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DAY-BY-DAY PROGRAM
Monday, 22 June 202608:45–09:00 Registration09:00–09:30 Welcome & Opening remarks09:30–10:30 Miguel Piñar: Multivariate orthogonal polynomials and the numerical solution of PDE10:30–11:00 Coffee break11:00–11:30 Clare Dunning: Wronskians of orthogonal polynomials and partitions11:30–12:00 Annie Cuyt: Orthogonal polynomials: connections with quadrature rules, exponential analysis, sparse interpolation, rational

approximation, subdivision methods12:00–12:30 Jürgen Gerhard: What’s New in Maple 202612:30–13:30 Lunch break13:30–14:00 Bonita V. Saunders: NIST Digital Library of Mathematical Functions: Past, Present, and Future14:00–14:30 Teresa E. Pérez: Symmetric connections between Simplex and Disk orthogonal polynomials. The Zernike case.14:30–15:00 Kerstin Jordaan: Connection formulae, Interlacing and Extreme Zeros of Meixner–Pollaczek Polynomials15:00–15:30 Tea break15:30–16:00 Antonio Moro: Orthogonal and skew-orthogonal polynomials, and integrability in random matrix ensembles16:00–16:30 Claire Gilson: Rogue Waves and Integrable Systems16:30–17:00 Xiaosheng Zhuang: Spherical Framelets from Spherical Designs
Tuesday, 23 June 202609:00–10:00 Bernhard Beckermann: Rational approximation of Markov functions10:00–10:30 Christian Berg: Special N-extremal solutions to indeterminate moment problems10:30–11:00 Coffee break11:00–11:30 Adri Olde Daalhuis: Exponentially-improved asymptotics and transseries11:30–12:00 John Pearson: Chebyshev Semi-Iteration and Structured Solvers for All-at-Once Diffusion-Based Systems12:00–12:30 Mariantonia Cotronei: A Padé bridge from exponential analysis to curve refinement via subdivision12:30–13:30 Lunch break13:30–14:00 Surachan Liaowongphuthorn: Recovery of non-linear chirps14:00–14:30 Vladimir Protasov: Stability of linear switching systems via exponential uniform approximations14:30–15:00 Shuai Shao: Uniform-in-time rational approximation of the matrix exponential with real poles15:00–15:30 Tea break15:30–16:00 Oliver Salazar Celis: The TCF algorithm for univariate rational approximation16:00–16:30 Maximilian Braun: Computing Ornstein-Uhlenbeck representations for generalized Langevin equations16:30–17:00 Rinat Kamalov: Signal decomposition by means of uniform approximation

Wednesday, 24 June 202609:00–12:30 Excursion (Glenturret Distillery)12:30–13:30 Lunch break13:30–14:30 Stefano De Marchi: From Radial Basis Functions to VS(D,R) kernels14:30–15:00 Woula Themistoclakis: Generalized Floater-Hormann rational interpolation15:00–15:30 Johan Gielis: Superelliptic Orthogonality and Beyond15:30–16:00 Tea break16:00–17:00 EXPOWER Steering Committee18:00 Group Picture (indoors) & Conference Dinner
Thursday, 25 June 202609:00–10:00 Gerlind Plonka-Hoch: Methods for reconstruction of parametric exponential models10:00–10:30 Nuha Diab: Min-max Error Bounds for Multivariate Super-Resolution10:30–11:00 Coffee break11:00–11:30 Petr Plecháč: Adaptive random Fourier features11:30–12:00 H.N. Mhaskar: Multiresolution on directed graphs12:00–12:30 Ferré Knaepkens: Multidimensional exponential analysis and radar imaging12:30–13:30 Lunch break13:30–14:00 Daniel Andre: GBSAR laboratory14:00–14:30 Andreas Beutler: Orthogonal polynomials for design and analysis of optical components14:30–15:00 Dirk de Villiers: Sparsity in Antenna Engineering15:00–15:30 Tea break & Group Picture (outdoors)15:30–16:00 Jacki Gilmore: Measuring Linear Antenna Array Mutual Coupling Terms and Element Positions using Exponential Analysis16:00–16:30 Akira Terui: Solving the Three-Dimensional Speech Direction Estimation Problem via a System of Nonlinear Equations16:30–17:00 Kate L.Y. Zhao: Reconstructing 3-D FRI shapes from tomographic projections at unknown angles
Friday, 26 June 202609:00–10:00 Stefan Güttel: Shared-denominator rational approximation10:00–10:30 Miao-jung Yvonne Ou: A Higher-Order Algorithm for Solving Time-Fractional Differential Equations via Rational Approxi-

mation of zα as a Herglotz-Nevanlinna function10:30–11:00 Coffee break11:00–11:30 Avery Ching: A simple construction of Martingale Polynomials11:30–12:00 Peter Binev: Sparse Occupancy Multiresolution Scheme for High Dimensional Approximation12:00–12:30 Anthony O’Hare: Spectral Surrogates for Fast Likelihood Reconstruction in Mechanistic Epidemic Models12:30 Lunch break & Closing
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Rational approximation of Markov functions
Bernhard Beckermann (Laboratoire Painlevé, Université de Lille,
France)

The aim of this talk is to give new explicit upper bounds for the relative error ofbest rational approximents of Markov functions (that is, the Cauchy transform ofsome measure µ with real support). In the special case of the Markov function
f (z) = 1/

√
z, explicit formulas and bounds have been given already by Zolotarevmore then 100 years ago, but are still subject of interest, see for instance arecent paper of Braess and Hackbusch. We will show that, within the classof measures satisfying the Szegő condition, it is known that, asymptotically,the worst case measure with support in [a, b] is the equilibrium measure. Forgeneral measures on [a, b] such like discrete measures, we show that there is aworst case measure, and thus we get new sharp upper bounds depending onlyon the capacity of the underlying condenser, and the degree of the rationalfunction.

Bernhard.Beckermann@univ-lille.fr
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From Radial Basis Functions to VS(D,R) kernels
Stefano De Marchi (University of Padova, Italy)

Radial Basis Functions (RBF) have become quite a popular tool in mathematicsand applied sciences, for their flexibility, allowing us to work with multidimen-sional data, without requiring any special structure of the data to be approx-imated. Usually, RBF depends on a shape parameter that needs to be tunedor optimised (see e.g. [3, 6]). Variably Scaled Kernels [5], or their counterpartsfor discontinuous functions, called Variably Scaled Discontinuous Kernels [2] orthe Variably Scaled Rational Kernels [1, 4], are known alternatives that use ascaling function that allows for better mimicking the data. In this talk, aftera review of the most important properties of RBF approximations, we presentVS(D, R) kernels and some of their applications.
References
[1] Martin D. Buhmann, Stefano De Marchi, Emma Perracchione, Analysis of a

new class of rational RBF expansions, IMA Journal of Numer. Anal. (2020),40(3), 1972-1993.[2] De Marchi, S., Marchetti, F. & Perracchione, E., Jumping with variably
scaled discontinuous kernels (VSDKs). BIT Numer. Math. (2020) 60, 441-463.[3] Fasshauer, G.E., Zhang, J.G.: On choosing “optimal” shape parameters for
RBF approximation. Numer. Algorithms (2007) 45, 345–368.[4] E. Perracchione, Rational RBF-based partition of unity method for ef-
ficiently and accurately approximating 3D objects, Comput. Appl. Math.(2018), 37, 4633– 4648.[5] Rossini M., Variably scaled kernels: an overview, Dolomites ResearchNotes on Approximation (2022), 15(4), 61-72.[6] Jian Sun, Wenshuai Wang, Optimizing shape parameters in RBF methods:
A systematic review of techniques, applications, and computational chal-
lenges, Computer Science Review (2026)59, 100842.

