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This brochure summarizes almost all courses and lectures of the Master’s
programs Industrial Mathematics & Data Analysis, Mathematics, Mathematik
(German-language), and Technomathematik (German-language) for the winter
semester 2026/2027. Further information can be found in the Course Catalog
of the University of Bremen. There you will find, among other things, the
language, the assignments to the individual modules, and the course codes.
These information and all details can also be found in [Stud.IP.

As you can see in the Course Catalog or in Stud.IP, all courses are usually
assigned with an area of focus or specialization. This can also be found for all
courses via Fields of study in Stud.IP. For the M.Sc. Industrial Mathematics
& Data Analysis, these are Data Analysis as well as Industrial Mathe-
matics. For the M.Sc. Mathematics and the M.Sc. Mathematik, these are
Algebra, Analysis, Numerical Analysis, and Statistics/Stochastics.

At this point we would like to refer to the Arrival Guide for general questions
as well as to Offers for International Students and Living on Campus for
answers regarding living, housing, financial help, and scholarships.

Contact

Academic Advisory Office - Mathematics

Place to go for questions on study programs, planning, recognition of credits
and exam results, study abroad, and examination regulations. Also responsible
for the design of this brochure.

Lars Siemer

Room / Number: MZH Building / 1302
+49 (0) 421 218 63533
szmathe@uni-bremen.de

www.szmathe.uni-bremen.de
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Computational Topology
Course Code: 03-M-SP-52

Prof. Dr. Anastasios Stefanou

Contact: stefanou@uni-bremen.de

Description

This course provides an introduction to computational topology, with a
particular focus on persistent homology of point cloud data and filtrations of
datasets.

We begin with clustering methods and their geometric interpretation, and
proceed to the homology of simplicial complexes over Zy (and over other
finite fields). Emphasis is placed on developing intuition for what homology
measures through explicit computations, including Betti numbers and their
geometric meaning.

Building on this foundation, we introduce filtered simplicial complexes and
persistent homology, leading to the structure theorem for persistence modules
and the associated persistence diagrams. We then extend the discussion be-
yond the one-parameter setting to include zigzag persistence, multiparameter
persistence, their invariants and stability properties.

Topics covered include:
e Gromov-Hausdorff distance and hierarchical clustering
e Homology of simplicial complexes
e Persistent homology of filtered complexes
e Persistence modules and persistence diagrams
e Interleaving distance, bottleneck distance, and ¢P-Wasserstein metrics
e Level-set and zigzag homology

e Multiparameter persistence and associated invariants

The theoretical development will be complemented by geometric intuition
and computational exercises. Students will work with data sets and compute
persistent homology using standard software packages such as JavaPlex, Ripser
and Python, thereby gaining familiarity with computational tools.



Prerequisites

The prerequisites are Linear Algebra 2 for Mathematics students — or —
Mathematics 2 for Computer Science students. The course of Topology is
recommended, although it is not a strict prerequisite.

Structure

The course is a 4+2 lecture, consisting of two weekly 2-hour lectures and a
2-hour exercise session.

Examination and Formalities

Assessment is determined by a presentation and a written elaboration.
Dateiupload (nur Bilder bzw. Grafiken!) nqllutpgkv52izfaud7y8guq7nwabjof.pdf



Mathematical Concepts of Risk Management
Statistics III

Course Code: 03-M-SP-28
Prof. Dr. Thorsten Dickhaus

Contact: dickhaus@uni-bremen.de

Description

The specific topics of the course are:

e Mathematical-statistical models of risk

e Multivariate statistical models, copula functions

Estimation and simulation techniques

Basics of time series models and their analysis

Introduction to extreme value theory

e Applications (using the statistics software R)

The course Statistics I1I is the canonical entry point for an M. Sc. thesis in
the area of specialization of (mathematical) statistics. Statistical methods
are of utmost importance for all quantitative sciences, and they provide the
basis for data science.

