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What is TDA?

e TDA uses the shape of the data to analyze a dataset. E.g., outlier detection and inference.

e A common approach to TDA is Persistent Homology



https://www.youtube.com/watch?v=9NlqYr6-TpA
http://www.cs.cmu.edu/~kmcrane/Projects/ModelRepository/

What is TDA? (Cont'd)
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https://medium.datadriveninvestor.com/persistent-homology-f22789d753c4

Persistent Homology

e “Only the most persistent holes survive.”- Shawhin Talebi
e Using these circles and their radii, we can keep track of their "births” and “deaths”
to make a persistence diagram.
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https://medium.datadriveninvestor.com/persistent-homology-f22789d753c4

Persistence Diagrams for Time Series

For time series, blowing up circles doesn't make sense, instead we think
of this as sweeping a horizontal line up the entire signal.

Koplik, Gary (2019) Persistent Homology: A Non-Mathy Introduction with Examples



https://towardsdatascience.com/persistent-homology-with-examples-1974d4b9c3d0

Challenge 1 Challenge 2 Challenge 3

Get familiar with the notions of Set up code that computes and plots Test the behavior of PD for
TDA for the analysis of time the PD for a time series. different time series.
series.

import persim
from ripser import ripser

from persim import plot_diagrams
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Williams, A 2020

Wasserstein Distance (Earth-mover’s Distance)

B dirt pile
Il hole

Example transport path. The arrow schematizes w units of dirt being transported from location (x0, y0) to (x1,y1). A complete transport plan
specifies transport paths like this over all pairs of locations.


http://alexhwilliams.info/itsneuronalblog/2020/10/09/optimal-transport/

The dirt's image is from Codewars.

Wasserstein Distance (Earth-mover’s Distance)
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Diego making a fool of himself.



https://www.codewars.com/kata/58b34b2951ccdb84f2000093

Wasserstein Distance (Earth-mover’s Distance)

For example, between these 2 persistence diagrams.
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Distance matrix example

d(series_1,series_2)

d(series_1, series_1)

d(series_2,series_1)

Matrix made with Matrixcalc .


https://matrixcalc.org/es/

How to identify an outlier
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Outlier diagram from Denis Cousineau. Distance Histogram from Fernandoblancopsy.



https://fernandoblancopsy.com/2019/11/07/curso-de-estadesteca-mal-3-outliers/
https://www.researchgate.net/profile/Denis-Cousineau

PLASTICC

Photometric LSST Astronomical Time Series Classification Challenge
Simulated lightcurves in ugrizy bands, containing 14 classes of astronomical objects
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The Distance Matrix of 1000 PLAsSTICC Lightcurves

Average Wasserstein distance can differ by 2 order of magnitudes
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g band flux

Top 5 Outliers - Bright lightcurves

Amplitudes of lightcurves can influence Wasserstein distance
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Normalizing lightcurves by average brightness

Resulting in a much narrower distribution than the original distribution
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Top 5 Outliers of Normalized Lightcurves

Transients!

Normalized g band flux
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Remark 1

What is the effect of noise on the
PD of a time series?



Death

Persistence Diagram

17.51

15.0 1

12,59

10.0 1

7.5 1

5.0 1

2.51

0.0

e

® Ho

T T T
5.0 75 10.0 125 15.0 175
Birth

17.51

15.01

12,51

10.0 1

7.5

5.0

2.5

0.01

Persistence Diagram

20 =
’I
s
L] e
/
159 P
/
7’
s
/
7’
7
7’
'/
£ 10 P
7’
-3 e
’I
7’
7’
/
7’
'l
5: 7
o -—
2 ® Ho
T T T T
5 10 15 20

Birth

10

15

20

25

Death

Persistence Diagram

10 A

16 A

Persistence Diagram

14

129

101

Death

Birth




“I gil!" l'l”i‘ |l l&l“u 1| |!|l il ]s IQ

g i l"l |

'la

: ‘l'll"umi* ||'"H i iiﬂl]ﬂ‘if |fi’




Wasserstein distance vs. N/S of sinusoidal functions
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Remark 1 ENE

What is the effect of noise on the What happens with the PD of a
PD of a time series? time series when we do irregular
sampling on it?



Wasserstein Distances for different observational cadence against original time series
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Laser Interferometer Gravitational-Wave Observatory (LIGO) data

e We fetched the data associated with the Big Dog Event, a blind-injection test designed to measure the response of the
instrument and the survey team to a potential signal.

Hanford measures Livingston measures Virgo measures
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http://www.ligo.caltech.edu/
http://www.ligo.org/news/blind-injection.php

Laser Interferometer Gravitational-Wave Observatory (LIGO) data

e We performed segmentation of the time series in 20 chunks of 8192 points each.
e  First chunk from Livingston dataset and its PD.
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http://www.ligo.caltech.edu/

Conclusions

*

Persistent homology provides a method of characterizing the shape of data.
The key strength of this approach is extracting robust topological features from
data, insensitive to noise.

We were able to create an outlier detection pipeline using TDA and prove
the concept that TDA, i.e. persistent homology, can be used for outlier
detection in PIAsTiCC simulated time series.

We further tested the influence of noise and observational cadence on the

Wasserstein distance using our simulated time series. We found they could
significantly increase Wasserstein distance in some cases. We will investigate
those factors before applying this method to real astronomical datasets.
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Links to references:

https://towardsdatascience.com/persistent-homology-with-examples-1974d4b9c¢3d0
https://medium.datadriveninvestor.com/persistent-homology-f22789d753c4
https://ripser.scikit-tda.org/en/latest/notebooks/Lower%20Star%20Time%20Series.html
https://www.astroml.org/user_guide/datasets.html#time-domain-data
https://plasticc.org/

https://www.frontiersin.org/articles/10.3389/frai.2021.667963/full
https://en.wikipedia.org/wiki/Topology
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https://towardsdatascience.com/persistent-homology-with-examples-1974d4b9c3d0
https://medium.datadriveninvestor.com/persistent-homology-f22789d753c4
https://ripser.scikit-tda.org/en/latest/notebooks/Lower%20Star%20Time%20Series.html
https://www.astroml.org/user_guide/datasets.html#time-domain-data
https://plasticc.org/
https://www.frontiersin.org/articles/10.3389/frai.2021.667963/full