stefano.demarchi@unipd.it
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Shared-denominator rational approximation
Stefan Güttel (University of Manchester, UK)

Several problems in scientific computing can be related to approximating a fam-ily of parameter-dependent scalar functions, say fτ(z), by rational functions rτ(z)that all share the same denominator. Of particular interest are the resolventfunction fτ(z) = (z − τ)−1 (arising in frequency domain model order reduction),the exponential family fτ(z) = exp(τz) (time domain), and the so-called φ-functions (exponential integrators). I will discuss some of the applications andreport on recent work on the theory and computation of shared-denominatorrational approximants.
stefan.guettel@manchester.ac.uk
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Multivariate orthogonal polynomials and thenumerical solution of PDE
Miguel Piñar (Universidad de Granada, Spain)

Orthogonal polynomials play a central role in the numerical approximation ofpartial differential equations (PDEs), forming the foundation of spectral andhigh-order methods. While classical orthogonal polynomials are typically de-fined with respect to standard inner products, many problems arising in thevariational formulation of PDEs naturally involve derivatives, motivating theuse of Sobolev inner products. This leads to the theory of Sobolev orthogo-nal polynomials, which incorporates derivative information directly into theirstructure. In this talk, we explore recent developments in the theory of mul-tivariate orthogonal polynomials with an emphasis on Sobolev orthogonality.We discuss how these polynomial systems can be constructed and analyzedin multiple dimensions, highlighting both their algebraic properties and com-putational challenges. Particular attention is given to their role in the designof efficient and accurate numerical schemes for PDEs, including their use inspectral methods. We also examine how Sobolev orthogonal polynomials canimprove stability and convergence in problems where boundary conditions andderivative constraints play a significant role. Examples and applications will il-lustrate how these ideas contribute to advancing high-order numerical methodsfor PDEs.
mpinar@ugr.es
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Methods for reconstruction of parametric exponentialmodels
Gerlind Plonka-Hoch (University of Göttingen, Germany)

We consider the parametric exponential model
f (t) = M∑

j=1 γj eφj t = M∑
j=1 γj zt

j ,

where M ∈ N, γj ∈ C \ {0}, and zj = eφj ∈ C \ {0} with φj ∈ C are pairwisedistinct. The recovery of such exponential sums from a finite set of possiblycorrupted signal samples plays an important role in many signal processingapplications, as in phase retrieval, signal approximation, sparse deconvolutionin nondestructive testing, model reduction in system theory, direction of arrivalestimation, exponential data fitting, or reconstruction of signals with finite rateof innovation. Models of the above form are closely related to other parametricfunction models, as e.g. f (t) = M∑
j=1 γjφ(t − Tj ) with a given basis function φ and

arbitrary Tj ∈ R, or f (t) = M∑
j=1 γj cos(2πajt + bj ).There is however also a close relation to rational approximation models ofthe form f (z) = N∑

j=1
aj

t−bj
.All parameters of these models can be recovered using the Prony methodor its generalizations. However, to improve the stability of the reconstruction,we want to exploit the strong connections between the algebraic methods andother approaches from rational approximation, structured matrix theory andoptimization. This talk gives a survey on different numerical approaches to therecovery problem for exponential models.

plonka@math.uni-goettingen.de
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GBSAR laboratory
Daniel Andre (Cranfield University, UK)

Synthetic Aperture Radar (SAR) imaging provides all-weather day and nightremote sensing of the Earth, both at long ranges, for example from orbit, andfrom close ranges, for example from Unmanned Aerial Vehicles (UAV’s). SARcollections involve flyby’s of a pulsed radar system, so that when the data frompulses sufficiently sampled in aspect angle are integrated, a two-dimensional orpotentially a three-dimensional image of the scene can be formed. Experimentalcollections for trialling different operating modes and algorithms over differentscenes can be very challenging and expensive when flown from spaceborneor airborne platforms, hence the need for an intermediate laboratory-basedexperimental validation stage.The Cranfield University Ground-Based SAR (GBSAR) laboratory allowscontrolled and repeatable radar collections of indoor scenes, where transmit-ter and receiver positions can be seperately varied vertically and horizontally,using a large range of microwave frequencies and in all four polarisations. Inparticular the controlled repeatable collection setup allows the collection ofmultistatic SAR data - a modality of increasing interest, with current devel-opment of multistatic SAR satellite systems, e.g. ESA’s Harmony project, andQinetiQ’s multistatic UAV system.Multistatic collections involve the use of several separated receiver andtransmitter platforms, which allow the simulataneous and versatile collectionof multiple aspects radar pulses which, for example, have the potential to becombined into three-dimensional images, amongst other capabilities includ-ing the determination of scene object motion parameters. Crucially, in multi-static systems receivers measure pulses transmitted from a separated trans-mitter platforms, which distinguishes this mode from monostatic systems wherethe receiver and transmitter are collocated on a single platform, which is moreconventional.Recent GBSAR laboratory experiments have allowed the exploration of sparsesub-Nyquist multistatic SAR collection geometries, and the development of in-terferometric three-dimensional imaging algorithms - SSARVI PolSSARVI [1][2].A brief overview of SAR imaging and of these sparse imaging algorithmswill be presented, together with a range of highlight experiments and resultsin the areas of bistatic interferometry [3], imaging of moving targets [5] andthrough-wall imaging [4].
7



References
[1] Welsh, R., Andre, D., Finnis, M. “Laboratory multistatic 3D SAR with po-larimetry and sparse aperture sampling”, IET Radar Sonar Navig. 18(1),184–197 (2024). https://doi.org/10.1049/rsn2.12528.
[2] Welsh, R., Andre, D. and Finnis, M. (2025), “Polarimetry forSparse Multistatic 3D SAR”, IET Radar Sonar Navig. 19: e70020.https://doi.org/10.1049/rsn2.70020.
[3] Hagelberg, A., Andre, D., Finnis, M.: “Bistatic multi-polarimetric syn-thetic aperture radar coherence investigation using spatially variant in-coherence trimming”, IET Radar Sonar Navig. 18(12), 2564–2580 (2024).https://doi.org/10.1049/rsn2.12659.
[4] Watson, F., Andre, D. Lionheart, W: “Resolving full-wave through-wall trans-mission effects in multi-static synthetic aperture radar”, Inverse Problems40 085009, (2024) DOI 10.1088/1361-6420/ad5b83
[5] Watson, F., Hellier, J., Andre, D., 2026. “Dynamic Multistatic Syn-thetic Aperture Radar Imaging: Resolving Motion via DifferentialSemblance and k-Space Diversity”, IET Radar, Sonar Navig. e70107.https://doi.org/10.1049/rsn2.70107.

d.andre@cranfield.ac.uk

8



Special N-extremal solutions to indeterminate momentproblems
Christian Berg ∗ (University of Copenhagen, Denmark), Ryszard
Szwarc

Recall that the sequence (sn)n≥0 of moments of a measure µ on the real line aswell as the measure µ is called indeterminate, if there are measures differentfrom µ having the same moments, and they are called determinate if there isonly one measure having the moments.Among the solutions to the moment problem in the indeterminate case, thereexists an infinite family of measures characterized by Marcel Riesz as thosesolutions µ for which the polynomials are dense in L2(µ). They are called N-extremal solutions and they are discrete measures.A simple example of an indeterminate moment sequence is sn = q−n2 if0 < q < 1.For an N-extremal solution µ to an indeterminate moment problem it isknown by another theorem of Marcel Riesz that the measure (1 + x2)−1dµ(x) isdeterminate. For 0 < α < 1 we show by contradiction that there exist inde-terminate N-extremal solutions µ such that (1 + x2)−αdµ(x) is determinate, andthere exist also indeterminate N-extremal solutions µ such that (1+ x2)−αdµ(x)is indeterminate. Explicit examples of such measures are so far only knownwhen α = 1/2.For indeterminate Stieltjes moment problems and for N-extremal solutions
µ, we show that (1 + x2)−1/2dµ(x) is indeterminate except when µ = µF is theFriedrichs solution in case of which (1 + x2)−1/2dµF (x) is determinate.We identify the Friedrichs and Krein solutions for some indeterminate Stielt-jes moment problems.
References
[1] C. Berg and R. Szwarc. Special N-extremal solutions to indeterminate mo-ment problems. ArXiv e-print 2603.26302, 2026.

