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Problems




Correntropy

The correntropy is a localized similarity V \/V\/\/\/

metric for time series. It generalizes the ek

’ ]
correlation function to Non-Gaussian and \/\/\/\/\/
non-linear processes SRSRVAVIL VAL VAR VSR VAR

Lag [s]




Automated period detection

Correntropy (generalized correlation) is used
to compute similarities between samples

Go beyond second order statistics, taking into
account higher order moments

Robustness to outliers and noise
Spectral decomposition of correntropy using
advanced signal processing techniques

Gaussian basis functions are used instead of
sinusoids

Go beyond Fourier representation to get super-
resolution, more localized and sparser spectra



Correntropy for periodicity

detection in light curves
2 Dr. Pablo Huijse

Correntropy kernelized periodogram (CKP), for
unevenly sampled time series, robust against

impulsive noise and outliers, can be tuned to
different shapes.
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Spectral Decomposition based on Corren-
tropy and Non-negative Matrix Factorization
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PSD
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Sparse and superesolved frequency
representation for correntropy using
NMF (similar to LASSO with adaptive
dictionary and NN constraint)

Advantages: Robust to
noise/outliers, better frequency Lol
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— NMFSC
— Lomb Scargle




Non-stationary kernels for quasi-periodicity

detection
WISc student: Catalina Elzo
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Design quasi-periodic P
kernels (generative W\f“‘,

model), plug them into the
CKP (detection)
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Time to go fishing (for quasiperiodics)

period: 193,043

18 Im0134n24347

period: 137.8124

Im0130n14777
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Detection of groups of

complementary features

-PhD student: Jorge Vergara

Selecting relevant features improves the performance of ML

classifiers (better generalization) and reduce computational
time.

Some features might be relevant only when they work in a
group.
Mutual information criterion to sort relevant features and

detect complementary groups. Sequential strategy to detect
Interactions between features.
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NMF, SOM and SVM: a semi-supervised
approach to variable star detection for DECAM

Undergrad Student: Emanuel Berrocal

21x21 stamps of
candidates from the
DECAM

Visualize and define
clusters using SOM

Label the data and
classify using
supervised methods
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Correntropy Kalman filter for variability
detection on images

Sc student: Pablo Huentelemu

A Kalman filter is used to discriminate
the dynamic background on a set of
astronomical images

The correntropy gives the Kalman filter
robustness to noise and outliers,
and enhanced performance on non-
gaussian settings.

Smooth increments in brightness are
saved
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Preliminary results on periodicity
detection for VVV

Results with N<20

Ind: 41287

16.1
16.2
16.3
16.4
16.5

16.6
16.7

Magnitude

16.8
16.9
17

5.5

5.55 56
HJD [days]

Irdd: 90314

5.65
v 10

10

10.5

11

Magnitude

11.5

12

55

5.55 56
HJD [davs]

5.65

w i

Magnitude

Magnitude

Pariod: 5.102

16.1
16.2
16.3
16.4

185] .

16.6
167
16.8
169

17

-0.5 0
Phase

Pariod: 5291

0.5

10

10.5

11

11.5

12

-1

-0.5 a
Phase

05

Ind: 71091
16.4
o 16.5 ®
3 3
E? 16.6 E?
= =
16.7
16.8
55 555 56 565
HJD [daysl v
Ind: 47805
10.5
grossl ] | L
E Hh l |
£ | |
g 108 [ -
2 i l
1065 ]
10.7 1
558 56 562 564 566
HJD [davsl v

Parnod: 1.4837
16.4 .
185) T, -
166 K -
16.7
16.8
-1 -0.5 0 0.5 |
Phase
Pariod: 47519
10.5
o 1055 Lo r
}E . . .
= . . .
& 106 .
=
10.65
107 : .
-1 -0.5 Q 0.5
Phasze




Computational Intelligence
Challenges and Applications
on Large-Scale Astronomical

Time Series Databases

Puablo Huijse
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Abstract—Time-domain astronomy (TDA) & facing 2 pam-
digrmn shift caused by the exponential growth of the sample size,
data complexity and data geneation rates of new atronomical
sky murveys. For example, the Large Synoptic Survey Tekscope
[L55T), which will begin operations in northern Chile in
2022, will generate a neardy 150 Petabyte imaging dataset of
the southern hemisphere sky:. The LSST will stream data at
rates of 2 Terabytes per hour, effectheely cptoring an unprece-
dented mowvie of the sy The LS5T & expected not only to
improve oor undersanding of time-varying astrophy=ical
objects, but ako to reveal 2 plethor. of yet unknown Gint and
fast-warying phenomena To cope with a change of paradigm to
data—driven astronaemy, the fdds of atroinformatics and astro-
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statistics have been ormted recently The new datz-oriented
paradigms for astronomy combine statistics, data mining,
knowledge discovery, machine learning and computational
intelligence, in order to provide the automated and robust
methods needed for the rapid detection and cha#fication of
knavarn astrophysicl ohjects as well as the onsupervised charac-
terization of novel phenomena. In this article we presoot an
mverview of machine barning and computational intelligence
applications to TIDA. Futore big data challenges and new Enes
af research in TIDA, forusing on the LSST, are identified and
discossed from the viewpoeint of compuotational imelligences

machine learning. Interdisciplinary colhbomation will be

Crpyright £ 2013 |EEE Percnal e of thi material i permised. Howees, permi-
o m iz this materal fir any oo purpau o he sbtesed fem the [EEE by
Lending 3 rea i prb perEEm e

1556- B X A EH M EEE




