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“Crude classifications and false generalizations are the curse of organized life.” G. B. Shaw



In this talk

Unsupervised Learning

Three astronomical examples

Alberto Krone-MartinsESO AIA 2019 Unsupervised Learning



In this talk

Unsupervised Learning

Three astronomical examples

Alberto Krone-MartinsESO AIA 2019 Unsupervised Learning



Explict methods : talking with machines

Bernasconi

What would you do  
to find stars and galaxies 

in this image?
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If compatible with 
a PSF  
= star

If not compatible 
with a PSF  

= galaxy

Bernasconi

Human 
crafted 

decision  
rules

Explict methods : talking with machines
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Explicit methods : limitations

We need to write 
the underlying 

rules…

Bernasconi

Are there only 
stars & galaxies in 

the Universe?

What happens 
with small 
galaxies?
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Explicit methods : limitations

We need to write 
the underlying 

rules…

Bernasconi

Are there only 
stars & galaxies in 

the Universe?

What happens 
with small 
galaxies?

Supervised machine 
learning…
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Supervised methods : limitations

Are there only 
stars and galaxies 
in the Universe?

What if there is  
no training data 

available?

Bernasconi

Biased results

Classically, 
impossible

Alberto Krone-MartinsESO AIA 2019 Unsupervised Learning



Unsupervised learning

yesayasoftware.com
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Unsupervised learning : Cornerstones
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Clustering

Data

Classification
(y1, ..., yk),with yi 2 Z

(x1, ..., xk),with xi 2 Rn
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Clustering

Dimensionality Reduction

Data

Lower dimensional representation

Classification
(y1, ..., yk),with yi 2 Z

(y1, ..., yk),with yi 2 Rp, and p ⌧ n

(x1, ..., xk),with xi 2 Rn



Unsupervised learning : Cornerstones
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Clustering

Dimensionality Reduction

Data

Lower dimensional representation

Classification
(y1, ..., yk),with yi 2 Z

(y1, ..., yk),with yi 2 Rp, and p ⌧ n

(x1, ..., xk),with xi 2 Rn

Clustering can be seen as a limit case of dimensionality reduction
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

Similarity measure?
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

Similarity measure? Euclidean (p=2)

Manhattan (p=1)

Minkowski 

…

dp(xi,xj) =

 
mX

k=1

|xik � xjk|p
!1/p
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Unsupervised learning : Ingredients
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

Similarity measure?

Clustering evaluation criterion? Intra-cluster cohesion

Inter-cluster separation

External data validation : 
expert knowledge



Unsupervised learning : Ingredients
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

Similarity measure?

Clustering evaluation criterion?

How to optimize?
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

k-Means

Mixture model-based

Density-based

Hierarchical
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

k-Means
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

k-Means

Iteration 2
First class assignmentRandom centers
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

k-Means

Iteration 3
Class assignmentNew Centers
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

k-Means

Iteration 4
Class assignmentNew Centers
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

k-Means

Iteration 5
Class assignmentNew Centers
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

k-Means

Final iteration
Class assignmentNew Centers
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

Hierarchical

Agglomerative

Iteration 1
Data
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

Hierarchical

Agglomerative

Iteration 1
Data

Euclidean

Clustering 1
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

Hierarchical

Agglomerative

Iteration 2
Data

Euclidean

Clustering 2
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

Hierarchical

Agglomerative

Iteration 3
Data

Euclidean

Clustering 3
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

Hierarchical

Agglomerative

Representation : Dendrograms
Clustering 3
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ClusteringData Classification
(y1, ..., yk),with yi 2 Z(x1, ..., xk),with xi 2 Rn

Hierarchical

Agglomerative

Divisive
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Data
(x1, ..., xk),with xi 2 Rn

Dimensionality Reduction Lower dimensional representation
(y1, ..., yk),with yi 2 Rp, and p ⌧ n

Discover a new space in which the 
data has a sparser representation
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Data
(x1, ..., xk),with xi 2 Rn

Dimensionality Reduction Lower dimensional representation
(y1, ..., yk),with yi 2 Rp, and p ⌧ n

PCA

Data
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Data
(x1, ..., xk),with xi 2 Rn

Dimensionality Reduction Lower dimensional representation
(y1, ..., yk),with yi 2 Rp, and p ⌧ n

PCA

Data
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Data
(x1, ..., xk),with xi 2 Rn

Dimensionality Reduction Lower dimensional representation
(y1, ..., yk),with yi 2 Rp, and p ⌧ n

PCA

NNMF Dictionary Learning 

Non-Negative Sparse Coding
min
D2C

lim
n!+1

1

n

nX

1

min
↵i

✓
1

2
kxi �D↵ik22 +  (↵i)

◆
.
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Data
(x1, ..., xk),with xi 2 Rn

Dimensionality Reduction Lower dimensional representation
(y1, ..., yk),with yi 2 Rp, and p ⌧ n

PCA

NNMF Dictionary Learning 

Non-Negative Sparse Coding
min
D2C

lim
n!+1

1

n

nX

1

min
↵i

✓
1

2
kxi �D↵ik22 +  (↵i)

◆
.