berg@math.ku.dk
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Orthogonal polynomials for design and analysis ofoptical components
Andreas Beutler (Mahr GmbH, Göttingen, Germany)

Complex optical components such as aspheric or freeform lenses are describedby polynomial functions. In this presentation the advantages of orthogonalpolynomials in the process of design, manufacturing and optimization and finalquality control of these surfaces are shown. The orthogonal polynomials ap-plied are the Qbfs designed by Greg Forbes. With measurements of asphericlenses it is demonstrated how the polynomials can be useful to optimize theproduction process, allow for tolerancing and describe artefacts introduced inthe fabrication process.
Andreas.Beutler@mahr.com
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Sparse Occupancy Multiresolution Scheme for HighDimensional Approximation
Peter Binev (University of South Carolina, USA)

Multiresolution Approximation is well developed in low space dimensions d =1, 2, 3. While it provides several advantages, it cannot be applied in its classi-cal form in high dimensions due to the curse of dimensionality. One possiblesolution is to replace the full multiresolution tree with sparse subtree based onoccupancy [1]. In this talk the idea of sparse occupancy is explored further andis applied to approximation of high dimensional data.Let the data points be of the type (xj , yj ) for j = 1, 2, ..., N , where xj ∈
X and yj ∈ Y for some compact sets X ⊂ Rd and Y ⊂ R. Assuming thatthese data points are drawn independently according to an unknown probabilitydistribution ρ in X ×Y , the goal is to find a good approximation of the regressionfunction fρ(x) := E[Y|X = x ] that is defined as the expectation of the randomvariable Y of the pair (X, Y) from X × Y given that the random variable Xrealizes as x ∈ X . The case of particular interest features a large dimension dbut assumes that the measure ρ is concentrated around an unknown subset of
X ×Y that is intrinsically low-dimensional. The goal is to obtain fast algorithmsfor approximation of the restriction ρX of the measure ρ on X and the regressionfunction fρ utilizing adaptive refinement of the domain X into simplices togetherwith local quasi-interpolation operators to find a reliable approximation of fρbased on the data.
References
[1] P. Binev, W. Dahmen, and P. Lamby. Fast high-dimensional approximationwith sparse occupancy trees. Journal of Computational and Applied Math-

ematics, 235(8):2063–2076, 2011.
binev@math.sc.edu
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Computing Ornstein-Uhlenbeck representations forgeneralized Langevin equations using rationalapproximation and convex optimization
Maximilian Braun ∗ (University of Mainz, Germany), Martin
Hanke

The generalized Langevin equation is used for a variety of coarse-grained phys-ical processes, e.g. the dynamics of a freely diffusing particle emersed in animplicitly modeled solvent, where the relevant time scales of the particle andthe solvent particles are not well separated. This leads to an integral term overthe history of past dynamics, which is cumbersome for numerical computations.To overcome this issue, one can generate data-driven Markov models, where theintegral term is eliminated by introducing auxiliary variables, and the dynamicsare described by an Ornstein-Uhlenbeck process instead.For stationary solutions, one can show that the construction of an appro-priate Ornstein-Uhlenbeck process is equivalent to the approximation of theautocorrelation function by a (possibly matrix-valued) finite Prony series withadditional constraints that stem from the underlying physical system.After a short revision of the physical background, the talk will focus onthe main challenges that arise in this approximation problem and a numeri-cal scheme based on rational approximation and convex optimization will bepresented [1, 2].
References
[1] M. Hanke. Stochastic modeling of stationary scalar Gaussian processes incontinuous time from autocorrelation data. Adv. Comput. Math., 50(4): 60,2024.
[2] N. Bockius, M. Braun, K. Hofmann, F. Schmid and M. Hanke. Determiningextended Markov parameterizations for vector-valued generalized Langevinequations. Z. Nat.forsch. A, 81(2):157–171, 2026.

bmaximi@uni-mainz.de
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A simple construction of Martingale Polynomials
Avery Ching (Florida State University London, UK)

It is well-known that the classical differential calculus and finite differencecalculus are unified in the framework of D-modules. This approach is fruitful,for instance, in the finite difference computations by observing their differential-calculus analogue [1], [2]. In this talk, we propose to extend the framework tostochastic calculus.Recall that the classical orthogonal polynomials are heavily involved instochastic calculus. For instance, the Hermite polynomials were used to com-pute iterated Wiener integrals. Another remarkable feature of these orthogonalpolynomials is that they are often martingale polynomials for certain Lévy pro-cesses. Such a property is useful in many aspects of stochastic calculus likesolving SDEs. These martingale polynomials are usually formulated by theirgenerating functions.We will see a construction of these martingale polynomials in the talk.The first step is to give a purely algebraic formulation of these polynomi-als, which is done by the classical Rodrigues’ formulas. Here the formulas arefurther simplified if the language of D-modules is adopted, which is an iter-ated operation of a first-order differential/difference operator. Then, we showthat these first order operators are naturally related to the distributions inthe exponential family. In this context, the martingale property is simply theelementary “difference-of-two-n-th-power” formula, saying that a − b divides
an − bn. Finally, we show that these orthogonal polynomials span the spaceof all martingale polynomials. As an application, we solve a linear SDE in thelast section.
References
[1] Cheng K., Chiang Y., Ching A. D-module approach to Liouville’s Theoremfor difference operators. N. Z. J. Math., 53: 63–79, 2022.[2] Chiang Y., Ching A., Lin X. Holonomic Bessel modules and generating func-tions. arXiv:2303.15496.[3] Schoutens, W. Stochastic Processes and Orthogonal Polynomials. LectureNotes in Statistics 146, Springer

ac25dh@fsu.edu
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A Padé bridge from exponential analysis to curverefinement via subdivision
Mariantonia Cotronei (Università Mediterranea di Reggio
Calabria, Italy)

We establish a direct algebraic connection between three objects arising fromthe same exponential sum data: the Prony polynomial, the denominator of itsPadé approximant, and the level-dependent masks of non-stationary subdivisionschemes for exponential polynomial reproduction. All three share the sameroot structure (i.e. the Prony nodes) evaluated at successive dyadic scales. Inparticular, the required factor of the subdivision mask at each refinement level iscompletely determined by the Padé denominator. This connection yields a data-driven construction: Prony’s method recovers the frequencies from sampled data,the Padé denominator provides the zero structure of the mask and the remainingdegrees of freedom are fixed by a Lagrange interpolation formula that mirrorsthe classical Deslauriers–Dubuc construction, with exponential nodes replacingthe integer nodes of the polynomial setting.
mariantonia.cotronei@unirc.it
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Orthogonal polynomials: connections with quadraturerules, exponential analysis, sparse interpolation,rational approximation, subdivision methods
Annie Cuyt ∗ (University of Stirling, UK), Mariantonia Cotronei,
Wen-shin Lee

