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Welcome to our course on dimension reduction for data on Riemannian man-
ifolds!

We will do three sessions (27/10, 03/11, 10/11 at 2pm) of 1-1.5 hours each.
Each session will start by a presentation from Tom and Morten, but the aim is
for all of us to discuss! The sessions requires no preparatory work on your side.
Below follows a rough schedule and relevant references. We’re also compiling a
more comprehensive list of literature related to the topic. This list is an ongoing
work.

1 Program

1.1 Session 1: From Euclidean PCA to PGA , Thursday 27/10

In this session we will discuss Euclidean PCA and its most straightforward gen-
eralizations to manifold-valued data; tangent PCA and PGA. We will describe
how characterizations that are equivalent in the Euclidean case are no longer
equivalent in the manifold case, and how interpretations differ. We will also
discuss how to compute (implement) the methods.

Relevant literature :

• Original PCA paper [Pearson, 1901].

• Probabilistic PCA paper [Tipping and Bishop, 1999].

• More extensive review of PCA, PPCA and variants [Bishop, 2006, Chap-
ter 12].

• For an introduction to geometric statistics, tangent PCA and PGA, see
the first two chapters of [Pennec et al., 2019] (esp. section 2.3).

• The original paper on PGA is [Fletcher et al., 2004].

• A paper discussing computational aspects of PGA is [Sommer et al., 2014].
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https://docs.google.com/spreadsheets/d/1CPPwZOUJTIeKVYVKwKrxsM8vtyFr8kaG8CDOQwlSw4Y/edit#gid=0


1.2 Session 2: Barycentric Subspace Analysis, Thursday 03/11

In this session, we will present and discuss Barycentric Subspace Analysis (BSA)
[Pennec, 2018]. Given a manifold-valued dataset, barycentric subspaces are the
set of points on the manifold which are weighted means of k + 1 reference
points. They locally form a k-dimensional submanifold that generalizes geodesic
subspaces. Instead of being parameterized by vectors like previous methods,
they are parameterized by reference points – that can be points of the dataset
–, which contain more information than vectors. The method is pretty recent
and thus raises many interesting perspectives. We will present the method, its
applications, and open a discussion on its perspectives.

Relevant literature :

• BSA [Pennec, 2018]

• Robust barycentric subspaces [Pennec, 2017]

• Applications to cardiac motion tracking [Rohé et al., 2016]

1.3 Session 3: Other methods, Thursday 17/11

In this session we will review several other methods of dimension reduction for
manifold-valued datasets. We will review methods that are specific to certain
manifolds like Principal Nested Spheres (PNS), but also more general ones using
for instance probabilistic frameworks. The aim in the end will be to classify the
literature on Riemannian dimension reduction based on the properties that the
different methods can have. Examples of properties are: is the method based on
a base point? If yes, is it selected in advance or optimized for? Does the method
yield a submanifold? A nested sequence of submanifolds? Is the method based
on geodesics? On stochastic paths, e.g. Brownian motions?

Relevant literature :
The literature list below contains some methods that will be described or

mentioned in the session. For a more extensive list, see here.

• [Huckemann and Eltzner, 2021] contains a survey of dimension reduction
methods for manifold valued data.

• Principal nested spheres is presented in [Jung et al., 2012], and some ap-
plications to molecular dynamics can be found in [Dryden et al., 2019].

• Infinitesimal PPCA is presented in [Pennec et al., 2019, Chapter 10].

• Geodesic PCA is presented in [Huckemann et al., 2010].
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https://docs.google.com/spreadsheets/d/1CPPwZOUJTIeKVYVKwKrxsM8vtyFr8kaG8CDOQwlSw4Y/edit#gid=0
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