Prerequisites

No formal prerequisites, but solid knowledge in measure-theoretic probability
theory and in basic concepts of mathematical statistics (estimation, testing,
confidence regions, etc.) is required to understand the material.

Structure

The course consists of four hours of lecture plus two hours exercise class per
week. Upon successful completion, 9 ECTS credit points will be awarded for
this course.



Examination and Formalities

Coursework requirements : Solutions to exercise sheets have to be handed in
on a weekly basis.
Examination requirements: The final examination will be in oral form.

Literature

We will mainly follow the exposition in the following textbook. McNeil, A.
J., Frey, R., Embrechts, P. (2005): Quantitative risk management. Concepts,
techniques, and tools. Princeton, NJ: Princeton University Press. Further
literature will be mentioned and referenced at the appropriate occasions.



Mathematical Methods for Data Analysis and
Image Processing

Course Code: 03-M-MDAIP-1

Dirk Lorenz

Contact: d.lorenz@uni-bremen.de

Description

This lecture covers several basic methods for standard tasks in data analysis
and image processing. A non-exclusive and non-exhaustive list of methods:
dimensionality reduction, clustering, filters, frequency analysis, morphological
methods... We will develop the mathematical theory that underlies these
methods since this is the basis for thorough understanding and proper execu-
tion of the methods. Moreover, we will deal with the practical implementation
of the methods and apply them to solve problems such as image denoising,
image deblurring, or music identification.

This lecture should enable you to take a deeper dive into image and data
analysis and prepares you to follow recent developments in the field.

Prerequisites

Analysis 1-2 (including limits, integration, differentiation, all multivariate,
preferably also Analysis 3, namely basics in measure theory), Linear Algebra
1-2 (including abstract vector spaces, norms and inner product spaces, matrix
decompositions), Numerics 1 and the ability to implement mathematical
methods in software (we will use Python) are needed. Some background in
Functional Analysis would be helpful.

Part I of the book “Mathematics for Machine Learning” from below covers
most of the prerequisitives of the course.

Structure

Lectures and exercise classes with weekly homework including theoretical and
practical programming exercises

Examination and Formalities

Successful homework (not counting towards the grade) and written exam
(graded).



Literature

Mathematical Image Processing; Kristian Bredies and Dirk Lorenz, Birkh&auser,
2018, https://link.springer.com/book/10.1007/978-3-030-01458-2
Mathematics for Machine Learning; Marc Peter Deisenroth, A. Aldo Faisal,
and, Cheng Soon Ong, Cambridge University Press, 2020, https://mml-book
.COII.

Foundations of Data Science; Avrim Blum, John Hopcroft, Ravindran Kannan,
Cambride University Press, 2020, https://doi.org/10.1017/9781108755528
and https://home.ttic.edu/~avrim/book.pdf


https://link.springer.com/book/10.1007/978-3-030-01458-2
https://mml-book.com
https://mml-book.com
https://doi.org/10.1017/9781108755528
https://home.ttic.edu/~avrim/book.pdf

Mathematical methods in machine learning
From risk minimisation to modern generative models

Course Code: 03-M-SP-51

Sebastian Banert (lectures), Nina Ohlckers (exercises)

Contact: banertQuni-bremen.de

Description

Machine learning can be viewed as a collection of methods for turning data
into predictions, decisions, representations or generative models. This course
takes such learning problems as its starting point. Typical questions are:
What should be learned from the available data? Which class of functions
or probabilistic models should be used? Which loss function expresses the
desired performance? How are the parameters of the model found? Why
should a method that performs well on the observed data also perform well
on new data? How can one quantify uncertainty, instability or possible failure
modes?