We explore the deep connections between various mathematical tools andtechniques: orthogonal polynomials, Padé approximation, Gaussian quadrature,exponential analysis, sparse interpolation, subdivision methods. Despite ap-pearing in different contexts, all of these methods are linked through a commonstructure: Hankel matrices.Orthogonal polynomials can be formally defined using a linear functionaland naturally relate to Padé approximants of a power series with the linearfunctional’s scalar values as coefficients. When, in addition, these values aremoment integrals with respect to a weight function, the Padé approximantscan be interpreted as Gaussian quadrature rules, where the nodes and weightshave a direct connection to the polynomials orthogonal with respect to the givenlinear functional [2].Further, the problem of reconstructing the Gaussian nodes and weights fromthe given moments, is shown to be equivalent to exponential analysis or theProny problem, a classic inverse problem. In the context of computer algebra,this is referred to as sparse interpolation [1]. The discussion ends with themention of a very recent result on some connections with subdivision methods,for which we refer to the talk by Mariantonia Cotronei.
References
[1] Cuyt, Annie and Lee, Wen-shin. Sparse interpolation and Rational approx-imation. Contemporary Mathematics, 661: 229–242, 2016.
[2] C. Brezinski. Padé type approximation and general orthogonal polynomials.ISNM 50, Birkhäuser Verlag, Basel, 1980.

annie.cuyt@cemath.net
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Sparsity in Antenna Engineering
Dirk de Villiers ∗ (Stellenbosch University, South Africa), Annie
Cuyt, Ferré Knaepkens, Wen-shin Lee, Ridalise Raal, Rina-Mari
Weideman, Michele Pugno

For the last several years a fruitful collaboration within the EXPOWER H2020RISE project explored the application of various forms of sparse exponentialanalysis on antenna engineering problems. Two joint PhD degrees have beenawarded between Antwerp and Stellenbosch Universities on this work, andseveral joint papers have been published. The talk presents a few of theseexample applications including:• Direction of Arrival Estimation using 1-bit sampled data• Antenna position estimation using drone measurements [1, 2]• Frequency ripple characterisation in reflector antenna noise temperaturecalculations [3]• Progress towards compact field pattern storage [4]
References
[1] F. Knaepkens, A. Cuyt, W.-s. Lee and D. I. L. de Villiers. Regular sparsearray direction of arrival estimation in one dimension. IEEE Trans. Antennas

Propag., 68(5):3997–4006, 2020.[2] R. Louw, F. Knaepkens, A. Cuyt, W.-s. Lee, S. J. Wijnholds, D. I. L. de Villiersand R.-M. Weideman. Antenna position estimation through sub-sampledexponential analysis of signals in the near-field. Radio Science Letters,3:1–5, 2021.[3] R.-M. Weideman, A. Cuyt and D. I. L. de Villiers. Characterizing the electricfield ripple in reflector antennas using sub-sampled exponential analysis.
IEEE Trans. Antennas Propag., 72(7):5511–5519, 2024.[4] M. Pugno, A. Cuyt and D. I. L. de Villiers. Compact antenna beam modelsusing spherical wave expansion and sparse frequency interpolation. In Eu-
ropean Conference on Antennas and Propagation (EuCAP), Dublin, Ireland,2026. In press.

ddv@sun.ac.za

16



Min-max Error Bounds for MultivariateSuper-Resolution
Nuha Diab ∗ (Tel-Aviv University, Israel), Dmitry Batenkov

Super-resolution addresses one of the most fundamental challenges in sig-nal processing and imaging: recovering fine details from noisy, low-resolutionmeasurements. This problem appears in a wide variety of domains ranging frommedical imaging to astronomy, where we need to extract information beyondwhat classical theory suggests is possible.In applied mathematics, a major challenge is to determine resolution lim-its and create effective inversion algorithms based on prior knowledge aboutunknown objects and measurement system limitations. To address this rigor-ously, we examine min-max error bounds, which characterize the worst-caseperformance of the best possible recovery algorithm over a specified class ofsignals.We focus on sparse signals called “spike trains,” essentially collections ofpoint sources at unknown locations with unknown strengths. The recovery ofpoint sources becomes very challenging when they are clustered closer togetherthan the resolution limit of the measurement device (known as the RayleighLength).Our main result is establishing min-max error bounds for the high-dimensionalsuper-resolution problem. Let U denote the multivariate Vandermonde matrixassociated with the unknown point sources. Our analysis is based on two keycontributions. The first is establishing the scaling of all singular values of Uwhen the point sources form a single cluster, and show an explicit dependenceon their geometry. The second, we find the scaling of all singular values of Uwhen the points form multiple clusters.These min-max error bounds make explicit how the geometry of the unknownclustered points controls the stability of the problem. In particular, they implythat cluster points in general (e.g., random) positions are recovered more stablythan cluster points on algebraic variates (lines, parabolas, etc.). Consequently,our main result is that high-dimensional super-resolution is considerably morestable than the one-dimensional case, at least for cluster nodes in generalposition.
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References
[1] N. Diab and D. Batenkov. Spectral Properties of Infinitely Smooth Ker-nel Matrices in the Single Cluster Limit, with Applications to MultivariateSuper-Resolution.Linear Algebra and its Applications (2026).

nuhadiab@tauex.tau.ac.il
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Wronskians of orthogonal polynomials and partitions
Clare Dunning ∗ (University of Leeds, UK), Peter Clarkson, Ben
Mitchell, Mitch Taylor

Each Wronskian of a set of Hermite polynomials forms a rational solution ofPainleve IV or one of its higher order generalisations. Labelling a specificWronskian by an integer partition gives a natural way to encode specific familiesof solutions associated with a Painleve equation. The so-called core partitionslabel a set of such families. We explore the Wronskian polynomials and discoverthe role of the partition is much deeper than simply a label.
t.c.dunning@leeds.ac.uk
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Superelliptic Orthogonality and Beyond
Johan Gielis ∗ (Genicap Beheer BV, The Netherlands), Zehra
Özdemir, Diego Caratelli

Gielis curves, defined by the superformula, are unit circles with a stretchableradius. When Euclidean space is equipped with the superelliptic inner prod-uct ⟨·, ·⟩SE the stretchable radius is encoded in superelliptic space Rn
SE [1], in abroader context of orthogonality. This allows for metric-adapted differentiationpreserving the underlying geometric structure and supporting a consistent or-thonormal frame, reducing the curvatures of curves to that of a circle [2]. As oneconsequence, all irregularities and singularities are absorbed in the metric .Algebraically, the superformula can be rewritten with Chebyshev polynomi-als of the first and second kinds [3]. When this is applied as a transformation onChebyshev polynomials these Super-Chebyshev polynomials inherit the orthog-onality properties of supershapes with respect to the superelliptic inner product

⟨·, ·⟩SE . This can be extended with other polynomials, such as Legendre, Jacobi.This synthesis establishes a unified bridge between differential geometryand orthogonal polynomial theory. It opens new ways for constructing orthog-onal series expansions in applied mathematics, physics, and biology.
References
[1] Parlak, E.; Özdemir, Z. Superelliptic quaternions and superelliptic rotationswith applications. Phys. Scr. 2025, 100(9), 095212.
[2] Özdemir, Z., Parlak, E, Gielis, J. A Unified Superelliptic Framework forthe Differential Geometry of Gielis Transformations. Axioms 2026 DOI10.3390/axioms15050325
[3] Ricci P.E., Gielis J. From Pythagoras to Fourier and From Geometry to

Nature. Atlantis Press, Amsterdam 2022.
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What’s New in Maple 2026
Jürgen Gerhard (Maplesoft)

We give a short survey of the new features in Maple 2026, including AI assis-tance, plotting themes, LRE solvers, and performance improvements.
jgerhard@maplesoft.com
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Measuring Linear Antenna Array Mutual CouplingTerms and Element Positions using ExponentialAnalysis
Jacki Gilmore ∗ (Stellenbosch University, South Africa), Michele
Pugno, Annie Cuyt