Manifold learning
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Data
(x1, ..., xk),with xi 2 Rn

Dimensionality Reduction Lower dimensional representation
(y1, ..., yk),with yi 2 Rp, and p ⌧ n

Discover a new space in which the 
data has a sparser representation

Information Theory : Compression

Statistics : Latent variable models

ML : Dimensionality Reduction

Sparsity



In this talk

Unsupervised Learning

Three astronomical examples
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Unsupervised learning : Stellar Clusters

yesayasoftware.com
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Unsupervised learning : Stellar Clusters
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UPMASK 

Algorithms: 
PCA, k-means 

clustering, KDE2D, 
random field 

construction, PDF-
sampling, iterations

Membership scores

Photometry, positions, etc.

Krone-Martins & Moitinho, 2014
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Unsupervised learning : Stellar Clusters

ESA/DPAC/U.Lisboa/CENTRA

UPMASK 

Algorithms: 
PCA, k-means 

clustering, KDE2D, 
random field 

construction, PDF-
sampling, iterations

Supervised vetoing

Iterative procedure

Unsupervised clustering

Membership scores

Photometry, positions, etc.

Krone-Martins & Moitinho, 2014
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Dim. Reduction



Unsupervised learning : Stellar Clusters
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UPMASK 

Algorithms: 
PCA, k-means 

clustering, KDE2D, 
random field 

construction, PDF-
sampling, iterations

Supervised vetoing

Iterative procedure

Dim. Reduction

Unsupervised clustering

Membership scores

Photometry, positions, etc.

Krone-Martins & Moitinho, 2014
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Cantat-Gaudi, Krone-Martins, et al., 2019
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Cantat-Gaudi, Krone-Martins, et al., 2019Cantat-Gaudi, et al., 2018

101 new stellar clusters 
from Gaia DR2
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NASA/Caltech/IPAC
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Unsupervised learning : Galaxies

NASA/Caltech/IPAC

ESA/DPAC/U.Lisboa/CENTRA

Data (14 dimensions)

Hierarchical DBSCAN

2-class SVM trained to define 
the separating hyperplane

Source classes
(“1” or “2”) for all points

Cluster reduction to 2 clusters
using the Hausdorff distance

Random sampling of a point subset

Random selection of dimensions

astrometric_excess_noise, Gmag, log10(Gflux), 
G-W1, G-W2, G-W3, G-W4, W1-W2, W1-W3, 
W1-W4, W2-W3, W2-W4, W3-W4, abs(b)

Alberto Krone-MartinsESO AIA 2019 Unsupervised Learning

Flisvos

Source class



Unsupervised learning : Galaxies

NASA/Caltech/IPAC
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Data (14 dimensions)

Hierarchical DBSCAN

2-class SVM trained to define 
the separating hyperplane

Source classes
(“1” or “2”) for all points

Cluster reduction to 2 clusters
using the Hausdorff distance

Random sampling of a point subset

Random selection of dimensions

astrometric_excess_noise, Gmag, log10(Gflux), 
G-W1, G-W2, G-W3, G-W4, W1-W2, W1-W3, 
W1-W4, W2-W3, W2-W4, W3-W4, abs(b)

Unsupervised clustering

Dimension and data 
randomization

Supervised boundaries (from 
the usupervised clustering)
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Flisvos

Source class



Unsupervised learning : Galaxies

NASA/Caltech/IPAC
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Data (14 dimensions)

Hierarchical DBSCAN

2-class SVM trained to define 
the separating hyperplane

Source classes
(“1” or “2”) for all points

Cluster reduction to 2 clusters
using the Hausdorff distance

Random sampling of a point subset

Random selection of dimensions

astrometric_excess_noise, Gmag, log10(Gflux), 
G-W1, G-W2, G-W3, G-W4, W1-W2, W1-W3, 
W1-W4, W2-W3, W2-W4, W3-W4, abs(b)

Unsupervised clustering

Dimension and data 
randomization

Supervised boundaries (from 
the usupervised clustering)

Data

Compute fraction of times a 
source has class “1” or “2”

Outfile with the 
“Gal. Prob.” 

loop n times (with n >~ 100) or use 
delta(“Gal. Prob”) criteria 

getFlisvosClassificationTwoClasses

Iterative procedure

Alberto Krone-MartinsESO AIA 2019 Unsupervised Learning

Flisvos

Loop while delta(“score”)

