 3.9e-13 9.6e-14 16 484.7

Table 3: Results for the SpaRed-BT routine.

5 Concluding Remarks

We have compared two parallel BT model reduction algorithms using a problem arising from a semi-discretization of a controlled heat transfer process for optimal cooling of a steel profile. The algorithms are included in the parallel libraries for model reduction PLiCMR and SpaRed and basically differ in the generalized Lyapunov equation solver that is employed in each case: the PLiCMR-BT method is based on the sign function iteration while the SpaRed BT method employs a generalization of the LR-ADI iteration.

The experimental results show that, for the optimal cooling of steel profiles problem, the SpaRed-BT algorithm is clearly the best option. By exploiting the sparsity of the problem this algorithm requires less computational resources, provides the answer faster,

J.M. Badía, R. Mayo, P. Benner, E.S. Quintana-Ortí, G. Quintana-Ortí, J. Saak

and allows the reduction of problems which could not be dealt with using the PLiCMR- BT algorithm. On the other hand, for the small dimensions the models computed by the PLiCMR-BT algorithm are presumably more accurate and can serve as a reference for those computed with SpaRed.

References

[1] J. M. Badía, P. Benner, R. Mayo, and E. S. Quintana-Ortí. Parallel algorithms for balanced truncation model reduction of sparse systems. In Proceedings of the PARA’04 Workshop on State-of-the-Art Scientific Computing, 2005. To appear.

[2] P. Benner, E. S. Quintana-Ortí, and G. Quintana-Ortí. Parallel model reduction of large-scale descriptor linear systems via balanced truncation. In Proceedings of the 6th International Meeting on High Performance Computing for Computational Science. VECPAR’04, 2005. To appear.

[3] P. Benner, E.S. Quintana-Ortí, and G. Quintana-Ortí. State-space truncation methods for parallel model reduction of large-scale systems. Parallel Comput., 29:1701– 1722, 2003.

[4] P. Benner and J. Saak. A semi-discretized heat transfer model for optimal cooling of steel profiles. In P. Benner, V. Mehrmann, and D. Sorensen, editors, Dimension Reduction of Large-Scale Systems, Lecture Notes in Computational Science and Engineering. Springer-Verlag, Berlin/Heidelberg, Germany, 2005.

[5] J.-R. Li and J. White. Low rank solution of Lyapunov equations. SIAM J. Matrix Anal. Appl., 24(1):260–280, 2002.

[6] B.C. Moore. Principal component analysis in linear systems: Controllability, observability, and model reduction. IEEE Trans. Automat. Control, AC-26:17–32, 1981.

[7] T. Penzl. A cyclic low rank Smith method for large sparse Lyapunov equations.

SIAM J. Sci. Comput., 21(4):1401–1418, 2000.

[8] J.D. Roberts. Linear model reduction and solution of the algebraic Riccati equation by use of the sign function. Internat. J. Control, 32:677–687, 1980. (Reprint of Technical Report No. TR-13, CUED/B-Control, Cambridge University, Engineering Department, 1971).

[9] M.G. Safonov and R.Y. Chiang. A Schur method for balanced-truncation model reduction. IEEE Trans. Automat. Control, AC–34:729–733, 1989.

Parallel Order Reduction via BT for Optimal Cooling of Steel Profiles

[10] A. Schmidt and K. Siebert. Design of Adaptive Finite Element Software; The Finite Element Toolbox ALBERTA, volume 42 of Lecture Notes in Computational Science and Engineering. Springer-Verlag, Berlin/Heidelberg, 2005.

[11] M.S. Tombs and I. Postlethwaite. Truncated balanced realization of a stable nonminimal state-space system. Internat. J. Control, 46(4):1319–1330, 1987.

[12] A. Varga. Efficient minimal realization procedure based on balancing. In Prepr. of the IMACS Symp. on Modelling and Control of Technological Systems, volume 2, pages 42–47, 1991.