This paper presents a method for determining the element positions and mutual-coupling terms of linear antenna arrays from embedded element pattern (EEP)measurements. The problem is formulated as an exponential data-modellingproblem, allowing validated exponential analysis (VEXPA) to be applied, therebyimproving numerical conditioning and ensuring the solution remains robust inthe presence of noise [1, 2].The method is validated using both synthetic and experimental arrays. Foran 11-element synthetic array, position errors below 0.1% and highly accu-rate coupling estimates were achieved, while measurements on a fabricated 4-element dipole array showed excellent agreement between reconstructed anddirectly measured S-parameters. The technique extends previous work on an-tenna position estimation and demonstrates that EEP measurements can beused to accurately characterise both array geometry and mutual coupling inpractical antenna arrays [1, 3].
References
[1] J. Gilmore, M. Pugno, and A. Cuyt, “Measuring Linear Array Mutual Cou-pling Terms and Element Positions from Embedded Element Patterns,”

IEEE Transactions on Antennas and Propagation, early access, 2026.[2] M. Briani, A. Cuyt, F. Knaepkens, and W.-s. Lee, “VEXPA: Validated EXPo-nential Analysis through regular sub-sampling,” Signal Processing, vol. 177,p. 107722, Dec. 2020.[3] R. Louw et al., “Antenna position estimation through subsampled exponen-tial analysis of signals in the near field,” URSI Radio Science Letters, vol. 3,2021.
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Rogue Waves and Integrable Systems
Claire Gilson (University of Glasgow, UK)

Solutions to integrable systems usually take the form of solitons, these areexponentially localised excitations. But many of the equations in integrablesystems have other types of solution, one particular class are the rational so-lutions. These have become known as rogue waves due to their large size andalso their rapid appearance from nowhere.In this talk I shall discuss some methods of solutions for these rogue waveequations, looking at some of the more unusual solutions.
claire.gilson@glasgow.ac.uk
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Connection formulae, Interlacing and Extreme Zeros ofMeixner–Pollaczek Polynomials
Kerstin Jordaan ∗ (University of South Africa), Alta Jooste

In this talk I will present a brief historical overview of bounds for extreme ze-ros of orthogonal polynomials and discuss new bounds for the extreme zeros ofMeixner–Pollaczek polynomials. The approach is based on connection formu-lae between different sequences of orthogonal polynomials, viewed through theframework of Christoffel transformations. In particular, we consider the situationwhere the original weight function is multiplied by an even polynomial factor,leading to parameter-shifted Meixner–Pollaczek polynomials. A key ingredientis an existence result for mixed recurrence relations of a specific form. Theserelations connect a Meixner–Pollaczek polynomial of degree n, the polynomialof degree n-1, and a parameter-shifted polynomial of lower degree. The zeros ofthe coefficient polynomial appearing in such a relation provide inner bounds forthe smallest and largest zeros of the degree n polynomial. We derive the rel-evant connection formulae for degree differences two and three, obtain explicitnew inner bounds for the extreme zeros, and compare their sharpness. The re-sults show that some of these bounds are significantly sharper than previouslyknown outer bounds, and that higher degree-difference connection formulae canlead to improved estimates for the extremal zeros.
jordakh@unisa.ac.za
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Signal decomposition by means of uniformapproximation
Rinat Kamalov (Gran Sasso Science Institute (L’Aquila), Italy)

The problem of decomposing a continuous signal f (t) into the form
f (t) = n∑

i=1 Ci(t)ezit, (1)
where zi are complex numbers with Re zi < 0; Ci(t) are algebraic polynomialssuch that ∑n

i=1 (1 + deg Ci(t)) ≤ n, arises in various applications (see [2] for ex-tensions). Prony’s method effectively solves the problem (1) both in the absenceand in the presence of deterministic noise [1, 3].We approximate a continuous-time attenuating signal f (t) by functions ofthe form (1) by solving the problem
f (t) −

n∑
i=1 Ci(t)ezit

C [0,+∞) → min
Ci(t),zi

, (2)
where fC [0,+∞) = supt≥0 |f (t)|, Ci(t) and zi are defined as above. We specializeour investigation into real-valued signals, in which case the approximation isdone by real-valued exponential quasipolynomials.We propose an iterative algorithm that, under minor assumptions, convergesquadratically to a local minimum of the problem (2). If the limit point is an ex-ponential polynomial with all zi ∈ R and Ci(t) being nonzero constants, then itis a global minimum. At each iteration, we apply the modified Remez algorithmfrom [4]. This approach can be generalized to an arbitrary system of continu-ously differentiable basis functions {φ(t, zi)}n

i=1, for example φ(t, zi) = e
−(t−zi)22 or

φ(t, zi) = 11+ (t−zi)22 .Then we consider the problem of best uniform polynomial approximation ofa noisy signal. We propose possible problem settings and a method for solvingthem.
References
[1] G. Beylkin and L. Monzòn, On approximation of functions by exponential

sums, Appl. Comput. Harmon. Anal. 19 (2005), 17–48.
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Multidimensional exponential analysis and radarimaging
Ferré Knaepkens ∗ (Universiteit Antwerpen / Argenta, Belgium),
Annie Cuyt, Yuan Hou, Wen-shin Lee

Multidimensional exponential analysis consists in extracting the coefficients
αj , j = 1, . . . , n, and d-dimensional exponent vectors φj = (φj1, . . . , φjd), j =1, . . . , n, of the exponential model

f (x) = n∑
j=1 αj exp(⟨φj , x⟩), x ∈ Cd, (3)

from a limited number of observations of the model’s behaviour. Even thoughfor many existing algorithms the required number of input samples scales expo-nentially with the dimension of the problem, it is possible to solve this problemwith only (d + 1)n samples by employing a shift-based approach [1]. Since inpractice the signal is often perturbed by noise, additional samples are collectedand accumulated in an overdetermined nonlinear system.Using the connection between exponential analysis and Padé approximationtheory, it is possible to validate the retrieved exponential terms [2]. Furthermore,by exploiting sub-Nyquist sampling, the resolution can be further improved [3].To demonstrate these techniques, we will focus on a multidimensional ap-plication during this talk, namely Inverse Synthetic-Aperture Radar (ISAR). InISAR, a stationary emitter is used to locate a moving target in space, for whichthe backscattered signal can be expressed as a weighted sum of complex multi-dimensional exponentials, as in (3). We present numerical results that highlightthe accuracy of the approach in a realistic ISAR setting.
References
[1] A. Cuyt and W.-s. Lee. Multivariate exponential analysis from the minimalnumber of samples. Adv. Comput. Math., 44:987–1002, 2018.
[2] M. Briani, A. Cuyt, F. Knaepkens and W.-s. Lee. VEXPA: Validated EX-Ponential Analysis through regular sub-sampling. Signal Processing, 177,2020.
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Recovery of non-linear chirps
Surachan Liaowongphuthorn ∗ (Claremont Graduate University,
USA), Hrushikesh Mhaskar

The blind source signal separation problem is the following. Given samples ofa complex valued signal of the form
f (t) = K∑

k=1 fk (t), fk (t) = Ak (t) exp(−iφk (t)), (4)
find K , and the components fk . The quantity φ′

k (t) is called the InstantaneousFrequency (IF) at t. The problem does not make sense without any furtherassumptions on the components. Relaxing some assumptions in [2], the paper[1] assumed that the functions Ak and φ′
k are approximately constants on smallintervals, and developed an algorithm called SSO to solve the problem.We propose to extend this method to the case when φ′

k are smooth, sothat they can be approximated by low degree polynomials. We get a roughestimate of the number of signals K , and the IF’s using SSO, and subsequentlyof the Ak ’s using a linear least square problem. Then we solve a nonlinear leastsquare problem with this warm start to get the coefficients of the polynomialsapproximating the IF’s. Clearly, this procedure is time consuming. So, we carrythis out at a few points, and then use a localized kernel based on Chebyshevpolyomials to obtain the desired IF’s and components at the rest of the points.
References
[1] C. K. Chui and H. N. Mhaskar. Signal decomposition and analysis viaextraction of frequencies. Applied and Computational Harmonic Analysis,40(1):97–136, 2016.
[2] I. Daubechies, J. Lu, and H. T. Wu. Synchrosqueezed wavelet transforms:an empirical mode decomposition-like tool. Applied and computational har-

monic analysis, 30(2):243–261, 2011.
surachan.liaowongphuthorn@cgu.edu
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Multiresolution on directed graphs
H.N. Mhaskar ∗ (Claremont Graduate University, USA),
Xiaosheng Zhuang, Yi Wang

