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- Les donnees de ce type apparaissent dans des contextes scientifiques et industriels tres divers. En outre, elles proliferent a un rythme sans precedent, avec notamment la democratisation des appareils d’acquisition bon marche, en premier lieu des capteurs photographiques ou gyroscopiques des telephones portables, ou encore des scanners 3d comme la kinect. Par exemple, pres de 300 millions d’images ont ete uploadees sur Facebook en 2014, et on estime a pres d’un milliard le nombre total d’images echangees sur le Net. - Pour faire face a ce deluge de donnees, il y a aujourd’hui un besoin fort en nouvelles methodes automatiques pour analyser, classer et labeliser les donnees.Context: The data deluge
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Modern data sets are ever more massive and complex:

• academia

• industry

• general public
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Modern data sets are ever more massive and complex:

• academia

• industry

• general public
Need scalable and robust methods
to analyze and classify these data



- ma recherche s’inscrit dans le contexte de l’analyse exploratoire des donnees, dont l’objectif est l’etude descriptive des structures sous-jacentes aux donnees en vue de leur interpretation ou de leur comparaison. - dans mon cas je m’interesse surtout aux donnees quantitatives de nature geometrique, materialisees generalement par des nuages de points munis de metriques ou de mesures de similariteExploratory analysis of geometric data
Input: point cloud equipped with a metric or (dis-)similarity measure

data point ≡ image/patch, geometric shape, protein conformation, patient, LinkedIn user...
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Goal: describe the structure of
the geometry underlying the data,
for interpretation or summary



Challenges
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PCA Isomap

Challenges
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(source: [Lee, Pederson, Mumford 2003])

4 million data points in R9

Motivation: study cognitive representation
of space of images

Topology
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Topology
This is a lie!



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

This is our goal at large. To achieve it, we use concepts and tools from algebraic topology (A.T.).The topology of data (TDA)
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topological invariants for classification

β0 = β2 = 1
β1 = 2

Algebraic topology in the 20th century

Algebraic topology in the 21st century

β0 β1 β2

compact set

triangulation

point cloud

topological descriptors for inference and comparison



Topology from Data

→ inspect data at all scales and see what ‘persists’

→ uncover the topological structure of the space(s) underlying the data

Input: point cloud P ⊂ Rd
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Approach: Compute persistence of distance function

dP : R2 → R
x 7→ minp∈P ‖x− p‖2
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Approach: Compute persistence of distance function

dP : R2 → R
x 7→ minp∈P ‖x− p‖2

4 8 12 16 20 24 28 320

Challenge:
provide theoretical guarantees

(sufficient sampling conditions under
which the barcode of dP reveals the
homology of the underlying space)
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0

∞

point cloud simplicial filtration

proximity rule homology

barcode (signature)

In practice: The inference pipeline
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0

∞

point cloud simplicial filtration

Challenges:

• scaling with input size and dimensionality

• theoretical guarantees (sweet range, SNR)
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proximity rule homology

barcode (signature)

In practice: The inference pipeline



Example: sampled periodic curve in the 2d flat torus, embedded into R4 through the Clifford embedding Note: find pictorial representation of Clifford torus on the Internet

(R
m
o
d
Z)

2 (u, v) 7→ 1√
2
(cos(2πu), sin(2πu), cos(2πv), sin(2πv))

⊂
S3
⊂
R
4

source: http://http://en.wikipedia.org/wiki/Clifford_torus

Motivating example (manufactured data)

8



Example: sampled periodic curve in the 2d flat torus, embedded into R4 through the Clifford embedding Note: find pictorial representation of Clifford torus on the Internet

(R
m
o
d
Z)

2 (u, v) 7→ 1√
2
(cos(2πu), sin(2πu), cos(2πv), sin(2πv))

⊂
S3
⊂
R
4

source: http://http://en.wikipedia.org/wiki/Clifford_torus

n = 2000 data points

Motivating example (manufactured data)
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intrinsic dimension k = 1, 2, 3

ambient dimension d = 4



This has been one of the most commonly used filtrations since the introduction of persistence in the early 2000’s. However, it is only in 2008 that we provided guarantees on the existence of a sweet range for it. Before that, people were using it in practice with no theoretical guarantees.Vietoris-Rips filtration

n = 2000 data points

Motivating example (manufactured data)
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size ∼ 2n | nd+1

intrinsic dimension k = 1, 2, 3

ambient dimension d = 4



This has been one of the most commonly used filtrations since the introduction of persistence in the early 2000’s. However, it is only in 2008 that we provided guarantees on the existence of a sweet range for it. Before that, people were using it in practice with no theoretical guarantees.Vietoris-Rips filtration

computation limit (500 · 106 simplices) 3-sphere

n = 2000 data points

(37 · 109 simplices)

Motivating example (manufactured data)
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size ∼ 2n | nd+1

intrinsic dimension k = 1, 2, 3

ambient dimension d = 4



barcode of the mesh-based filtration from [HMOS10], drawn on a logarithmic scale (abcissa = log of geometric scale) Note: to be fair, this barcode is probably the noisiest obtained from the aforementioned filtrations. Nevertheless, in principle all these will contain extra topological noise since they approximate the wrong guys

uses 8 GB of RAM. For comparison, the Delaunay triangulation has 5 million simplices

mesh-based filtration

n = 2000 data points

(12 · 106 simplices)

Motivating example (manufactured data)
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intrinsic dimension k = 1, 2, 3

ambient dimension d = 4

size ∼ 2d
2
n



along the way, we greatly improved the signal-to-noise ratio within the sweet range, even compared to the original Rips filtration

n = 2000 data points

(200 · 103 simplices)

Rips zigzags

Motivating example (manufactured data)
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intrinsic dimension k = 1, 2, 3

ambient dimension d = 4

size ∼ 2k
2
n



PCA Isomap

Natural images data

9

(source: [Lee, Pederson, Mumford 2003])

4 million data points in R9

Motivation: study cognitive representation
of space of images

Topology
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Natural Images Data

Preprocessing: - select bottom x% of data points according to k-NN distance

- sample 5000 points uniformly at random from filtered point set

k = 1200, x = 10 k = 1200, x = 20 k = 1200, x = 30

k = 8000, x = 10 k = 8000, x = 20 k = 8000, x = 30

k = 24000, x = 10 k = 24000, x = 20 k = 24000, x = 30

50 landmarks

50 landmarks

(source: [de Silva, Carlsson 04])
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(source: [O., Sheehy 13])
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Natural Images Data

Preprocessing: - select bottom x% of data points according to k-NN distance

- sample 5000 points uniformly at random from filtered point set

(source: [Carlsson, Ishkhanov, de Silva, Zomorodian 2008])