[13] A. Varga. Model reduction software in the SLICOT library. In B.N. Datta, editor, Applied and Computational Control, Signals, and Circuits, volume 629 of The Kluwer International Series in Engineering and Computer Science, pages 239–282. Kluwer Academic Publishers, Boston, MA, 2001.

[14] E.L. Wachspress. The ADI model problem, 1995. Available from the author.

Other titles in the SFB393 series:

02-01 M. Pester. Bibliotheken zur Entwicklung paralleler Algorithmen - Basisroutinen für Kommunikation und Grafik. Januar 2002.

02-02 M. Pester. Visualization Tools for 2D and 3D Finite Element Programs - User’s Manual.

January 2002.

02-03 H. Harbrecht, M. Konik, R. Schneider. Fully Discrete Wavelet Galerkin Schemes. January 2002.

02-04 G. Kunert. A posteriori error estimation for convection dominated problems on anisotropic meshes. March 2002.

02-05 H. Harbrecht, R. Schneider. Wavelet Galerkin Schemes for 3D-BEM. February 2002. 02-06 W. Dahmen, H. Harbrecht, R. Schneider. Compression Techniques for Boundary Integral Equations - Optimal Complexity Estimates. April 2002.

02-07 S. Grosman. Robust local problem error estimation for a singularly perturbed reactiondiffusion problem on anisotropic finite element meshes. May 2002.

02-08 M. Springmann, M. Kuna. Identifikation schädigungsmechanischer Materialparameter mit Hilfe nichtlinearer Optimierungsverfahren am Beispiel des Rousselier Modells. Mai 2002.

02-09 S. Beuchler, R. Schneider, C. Schwab. Multiresolution weighted norm equivalences and applications. July 2002.

02-10 Ph. Cain, R. A. Römer, M. E. Raikh. Renormalization group approach to energy level statistics at the integer quantum Hall transition. July 2002.

02-11 A. Eilmes, R. A. Römer, M. Schreiber. Localization properties of two interacting particles in a quasiperiodic potential with a metal-insulator transition. July 2002.

02-12 M. L. Ndawana, R. A. Römer, M. Schreiber. Scaling of the Level Compressibility at the Anderson Metal-Insulator Transition. September 2002.

02-13 Ph. Cain, R. A. Römer, M. E. Raikh. Real-space renormalization group approach to the quantum Hall transition. September 2002.

02-14 A. Jellal, E. H. Saidi, H. B. Geyer, R. A. Römer. A Matrix Model for ν_{k1k2} =^{k1+k2}_{k1k2} Fractional Quantum Hall States. September 2002.

02-15 M. Randrianarivony, G. Brunnett. Parallel implementation of curve reconstruction from noisy samples. August 2002.

02-16 M. Randrianarivony, G. Brunnett. Parallel implementation of surface reconstruction from noisy samples. September 2002.

02-17 M. Morgenstern, J. Klijn, Chr. Meyer, R. A. Römer, R. Wiesendanger. Comparing measured and calculated local density of states in a disordered two-dimensional electron system. September 2002.

02-18 J. Hippold, G. Rünger. Task Pool Teams for Implementing Irregular Algorithms on Clusters of SMPs. October 2002.

02-19 H. Harbrecht, R. Schneider. Wavelets for the fast solution of boundary integral equations.

October 2002.

02-20 H. Harbrecht, R. Schneider. Adaptive Wavelet Galerkin BEM. October 2002. 02-21 H. Harbrecht, R. Schneider. Wavelet Galerkin Schemes for Boundary Integral Equations - Implementation and Quadrature. October 2002.

03-01 E. Creusé, G. Kunert, S. Nicaise. A posteriory error estimation for the Stokes problem:

Anisotropic and isotropic discretizations. January 2003.