The course follows the main steps that occur in many learning problems.
We begin by formulating the task and the data-generating assumptions,
then introduce a model class and a loss or objective functional. We study
regularisation as a way of incorporating prior information, improving stability
or making an ill-posed problem tractable. We then discuss algorithms for
fitting the model, including deterministic and stochastic optimisation methods,
and ask what can be proved about their convergence and about the solutions
they select. Finally, we consider the transition from training performance
to performance on unseen data, which leads to questions of generalisation,
model complexity, stability and uncertainty.

The examples will be chosen from central learning tasks such as regression,
classification, inverse problems, representation learning, modelling of prob-
ability distributions, sequential prediction and learning on structured data.
The precise selection and depth of these topics may depend on the pace
of the course. The intention is not to give a catalogue of current machine
learning methods, but to use representative problems to develop reusable
mathematical ideas. Depending on time, some more recent model classes may
be discussed as examples of the same modelling workflow, especially when
they highlight both the power and the present limitations of mathematical
theory.

An important theme of the course is that the mathematical story is not
complete. Some parts of machine learning are well connected to established
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theory, for example through risk minimisation, regularisation, convex analysis,
Hilbert space methods, probability, concentration and optimisation. Other
parts are less well understood: the choice of expressive model classes, the
role of overparameterisation, the effect of stochastic training procedures, the
success of learned representations and the behaviour of modern generative or
sequential models are often only partially explained by existing theory. These
gaps will be made explicit, both as a warning against overly tidy explanations
and as an indication of active research directions.

By the end of the course, students should be able to formulate common learning
problems mathematically, identify the modelling and optimisation steps
involved, recognise where standard theory applies, and distinguish between
results that are supported by theorems and phenomena that are currently
understood only partially. The course thereby provides a mathematical
entry point into machine learning while leaving room for the uncertainty and
incompleteness that make the field an active area of research.

Prerequisites

A solid background in linear algebra, analysis, and the basics of probability
theory and functional analysis is required. Some exercises will require writing
and understanding code in Python. Concepts of numerical mathematics,
optimisation and statistics will be introduced as required, and previous
knowledge of these areas can be helpful, but is not required.

Structure

Two lectures and one exercise session per week. Lecture notes will be provided.

Examination and Formalities

The grade is based on a 30-minute oral examination (“Priifungsleistung”).
Active participation in the exercise sessions and regular submission of assign-
ments are required for a passing grade (“Studienleistung”). Details will be
given at the start of the course.

Literature

e Francis Bach, Learning theory from first principles, https://www.di.ens
fr/~tbach/ltfp_book.pdf


https://www.di.ens.fr/~fbach/ltfp_book.pdf
https://www.di.ens.fr/~fbach/ltfp_book.pdf

e Christopher M. Bishop and Hugh Bishop, Deep learning: Foundations
and concepts, https://doi.org/10.1007/978-3-031-45468-4

e Felipe Cucker and Ding Xuan Zhou, Learning theory: an approximation
theory viewpoint, https://doi.org/10.1017/CB0O9780511618796

e Mehryar Mohri, Afshin Rostamizadeh, and Ameet Talwalkar, Founda-
tions of machine learning, https://cs.nyu.edu/~mohri/mlbook/

e Shai Shalev-Shwartz and Shai Ben-David, Understanding machine learn-
ing, https:/ /www.cs.huji.ac.il/~shais/UnderstandingMachineLearning/

Further references may be announced during the course, especially for modern
topics.


https://doi.org/10.1007/978-3-031-45468-4
https://doi.org/10.1017/CBO9780511618796
https://cs.nyu.edu/~mohri/mlbook/
https://www.cs.huji.ac.il/~shais/UnderstandingMachineLearning/

Numerical Methods for Partial Differential
Equations

Course Code: 03-M-NPDE-1
Prof. Dr. Andreas Rademacher

Contact: arademac@Quni-bremen.de

Description

Partial differential equations are a main component in the modelling of
physical, chemical or biological phenomena in several spatial dimensions or in
space and time. They also often occur in mathematical problems in geometry
or calculus of variations. The lecture deals with the discretisation of partial
differential equations and the estimation of the error between continuous and
discrete solution. In particular, the finite difference and the finite element
method are introduced and investigated. We first discuss the application
of the methods to stationary elliptic problems. Later also time-dependent
problems are considered. The connection of theory, numerical analysis and
implementation is particularly important.