Get classes

Compute final score 
Cluster 

“Prob.” (score)

Source class



Unsupervised learning : Galaxies

Cluster 1

Cluster 2

Cluster 3
NASA/Caltech/IPAC

ESA/DPAC/U.Lisboa/CENTRA

U.Lisboa/CENTRA
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Cluster …

Using Gaia DR1



Unsupervised learning : Galaxies

Cluster 1

Cluster 2

Cluster 3
NASA/Caltech/IPAC

ESA/DPAC/U.Lisboa/CENTRA

U.Lisboa/CENTRA
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Stars

Mostly stars in  
MW satellite galaxies

Unresolved galaxies

Cluster …

Using Gaia DR1



Unsupervised learning : Galaxies

ESA/DPAC/U.Lisboa/CENTRA

Alberto Krone-MartinsESO AIA 2019 Unsupervised Learning

NASA/Caltech/IPAC
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Flisvos Gaia-WISE galaxy candidates catalogue. Created using unsupervised learning. [1.6 Million sources with Gal. Prob > 98.5%]

Millions of galaxies 
(hundreds of thousands are new)

Using Gaia DR2
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Galaxies
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Unsupervised learning : Lensed Quasars

Among the most interesting (and useful) extragalactic phenomena... 

modelling: astrometry + photometry + spectroscopy
measurement:  

photometry 
time-series

⌧ =
(1 + zL)

H0

dLdS

dLS


1

2
|~✓ � ~�|�  2D(~✓)

�
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Galaxies
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Unsupervised learning : Lensed Quasars

Among the most interesting (and useful) extragalactic phenomena... 

modelling: astrometry + photometry + spectroscopy
measurement:  

photometry 
time-series

⌧ =
(1 + zL)

H0

dLdS

dLS


1

2
|~✓ � ~�|�  2D(~✓)

�

Problem 

Very few multiply-imaged QSOs are known! 
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Unsupervised learning : Lensed Quasars
ESA/DPAC/U.Lisboa/CENTRA
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Unsupervised learning : Lensed Quasars
ESA/DPAC/U.Lisboa/CENTRA
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Unsupervised learning : Lensed Quasars
ESA/DPAC/U.Lisboa/CENTRA
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Wavelet analysisImage g

Image r

…

Image (g-r)

Image (r-i)