03-02 S. I. Solov’ëv. Existence of the guided modes of an optical fiber. January 2003. 03-03 S. Beuchler. Wavelet preconditioners for the p-version of the FEM. February 2003. 03-04 S. Beuchler. Fast solvers for degenerated problems. February 2003. 03-05 A. Meyer. Stable calculation of the Jacobians for curved triangles. February 2003. 03-06 S. I. Solov’ëv. Eigenvibrations of a plate with elastically attached load. February 2003. 03-07 H. Harbrecht, R. Schneider. Wavelet based fast solution of boundary integral equations.

February 2003.

03-08 S. I. Solov’ëv. Preconditioned iterative methods for monotone nonlinear eigenvalue problems. March 2003.

03-09 Th. Apel, N. Düvelmeyer. Transformation of hexahedral finite element meshes into tetrahedral meshes according to quality criteria. May 2003.

03-10 H. Harbrecht, R. Schneider. Biorthogonal wavelet bases for the boundary element method. April 2003.

03-11 T. Zhanlav. Some choices of moments of refinable function and applications. June 2003. 03-12 S. Beuchler. A Dirichlet-Dirichlet DD-pre-conditioner for p-FEM. June 2003. 03-13 Th. Apel, C. Pester. Clément-type interpolation on spherical domains - interpolation error estimates and application to a posteriori error estimation. July 2003.

03-14 S. Beuchler. Multi-level solver for degenerated problems with applications to p-version of the fem. (Dissertation) July 2003.

03-15 Th. Apel, S. Nicaise. The inf-sup condition for the Bernardi-Fortin-Raugel element on anisotropic meshes. September 2003.

03-16 G. Kunert, Z. Mghazli, S. Nicaise. A posteriori error estimation for a finite volume discretization on anisotropic meshes. September 2003.

03-17 B. Heinrich, K. Pönitz. Nitsche type mortaring for singularly perturbed reactiondiffusion problems. October 2003.

03-18 S. I. Solov’ëv. Vibrations of plates with masses. November 2003. 03-19 S. I. Solov’ëv. Preconditioned iterative methods for a class of nonlinear eigenvalue problems. November 2003.

03-20 M. Randrianarivony, G. Brunnett, R. Schneider. Tessellation and parametrization of trimmed surfaces. December 2003.

04-01 A. Meyer, F. Rabold, M. Scherzer. Efficient Finite Element Simulation of Crack Propagation. February 2004.

04-02 S. Grosman. The robustness of the hierarchical a posteriori error estimator for reactiondiffusion equation on anisotropic meshes. March 2004.

04-03 A. Bucher, A. Meyer, U.-J. Görke, R. Kreißig. Entwicklung von adaptiven Algorithmen für nichtlineare FEM. April 2004.

04-04 A. Meyer, R. Unger. Projection methods for contact problems in elasticity. April 2004. 04-05 T. Eibner, J. M. Melenk. A local error analysis of the boundary concentrated FEM.

May 2004.

04-06 H. Harbrecht, U. Kähler, R. Schneider. Wavelet Galerkin BEM on unstructured meshes.

May 2004.

04-07 M. Randrianarivony, G. Brunnett. Necessary and sufficient conditions for the regularity of a planar Coons map. May 2004.

04-08 P. Benner, E. S. Quintana-Ortí, G. Quintana-Ortí. Solving Linear Matrix Equations via Rational Iterative Schemes. October 2004.

04-09 C. Pester. Hamiltonian eigenvalue symmetry for quadratic operator eigenvalue problems.

October 2004.

04-10 T. Eibner, J. M. Melenk. An adaptive strategy for hp-FEM based on testing for analyticity. November 2004.

04-11 B. Heinrich, B. Jung. The Fourier-finite-element method with Nitsche-mortaring. November 2004.

04-12 A. Meyer, C. Pester. The Laplace and the linear elasticity problems near polyhedral corners and associated eigenvalue problems. December 2004.

04-13 M. Jung, T. D. Todorov. On the Convergence Factor in Multilevel Methods for Solving 3D Elasticity Problems. December 2004.

The complete list of current and former preprints is available via

http://www.tu-chemnitz.de/sfb393/preprints.html.