We consider the problem of estimating the parameters λ1, λ2, c (all real valued,0 < c < 1) from observations of the form
f (ℓ) = c exp(−λ1ℓ) + (1 − c) exp(−λ2ℓ) + noise, ℓ = 0, · · · , N − 1. (5)

One important application is in magnetic resonance relaxometry [3, 1].In the absence of noise, the points f (ℓ) can be viewed as points in a threedimensional sub-manifold of RN . In our paper [2], we had studied this problemas a problem of approximating the parameters as a function on this manifold.In the presence of noise, the points f (ℓ) are not exactly on the manifold. Wepropose a moving least squares (MLS) method to solve the problem, where theleast squares solution is found without optimization. In contrast, the traditionalnonlinear least squares (NLLS) method relies upon the fact that the obervationsfollow the model (5). In a certain range of the parameter space, the MLS per-forms better than NLLS. We use MLS again to determine for a new observationwhich method will perform better on a given unseen observation.
References
[1] M. E. Mckenna, H. N. Mhaskar, and R. G. Spencer. An eigenfunction ap-proach to conversion of the laplace transform of point masses on the realline to the fourier domain. Applied and Computational Harmonic Analysis,79:101776, 2025.
[2] H. N. Mhaskar and R. O’Dowd. Learning on manifolds without manifoldlearning. Neural Networks, 181:106759, 2025.
[3] R. G. Spencer and C. Bi. A tutorial introduction to inverse problems inmagnetic resonance. NMR in Biomedicine, 33(12):e4315, 2020.
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Orthogonal and skew-orthogonal polynomials, andintegrability in random matrix ensembles
Antonio Moro (Northumbria University Newcastle, UK)

The study of integrable differential identities for the partition function andexpectation values, combined with ensemble-specific initial conditions, providesan effective and systematic approach to the characterisation of observables inrandom matrix theory, in both finite-size and thermodynamic regimes.We present this approach in the case of the unitary and orthogonal ensem-bles. Building on a classical result by Adler and van Moerbeke, who derivedLax equations associated to specific ensembles, we illustrate how the evolutionin the space of nonlinear couplings is described by the coefficients of suitableorthogonal and skew-orthogonal polynomials, which solve special reductions ofthe Toda/KP and Pfaff hierarchies.We consider in more detail some notable examples of random matrix ensem-bles associated to generalised Freud polynomials and discuss explicit solutionsfollowing recent results by Clarkson, Jordaan and Loureiro.
References
[1] C. Benassi, A. Moro. Thermodynamic limit and dispersive regularization inmatrix model. Physical Review E, Vol. 101, 052118l (2020).
[2] C. Benassi, M. Dell’Atti, A. Moro. Random Matrix Ensembles and IntegrableDifferential Identities. arXiv:2504.11296 (2025).
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Spectral Surrogates for Fast LikelihoodReconstruction in Mechanistic Epidemic Models
Anthony O’Hare (University of Stirling, UK)

Mechanistic epidemic models are typically calibrated by maximising a sharplypeaked (log-)likelihood over a rectangular parameter domain. In practice, eval-uating the likelihood requires integrating a stiff ODE system, convolving latentincidence with observational delays, and evaluating a heavy–tailed count like-lihood, often making näıve optimisation or brute–force search computationallyprohibitive. Bayesian MCMC remains the prevailing tool for uncertainty quan-tification, but for point estimation it exhibits unnecessary overhead: MCMCconvergence reflects chain dynamics, not the shape of the likelihood surface,and narrow posteriors can require substantial warm-up.We present a deterministic alternative based on spectral surrogates. Themethod reconstructs the likelihood surface using a combination of (i) Fourier
series on the unit hypercube with a total–degree multi–index, fit by ridge/Tikhonov-regularised least squares, and (ii) kernel–Fourier models realised via
Random Fourier Features (RFF), which provide a Monte-Carlo approximation ofstationary kernels through Bochner’s theorem. The RFF surrogate is particu-larly well-suited to irregular samples and works in moderate dimensions. Sam-pling is performed via Latin Hypercube Sampling (LHS) to ensure low marginaldiscrepancy (we also sample randomly and on a grid for comparison). Aftereach surrogate fit, the parameter domain is shrunk around the top quantile ofsamples, concentrating resolution where the likelihood is largest.Preliminary results are presented for two test cases: a three-parameterdeterministic disease model with a negative-binomial observation model, and asix-parameter two-compartment oral pharmacokinetic model with a log-normalerror structure. In both cases the RFF surrogate recovers parameters close tothe ground truth with substantially fewer likelihood evaluations than MCMC.
anthony.ohare@stir.ac.uk
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Exponentially-improved asymptotics and transseries
Adri Olde Daalhuis (University of Edinburgh, UK)

When solving differential/difference equations one often encounters divergentpower series, say ∞∑
n=0 a0,nεn. These power series incorporate exponentially-

small terms, say e−1/ε
∞∑

n=0 a1,nεn, in the divergent tail. The power series ∞∑
n=0 a1,nεn

is typically also divergent and does incorporate doubly exponentially-smallterms. In this way we encounter transseries: ∞∑
j=0 e−j/ε

∞∑
n=0 aj,nεn. We will il-lustrate how we can make sense of these formal transseries via exponentially-improved asymptotics, that is, we truncate the original divergent power seriesoptimally, and re-expand in so-called hyperterminants. This will include theStokes phenomenon.

A.OldeDaalhuis@ed.ac.uk
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A Higher-Order Algorithm for Solving Time-FractionalDifferential Equations via Rational Approximation of
zα as a Herglotz-Nevanlinna function
Miao-jung Yvonne Ou ∗ (University of Delaware, USA), Gamze
Tangnolu, Jiangming Xie

Fractional-time derivatives have been widely used in mathematical modeling ofphysical phenomena such as anomalous diffusions and memory effects of ma-terials. However, an efficient time stepping scheme for solving fractional-timedifferential equations (FTDE) remains a challenge because the time-fractionalderivative of a function u is a time-convolution between u′ and the kernel func-tion. Traditionally, FTD is handled by approximating the time-domain kernelfunction with a sum of exponential functions. The limitation of this approach isthat many terms are needed due to the weak singularity of the kernel functionat t = 0. In this talk, we will take a different approach and will focus on the Ca-puto FTDE Dα with 0 < α < 1 because the Caputo time derivative of a constantfunction is 0. We will show how a simple time-stepping algorithm for FTDEcan be developed by using the theory of Herglotz-Nevanlinna functions andtheir subclasses, a well-studied field in operator theory and complex analysis.The key is in identifying the Stieltjes-Markov function structure hidden in theLaplace transform of the kernel function, and the rational interpolation schemefor these functions. Compared to most of the current methods in literature, ourresult contains a Dirac measure with carefully calculated strength in the ap-proximation of the time-convolution term. As a result, the number of exponentialterms needed for approximating the time-domain kernel function drastically de-creases for the same level of accuracy. I will explain the theory behind thetime-stepping algorithm and end the talk by showing some numerical exam-ples. This is joint work with Prof. Gamze Tangnolu and Prof. Jiangming Xie.This research is partially funded by Project EXPOWER via EU Research andInnovation Staff Exchange (RISE) funding in mathematics under H2020 MarieSk lodowska-Curie Actions.
mou@udel.edu
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Chebyshev Semi-Iteration and Structured Solvers forAll-at-Once Diffusion-Based Systems
John Pearson ∗ (University of Edinburgh, Scotland), Jemima
Tabeart (TU Eindhoven), Selime Gürol (CERFACS), Anthony
Weaver (CERFACS)