Prerequisites

Knowledge of matrices (regularity, eigenvalues, positive definiteness) and of
the numerical solution of linear systems is assumed in the course. Furthermore,
knowledge in the field of analysis (multidimensional differential and integral
calculus, Taylor series, Gauss’ theorem) is mandatory. Previous knowledge of
Sobolev spaces and in the field of weak solution theory of partial differential
equations is helpful. Basic knowledge of mathematical software is expected.

Structure

There are two lectures and one exercise per week. Every week an exercise
sheet is published with theoretical and, if applicable, practical tasks.

Examination and Formalities

At the end of the course, depending on the number of participants, there
will be an oral exam or a written exam as module examination. The course
credits are awarded with the help of tests. These tests are written over the
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course of the lecture period in line with the thematic progress of the lecture.
The exact dates are set at the beginning of the lecture.

Literature

Braess, D.; Schumaker, L. L.: Finite elements - theory, fast solvers, and
applications in elasticity theory, Cambridge University Press, Cambridge,
third edition, 2010

Knabner, P.; Angermann, L.: Numerical Methods for Elliptic and Parabolic
Partial Differential Equations, Springer, Cham, second edition, 2021
Johnson, C.: Numerical solution of partial differential equations by the finite
element method, University Press, Cambridge, 1987
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Advanced Communication Analysis:
Dynamical Systems in Climate Modeling

Course Code: 03-M-AC-22
Prof. Dr. Anke Pohl

Contact: apohl@uni-bremen.de

Description

Climate modeling is an arguably highly timely topic, whose theory is highly
involved and offers many challenges. Mathematics can contribute to some
degree to this research field. In particular the theory of dynamical systems
(continous-time, discrete as well as data-driven dynamical systems) plays an
important role in climate modeling as many entities of the climate can be
modelled as a dynamical system. This semester the topic of AC Analysis will
be on dynamical systems with a view towards climate modeling. AC Analysis
has the structure of a seminar for master’s students. It consists of a collection
of stand-alone topics (for 1-3 participants each) that fit into the joined theme.
The precise topics will be decided upon with the participants. Topics can be
based on recent journal articles or on textbook literature. The course can
serve as a basis for master theses.

Please sign in into the Stud.IP group early on to facilitate organization. You
can deregister at any time.

Prerequisites

Solid mathematical knowledge to the extent of a bachelor’s degree in math-
ematics. Choice of material and level of discussion of background material
will be adapted to the previous knowledge of the participants. No specific
prerequisites needed.

Structure

Weekly presentations of material by participants. Check in Stud.IP for date
and time of first meeting.

Examination and Formalities

Presentation (ca. 70 min) of a subtopic and written report/exposition. Pre-
sentation and report are graded separately. You need to obtained passing

12



grades in both parts. The course grade is the arithmetic mean of these two
grades.

Literature

References will be provided via Stud.IP.
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Empirical Bayes Methods for Large-Scale
Statistical Inference

Course Code: 03-M-AC-39
Nabaneet Das

Contact: nabaneet@Quni-bremen.de

Description

Empirical Bayes methodology provides a framework for analyzing large col-
lections of related statistical problems by estimating the underlying prior
distribution from the observed data. Its central ideas include hierarchical
modeling, shrinkage estimation, compound decision theory, and data-driven es-
timation of mixing distributions. These methods are particularly useful when
information can be shared across many parameters to improve estimation,
prediction, and uncertainty assessment. Important topics include large-scale
inference, empirical null distributions, false discovery rates, dependence, and
the consequences of model misspecification. Empirical Bayes methods have
important applications in high-dimensional data analysis, genomics, signal
processing, and related fields.

