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- global data sphere = summation of all created, captured or replicated data in the World. - in 2021, we were around 79 zB, 90% of which were replicated data▶ total amount of data stored in the world (including 10% of unique data):

2 Zo (2010) −→ 79 Zo (2021)
predict.−→ 181 Zo (2025) (1 Zo = 1021 octets)

— source: International Data Corporation

Context: the data deluge



here we see empirical distributions of Euclidean distances divided by the cube’s diameter, for points sampled iid according to the uniform distribution in [0, 1]d. → as d increases, the mean distance stays within a constant factor of the cube’s diameter, while the standard deviation goes to zero.

Major challenges

Noise

Dimensionality

Scale

source de l’image : https://stats.stackexchange.com



Remedy : reveal & exploit underlying structures

(Takens’
embedding)

window
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C’est de ce cette constatation qu’est nee l’analyse topologique des donnees, dont le but est d’identifier et d’encoder la topologie des objets sous-jacents aux donnees.

like homology groups, or the dimension of their free part (called Betti numbers)

Enter topological data analysis (TDA)

algebraic invariants
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Topological data analysis
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C’est de ce cette constatation qu’est nee l’analyse topologique des donnees, dont le but est d’identifier et d’encoder la topologie des objets sous-jacents aux donnees.Enter topological data analysis (TDA)

Topological data analysis

β0 β1 β2

topological space

point cloud

• invariance properties

• provable stability guarantees

• complementary to other descriptors

• few parameters, automatically tunable

multiscale algebraic invariants



(examples)

(test shapes)

Example of application: shape segmentation

Task : segment 3d shapes from examples

Supervised learning approach:

- train a predictor on descriptors extracted from the examples

- apply the predictor to the descriptors extracted from the test shapes

[M. Carrière, S. Oudot, M. Ovsjanikov: Stable Topological Signatures for Points on 3D Shapes, Proc. SGP, 2015]



Example of application: shape segmentation

Task : segment 3d shapes from examples

Supervised learning approach:

- train a predictor on descriptors extracted from the examples

- apply the predictor to the descriptors extracted from the test shapes

Error rates (%):

geom/stat TDA geom/stat + TDA

Humanoids 21.3 26.0 11.3
Airplanes 18.7 27.4 9.3
Ants 9.7 7.7 1.5
Four legs 25.6 27.0 15.8
Octopuses 5.5 14.8 3.4
Birds 24.8 28.0 13.5
Fish 20.9 20.4 7.7

[M. Carrière, S. Oudot, M. Ovsjanikov: Stable Topological Signatures for Points on 3D Shapes, Proc. SGP, 2015]



The TDA pipeline in a nutshell

metric space

filtration barcode

(geometry)
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vectors
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AI model



The TDA pipeline in a nutshell

metric space

filtration barcode

(geometry)
(homology)

4 foundational pillars (persistence theory):

• decomposition theorems (∃ barcodes)

• algorithms (barcodes calculation)

• stability theorems (barcodes as descriptors)

• connections to other domains (geometry / analysis / statistics / AI)

persistence diagram



Course outline

• Session 9: Reeb graphs and Mapper + lab

• Session 1: introduction to persistence theory + lab

• Sessions 2-3: homology theory + exercises

• Session 4-5: persistence theory + lab (graded)

• Session 5: topological inference + lab

• Session 6: topological descriptors + lab

• Session 8: statistics with topological descriptors + exercises

• Final written exam

• Session 7: learning with topological descriptors + exercises
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• origins : Morse theory

- rank ≡ interval

- span ≡ length / persistence

(1930’s-1940’s)
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Historical view

• origins : Morse theory

- rank ≡ interval

- span ≡ length / persistence

• subsequent echoes

- size theory [Frosini et al.]

- canonical forms [Barannikov]

- persistent Betti numbers [Robins]

- persistence modules [Carlsson, Zomorodian]

- interleaving distance and stability

• persistence theory
- connection to sheaf theory

(1930’s-1940’s)

(1990’s)

(2000’s-)

- connection to optimal transport

- persistence algorithm

[Lesnick]

- connection to representation theory
[Crawley-Boevey]

[Kashiwara, Shapira]

[Carrière, Cuturi, Oudot] [Divol, Lacombe]

[Carlsson, de Silva]

[Curry]

- connection to statistical inference
[Chazal et al.][Wasserman et al.]

- connection to symplectic geometry
[Polterovich, Shelukhin et al.]

[Chazal, Cohen-Steiner, Glisse, Guibas, Oudot]

[Cohen-Steiner, Edelsbrunner, Harer]

[Edelsbrunner, Letscher, Zomorodian]