Chebyshev semi-iteration is an effective approach for accelerating the conver-gence of a stationary iteration for linear systems of equations, by using Cheby-shev polynomials and their theoretical properties. It has found considerableutility within preconditioned iterative solvers for matrices arising from differ-ential operators, including finite element mass matrices. In the first part ofthe talk, we provide background to the method and summarise its convergenceproperties for different types of matrices.We then present new work in which we devise algorithms for applying so-called ”block α-circulant preconditioners” to systems arising from diffusion op-erators applied across a “time” variable, using Chebyshev semi-iteration as aninner solver. The inner sub-systems involve symmetric positive definite matri-ces, shifted by different complex scalings of the identity, and the solution ofthese systems may be parallelized over time. We extend theoretical resultsfor Chebyshev semi-iteration for symmetric positive definite systems, to thisnew setting, and use this to devise a mechanism for allocating limited compu-tational resource in applying different numbers of iterations to the respectivesub-systems. Numerical results demonstrate the practical advantage of ourstrategy.
J.Pearson@ed.ac.uk
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Symmetric connections between Simplex and Diskorthogonal polynomials. The Zernike case.
Teresa E. Pérez ∗ (Universidad de Granada, Spain), Amı́lcar
Branquinho (Universidade de Coimbra), Antonia M. Delgado
(Universidad de Granada)

Using a bidirectional symmetrization process, we describe the relations betweentwo systems of classical bivariate polynomials: those orthogonal on the Simplexand those orthogonal on the Disk. We connect the respective matrix three termrelations and the partial differential equations. Finally, we analyze the Zernikecase — a particular case of disk polynomials — which is fundamental in Optics.
References
[1] A. Branquinho, A. Foulquié-Moreno, and T. E. Pérez, Quadratic Decompo-sition of Bivariate Orthogonal Polynomials. Mediterr. J. Math., 20(3): 118,2023.
[2] C. F. Dunkl and Y. Xu. Orthogonal Polynomials of Several Variables. 2ndedition. Encyclopedia of Mathematics and its Applications, vol. 155. Cam-bridge Univ. Press, Cambridge, 2014.
[3] Y. Xu. Orthogonal polynomials on the ball and the simplex for weight func-tions with reflection symmetries. Constr. Approx. 17: 383-412, 2001.
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Adaptive random Fourier features
Petr Plecháč (University of Delaware, USA)

We present approximation of functions in high dimensions as a supervisedlearning problem with random Fourier features. The optimal frequencies ofthe Fourier features are obtained adaptively by Metropolis sampling and cor-responding amplitudes solve a ridge regression problem. This adaptive, non-parametric stochastic method leads asymptotically, to equidistributed ampli-tudes. The equidistributed amplitudes correspond to the optimal density forindependent samples in random Fourier feature methods. Presented numericalanalysis will explain properties of constructed approximations. The method willbe demonstrated with numerical examples related to problems from molecularsimulations.
References
[1] X. Huang, P. Plechac, M. Sandberg, A.Szepessy, Convergence rates forrandom feature neural network approximation in molecular dynamics. BIT

Numer. Math. (2025) 65, 9
[2] A. Kammonen, J. Kiessling, P. Plechac, M. Sandberg, A. Szepessy, R. Tem-pone, Smaller generalization error derived for deep compared to shallowresidual neural networks. IMA Journal of Numerical Analysis, (2022) 1âe“48
[3] A. Kammonen, J. Kiessling, P. Plechac, M. Sandberg, A. Szepessy, Adaptiverandom Fourier features with Metropolis sampling. Foundations of Data

Science, (2020), 2(3), 309âe“332
[4] P. Plechac, G. Simpson, H. Wages, ARFF.jl julia implementation,

https://github.com/gideonsimpson/ARFF.jl
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Stability of linear switching systems via exponentialuniform approximations
Vladimir Protasov (University of L’Aquila, Italy)

A linear switching system (LSS) is the differential equation x(t) = A(t)x(t) fora vector function x : [0, +∞) → Rn with the initial condition x(0) = x0, wherethe switching law A(t) is a measurable matrix function taking values in a givencompact control set U . LSS arise naturally in problems of robotics, electronicengineering, mechanics, planning, etc. The system is asymptopically (Lyapunov)stable if its trajectories converge to zero for all switching laws A(·). The stabilityissue have been investigated in the literature in great detail since 1980s [1].We consider two problems on the stability that can be reduced to the uniformapproximations by exponential polynomials p(t) = ∑r
k=1 pk tmk ezk t on C [0, +∞),where zk are given complex numbers with Re zk < 0 and mk ≥ 0 are givenintegers:1. The problem of estimating the maximal discretisation step [2] can be solvedby evaluating the constant C = maxp≤1 p ′ in the Bernstein-Markov inequalityfor exponential polynomials in C [0, +∞).2. The problem of finding the cut tail point of LSS [3] is reduced to minimizingthe norm of exponential polynomials on [0, +∞) under the condition p(0) = 1.Both problems require to construct polynomials of the best approximationfor arbitrary zk ∈ C, Re zk < 0 and mk ∈ N∪{0}. The main difficulty is that theexponential system is not Chebyshev and the standard tools of alternance andof the Remez iterative procedure do not work. We present the solutions, discusspossible extensions to multivariate approximations, leave some open problems.

References
[1] D. Liberzon. Introduction to scientific computing. Prentice Hall, New Jersey,1997.[2] V.Protasov, R.Jungers. Analysing the Stability of Linear Systems via Expo-nential Chebyshev Polynomials. IEEE Trans. Autom. Contr. 61(3): 795-797.[3] V.Protasov, R.Kamalov. How do the lengths of switching intervals influencethe stability of a dynamical system? Automatica, 171: 111929, 2025.
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The TCF algorithm for univariate rationalapproximation
Oliver Salazar Celis (KBC Group NV, Belgium)

Through various examples, we demonstrate the speed and flexibility of the TCFalgorithm [1] for univariate rational approximation and compare it to AAA [2].A particular emphasis is placed on applications where the location of polesare important. In this talk, we analyse the numerical conditioning [3] of theunderlying TCF pole calculation.
References
[1] O. Salazar Celis, Numerical Continued Fraction Interpolation. Ukr Math J76, 635–648 (2024).
[2] Y. Nakatsukasa, O. Sète, and L.N. Trefethen, The AAA algorithm for rationalapproximation, SIAM J Sci Comput, 40:A1494–A1522 (2018).
[3] D. Higham, N. Higham, Structured backward error and condition of gener-alized eigenvalue problems. SIAM J Matrix Anal Appl 20:493–512 (1998).
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NIST Digital Library of Mathematical Functions: Past,Present, and Future
Bonita V. Saunders (National Institute of Standards and
Technology, USA)