Prerequisites

No formal prerequisites, but a solid understanding of statistics and probability
theory is required to understand the material

Structure

At the beginning of the seminar, topics will be discussed and selected by the
students for their respective presentations. Thereafter, one presentation will
be scheduled each week, followed by a discussion session.

Examination and Formalities

Each student will be required to select a topic and give a presentation on
it. At the end of the seminar, a written report must be submitted, including
the necessary technical details and a relevant application of the chosen topic.
Students are also expected to participate actively in the presentations and
discussions of other participants.

14



High-Performance Visualization

Ausgewahlte Publikationen aus dem Bereich der Visualisierung
grofler wissenschaftlicher Datensatze

Course Code: 03-M-AC-2
Prof. Dr. Andreas Gerndt

Contact: gerndt@uni-bremen.de

Description

In der Einfiihrungsveranstaltung werden ausgewahlte Publikationen aus dem
Bereich der wissenschaftlichen Visualiserung vorgestellt. Die Studierenden
konnen sich dann fiir eine der Arbeiten entscheiden. Bis Weihnachten soll
die zugrunde liegende Basisliteratur recherchiert werden. Im weiteren Verlauf
des Semesters soll sodann das Thema aufbereitet und eine Seminararbeit im
Umfang von circa 20 Seiten ausgearbeitet werden. Zum Ende des Semesters
werden die Ausarbeitungen in Form von Vortrégen préasentiert. Abhéangig
von der Anzahl der Teilnehmenden erfolgen die Vortrage in Einzel- oder
Blockveranstaltungen. Es wird dabei erwartet, dass die Studierenden die
ausgearbeiteten Themen in Rahmen von 45-mintitigen Vortragen vorstellen.
Vortrag und Ausarbeitung sollten bevorzugt in Englisch erfolgen. Ausar-
beitung und Vortrag werden fiir eine Leistungsbewertung herangezogen. Fiir
Fragen und Unterstiitzung stehen iiber den Verlauf des Semesters Ansprech-
partner fiir die jeweiligen Themenbereiche zur Verfligung. Der Austausch
findet im Wesentlichen online statt.

Prerequisites

Das Seminar steht Studierenden aus den Fachbereichen Mathemathik, Infor-
matik oder aus einem relevanten Anwendungsfach (wie Geowissenschaften oder
Aerodynamik) offen. Hilfreich wére die vorherige Teilnahme an der Vorlesung
"High-Performance Visualization”. Dies stellt aber keine Voraussetzung dar.
Kenntnisse in Computer Graphics oder High-Performance Computing (HPC)
konnten ebenfalls hilfreich sein.

Structure

In der Einfiihrungsveranstaltung werden ausgewéhlte Publikationen aus dem
Bereich der wissenschaftlichen Visualiserung vorgestellt. Die Studierenden
konnen sich dann fiir eine der Arbeiten entscheiden. Bis Weihnachten soll
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die zugrunde liegende Basisliteratur recherchiert werden. Im weiteren Verlauf
des Semesters soll sodann das Thema aufbereitet und eine Seminararbeit im
Umfang von circa 20 Seiten ausgearbeitet werden. Zum Ende des Semesters
werden die Ausarbeitungen in Form von Vortrégen préasentiert. Abhéngig
von der Anzahl der Teilnehmenden erfolgen die Vortrage in Einzel- oder
Blockveranstaltungen. Es wird dabei erwartet, dass die Studierenden die
ausgearbeiteten Themen in Rahmen von 45-miniitigen Vortragen vorstellen.
Vortrag und Ausarbeitung sollten bevorzugt in Englisch erfolgen.

Examination and Formalities

Ausarbeitung und Vortrag werden fiir eine Leistungsbewertung herangezo-
gen. Fir Fragen und Unterstiitzung stehen iiber den Verlauf des Semesters
Ansprechpartner fiir die jeweiligen Themenbereiche zur Verfiigung. Der
Austausch findet im Wesentlichen online statt.