In 2010 the U.S. National Institute of Standards and Technology (NIST) launchedthe Digital Library of Mathematical Functions (DLMF), an online resource usedworldwide by mathematical and physical scientists needing definitions, differ-ential equations, expansions, and other crucial information for high level math-ematical functions emerging from their research. Updates and new material forthe DLMF are managed by an editorial team in the NIST Applied and Computa-tional Mathematics Division (ACMD) of the Information Technology Laboratory(ITL) at NIST.We will quickly discuss the project’s origins, then focus on significant re-cent changes, proposed updates, related work in knowledge management andaccessibility, and offer some thoughts about the future.
References
[1] NIST Digital Library of Mathematical Functions. https://dlmf.nist.gov/, Re-lease 1.2.6 of 2026-03-15. F. W. J. Olver, A. B. Olde Daalhuis, D. W. Lozier,B. I. Schneider, R. F. Boisvert, C. W. Clark, B. R. Miller, B. V. Saunders, H.S. Cohl, and M. A. McClain, eds.[2] B. V. Saunders, S. Brooks, R. Buckmire, R. E. Vincent-Finley, F. Backeljauw,S. Becuwe, B. Miller, M. McClain, and A. Cuyt, DLMF Standard ReferenceTables on Demand. In: Buzzard, K., Dickenstein, A., Eick, B., Leykin, A.,Ren, Y. (eds) Mathematical Software – ICMS 2024. International Congresson Mathematical Software 2024. Lecture Notes in Computer Science, vol14749. Springer, Cham. (2024), pp. 215-221. (https://doi.org/10.1007/978-3-031-64529-7 23).[3] B. Schneider, B. Miller, B. Saunders, NIST’s Digital Library ofMathematical Functions, Physics Today, 71(2): 48–53, 2018. DOI:https://doi.org/10.1063/PT.3.3846.
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Uniform-in-time rational approximation of the matrixexponential with real poles
Shuai Shao ∗ (University of Manchester, UK), Stefan Güttel

We propose an optimal choice of shared concentrated real poles of a familyof rational approximants of time-dependent exponential functions exp(−tz) fornonnegative z and t in a positive time interval. The result is an extension of ourprevious work [1] to the case of time-weighted approximation. We next discussthe more general case where all real poles are potentially different and proposea Zolotarev-based scheme to select a suitable set of distinct poles. Numericalexperiments justify the suitability of our proposed poles for various time rangesand for both small and large approximation degrees.
References
[1] S. Güttel and S. Shao. Concentrated real-pole uniform-in-time approxima-tion of the matrix exponential ArXiv e-print 2511.21858, 2025.
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Solving the Three-Dimensional Speech DirectionEstimation Problem via a System of NonlinearEquations
Akira Terui ∗ (University of Tsukuba, Japan), Kei Shimizu,
Masahiko Mikawa (University of Tsukuba)

We deal with the problem known as “individual selection,” in a multi-robotsystem [7]. A multi-robot system is one in which multiple robots collaborate toperform a task, and individual selection is a problem in such systems, in whicha human operator selects a single robot to perform the task.We address the problem of individual selection in multi-robot systems [7].In such systems, multiple robots collaborate to execute tasks, while individualselection requires a human operator to designate a single robot for a specifictask. We now examine methods that streamline this selection process.For individual selection, methods involving voice and/or image processinghave been proposed. Methods involving image processing [2, 5] have severaldrawbacks, including the complexity of equipment such as sensors and thelimited range over which signals can be received, which restricts the relativepositions of robots and humans. Thus, we focus on methods involving soundprocessing that can be used across a wider range of relative positions betweenrobots and humans.In speech-processing-based approaches, a human selects a single robot byfacing the robot to be tasked and speaking to it. Thus, the robot must recognizethe direction in which the speaker is facing. This problem is referred to as the“speech direction estimation problem”. Since we are interested in the speechdirection estimation problem in three-dimensional space, we call it the “three-dimensional (3D) speech direction estimation problem”.As solutions to the 3D speech direction estimation problem, selection meth-ods using machine learning [1, 8] and genetic algorithms [6] have been proposed.However, machine learning requires training data, and genetic algorithms mayfail to solve the problem correctly due to phenomena such as initial convergenceor hitchhiking.To address these issues, we propose methods to the 3D speech directionestimation problem formulated as a system of nonlinear equations. For solvingthe system of equations, trust-region methods [4] and Minimax approximation[3] are employed. Furthermore, we show the results of experiments with ourimplementation.
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Generalized Floater-Hormann rational interpolation
Woula Themistoclakis ∗ (CNR–IAC Naples, Italy), Marc Van Barel
(KU Leuven, Belgium)

In [1], Floater and Hormann introduced a family of rational interpolants (in short,FH interpolants), which have proved to be very effective for equidistant or quasi-equidistant nodes, exhibiting logarithmic growth of the associated Lebesgueconstants and high approximation rates for sufficiently smooth functions.In this talk, we introduce a generalization of the Floater–Hormann approach[2, 3], leading to a new family of rational interpolants depending on an addi-tional positive integer parameter γ. For γ = 1, the original FH interpolants arerecovered. When γ > 1, many properties of the original FH interpolants con-tinue to hold. In particular, for any configuration of nodes in a compact interval,the new interpolants have no real poles, interpolate the given data, reproducepolynomials up to a certain degree, and admit a barycentric representation.A key advantage arises in the case of equidistant or quasi-equidistant nodes:the new interpolants (γ > 1) have uniformly bounded Lebesgue constants andconverge uniformly to the interpolated function f for every continuous function
f . In contrast, these properties are not guaranteed for the original FH inter-polants (γ = 1). Furthermore, numerical experiments show improvements inthe local approximation of less smooth functions compared with the original FHinterpolants.
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[1] M.S. Floater and K. Hormann. Barycentric rational interpolation with nopoles and high rates of approximation. Numerische Mathematik, 107:315–331, 2007.[2] W. Themistoclakis and M. Van Barel. A generalization of Floater-Hormanninterpolants. Journal of Computational and Applied Mathematics, 441,115683, 2024.[3] W. Themistoclakis and M. Van Barel. A note on generalized Floater–Hormann interpolation at arbitrary distributions of nodes. Numerical Al-
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Reconstructing 3-D FRI shapes from tomographicprojections at unknown angles
Kate L.Y. Zhao ∗ (Imperial College London, UK), Renke Wang, Pier
Luigi Dragotti

Conventional methods for 3-D reconstruction from 2-D tomographic projectionsrequire prior knowledge of projection orientation. Without such information,reconstruction typically becomes a non-convex optimization problem. However,previous work has demonstrated perfect reconstruction of bilevel convex polyhe-dra from unknown orientations given a minimum number of projections. In thisresearch, we further extend that theory by generalizing reconstruction to arbi-trary shapes. We represent objects and their projections as multidimensionalfinite rate of innovation (FRI) signals. We retrieve FRI parameters throughthe use of isotropic, exponential approximating kernels to obtain the signal’sexponential moments, followed by application of 2-D harmonic retrieval meth-ods. FRI parameters are then paired across different projections. Finally, analgebraic method is applied to retrieve the orientation angles of the samples,allowing for successful reconstruction.
kate.zhao22@imperial.ac.uk
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Spherical Framelets from Spherical Designs
Xiaosheng Zhuang (City University of Hong Kong)

In this talk, we discuss the structures of the variational characterization of thespherical t-design, its gradient, and its Hessian in terms of fast spherical har-monic transforms. Moreover, we propose solving the minimization problem of thespherical t-design using the trust-region method to provide spherical t-designswith large values of t. Based on the obtained spherical t-designs, we develop(semi-discrete) spherical tight framelets as well as their truncated systems andtheir fast spherical framelet transforms for practical spherical signal/image pro-cessing. Thanks to the large spherical t-designs and localization property of ourspherical framelets, we are able to provide signal/image denoising using localthresholding techniques based on a fine-tuned spherical cap restriction. Manynumerical experiments are conducted to demonstrate the efficiency and effec-tiveness of our spherical framelets and spherical designs, including Wendlandfunction approximation, ETOPO data processing, and spherical image denois-ing.
xzhuang7@cityu.edu.hk
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