Literature

- Ausgewihlte Konferenz-Veroffentlichungen und Journal-Artikel aus den
verschiedenen Bereichen der High-Performance-Visualisierung; diese werden in
der Einfiihrungsveranstaltung prasentiert. - A. C. Telea, ”"Data Visualization
— Principles and Practice”, 2. Edition, CRC Press, 2015 - E. W. Bethel, H.
Childs, C. Hansen, "High Performance Visualization”, CRC Press, 2013 - W.
Schroeder, K. Martin, B. Lorensen, " The Visualization Toolkit”, 4. Edition,
Kitware, 2006
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Introduction to Robust Control
Course Code: 03-M-AC-31
Dr. Chathura Wanigasekara

Contact: chathura@uni-bremen.de

Description

In this course Robust control is introduced. Robust control is an approach
to design controllers to deal with uncertainty. The aim is to achieve robust
performance (or stability) in the presence of bounded modelling errors.

Prerequisites

Basic knowledge of control systems; Basic knowledge of optimisation

Structure

Type of Course:Seminar Level: Masters Course Language: English

Examination and Formalities

Assignment and Oral Examination

Literature

1. B. Francis, A course in H,, control theory, Springer-Verlag, 1987. 2. J.
Doyle, B. Francis, A. Tannenbaum, Feedback Control Theory, Macmillan
Publishing Company, 1990. 3. S. Skogestad, 1. Postlethwaite, Multivariable
Feedback Control, Analysis and Design, John Wiley & Sons, 1996. 4. . Zhou,
J.C. Doyle, K. Glover, Robust and Optimal Control, Prentice-Hall, 1996. 5.
G.E. Dullerud, F. Paganini, A Course in Robust Control, Springer-Verlag,
1999. 6. S. P. Bhattacharya, H. Chapellat, L. H. Keel. Robust Control-The
Parametric Approach, Prentice Hall, 2000.
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Reading Course Algebra
Introduction to Algebraic Topology

Course Code: 03-M-RC-ALG

Dmitry Feichtner-Kozlov
Contact: dfk@math.uni-bremen.de

Description

The course is a self-study with several presentations during the term.

Prerequisites

Algebra is recommended.

Structure

Please begin by contacting Prof. Feichtner-Kozlov. Individual meetings
scheduled throughout the term.

Examination and Formalities

Oral presentation.

Literature

To be specified during the class.
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Reading Course Analysis: Climate Modeling
and Dynamical Systems

Course Code: 03-M-RC-ANA
Prof. Dr. Anke Pohl

Contact: apohl@uni-bremen.de

Description

Climate modeling is an arguably highly timely topic, whose theory is highly
involved and offers many challenges. Mathematics can contribute to some
degree to this research field. In particular the theory of dynamical systems
(continous-time, discrete as well as data-driven dynamical systems) plays an
important role in climate modeling as many entities of the climate can be
modelled as a dynamical system. In the Reading Course Analysis we will
study certain aspects of this theory. The precise topics treated will be decided
upon with the participants. The topic can be based on recent journal articles
or textbook literature. The reading course can serve as a basis for master
theses.

Please sign in into the Stud.IP group early on if you are interested in this
reading course in order to contribute to the discussion on the topic. You can
deregister at any time.

Prerequisites

Solid mathematical knowledge to the extent of a bachelor’s degree in math-
ematics. Choice of material and level of discussion of background material
will be adapted to the previous knowledge of the participants. No specific
prerequisites needed.

Structure

Weekly assignments of reading material, weekly meetings for discussions and
presentations of material by participants. Check in Stud.IP for date and time
of first meeting.

Examination and Formalities

Active participation (reading material, presentations and discussions), written
exposition ("report”) of selected material
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Literature

References will be provided via Stud.IP.
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