…

Wavelet analysis

…

Wavelet analysis

Wavelet analysis

…

Wavelet powerspectrum

Wavelet powerspectrum

…

Wavelet powerspectrum

Wavelet powerspectrum

…

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41 42 43 44 45

Wavelet Scale & Channel

J041449.20−185413.3J035535.05+291319.3J034823.37+120847.8J021655.27−202738.4J042419.07+304715.7J040506.21−091246.5J055939.31−242316.8J041819.97+321334.3J060326.36−131930.3J031232.43+110626.4J042156.69+070436.7J034046.46+334736.7J031938.43+173639.4J025224.75+124725.4J033721.39−274057.7J041423.36+112256.9J052322.62+743609.3J021617.82−282611.2J025614.04−203521.8J020657.05−292512.9J030354.05−252710.3J051301.25+142133.7J035103.12+400710.3J024103.49−140437.4J030338.48−072303.8J035204.46−235417.8J020648.68+731030.9J032316.51−063821.6J054728.72+654438.0J041221.39+181437.4J025246.94+154129.1J025142.74−050825.1J034055.51+423227.6J030356.60−102429.6J023732.88+013805.7J044751.05−093752.7J041237.92−134050.4J022107.24−250957.1J041848.48−261448.3J031810.94−193254.2J031931.02−015048.7J045912.48+663146.6J025427.04+143803.5J021108.32−210556.0J040946.37−193628.1J041905.42−144628.2J050128.66−171005.0J021141.29+335915.4RJ040019.15+301423.7J032244.74+424223.3J034028.28+184111.7J033016.58−121059.8J042808.21−111828.3J043604.46−194144.1J045638.87+614154.9J030805.82+253759.2J034231.07−225120.9J033201.55−210531.5J030236.29−053308.5J021733.77−294711.4J044043.90−124043.0J055849.89+461819.3J060502.44−280403.1J024316.83−122913.3J020422.81−063147.1J054041.63−195443.2J022535.99+251817.5J033310.46−040735.8J034727.80+274043.5J043347.31−113738.6J021052.56−050620.3J023522.88−060800.10−J1418−1610J024607.32+352044.1J025644.00+394152.50−A1523−0517J035247.20−133746.40−HE2149−27450−HE1104−1805J054519.89−205733.8J025014.41+051425.2J043323.63−111536.5J045443.94+180946.7J054539.95−171409.5J044202.09+074658.6J025911.74+244143.2J032140.38+100500.7J055538.89+664652.9J051807.68+175459.8J032024.01−033052.3J060610.26−144247.5J032302.79−092451.9J024030.12+470626.30−J1428+05000−J2212+31440−J2032−23580−HE0047−1756J021548.82−201314.9J033027.29+354711.9J033745.01+133419.1J021418.40+283127.2J042443.51+331531.2J021500.33−180821.5J052939.39−284619.5J020946.19+272208.0J040141.97−174158.9J030830.32−032612.1J024009.13+010334.1
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J041449.20−185413.3J035535.05+291319.3J034823.37+120847.8J021655.27−202738.4J042419.07+304715.7J040506.21−091246.5J055939.31−242316.8J041819.97+321334.3J060326.36−131930.3J031232.43+110626.4J042156.69+070436.7J034046.46+334736.7J031938.43+173639.4J025224.75+124725.4J033721.39−274057.7J041423.36+112256.9J052322.62+743609.3J021617.82−282611.2J025614.04−203521.8J020657.05−292512.9J030354.05−252710.3J051301.25+142133.7J035103.12+400710.3J024103.49−140437.4J030338.48−072303.8J035204.46−235417.8J020648.68+731030.9J032316.51−063821.6J054728.72+654438.0J041221.39+181437.4J025246.94+154129.1J025142.74−050825.1J034055.51+423227.6J030356.60−102429.6J023732.88+013805.7J044751.05−093752.7J041237.92−134050.4J022107.24−250957.1J041848.48−261448.3J031810.94−193254.2J031931.02−015048.7J045912.48+663146.6J025427.04+143803.5J021108.32−210556.0J040946.37−193628.1J041905.42−144628.2J050128.66−171005.0J021141.29+335915.4RJ040019.15+301423.7J032244.74+424223.3J034028.28+184111.7J033016.58−121059.8J042808.21−111828.3J043604.46−194144.1J045638.87+614154.9J030805.82+253759.2J034231.07−225120.9J033201.55−210531.5J030236.29−053308.5J021733.77−294711.4J044043.90−124043.0J055849.89+461819.3J060502.44−280403.1J024316.83−122913.3J020422.81−063147.1J054041.63−195443.2J022535.99+251817.5J033310.46−040735.8J034727.80+274043.5J043347.31−113738.6J021052.56−050620.3J023522.88−060800.10−J1418−1610J024607.32+352044.1J025644.00+394152.50−A1523−0517J035247.20−133746.40−HE2149−27450−HE1104−1805J054519.89−205733.8J025014.41+051425.2J043323.63−111536.5J045443.94+180946.7J054539.95−171409.5J044202.09+074658.6J025911.74+244143.2J032140.38+100500.7J055538.89+664652.9J051807.68+175459.8J032024.01−033052.3J060610.26−144247.5J032302.79−092451.9J024030.12+470626.30−J1428+05000−J2212+31440−J2032−23580−HE0047−1756J021548.82−201314.9J033027.29+354711.9J033745.01+133419.1J021418.40+283127.2J042443.51+331531.2J021500.33−180821.5J052939.39−284619.5J020946.19+272208.0J040141.97−174158.9J030830.32−032612.1J024009.13+010334.1
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J041449.20−185413.3J035535.05+291319.3J034823.37+120847.8J021655.27−202738.4J042419.07+304715.7J040506.21−091246.5J055939.31−242316.8J041819.97+321334.3J060326.36−131930.3J031232.43+110626.4J042156.69+070436.7J034046.46+334736.7J031938.43+173639.4J025224.75+124725.4J033721.39−274057.7J041423.36+112256.9J052322.62+743609.3J021617.82−282611.2J025614.04−203521.8J020657.05−292512.9J030354.05−252710.3J051301.25+142133.7J035103.12+400710.3J024103.49−140437.4J030338.48−072303.8J035204.46−235417.8J020648.68+731030.9J032316.51−063821.6J054728.72+654438.0J041221.39+181437.4J025246.94+154129.1J025142.74−050825.1J034055.51+423227.6J030356.60−102429.6J023732.88+013805.7J044751.05−093752.7J041237.92−134050.4J022107.24−250957.1J041848.48−261448.3J031810.94−193254.2J031931.02−015048.7J045912.48+663146.6J025427.04+143803.5J021108.32−210556.0J040946.37−193628.1J041905.42−144628.2J050128.66−171005.0J021141.29+335915.4RJ040019.15+301423.7J032244.74+424223.3J034028.28+184111.7J033016.58−121059.8J042808.21−111828.3J043604.46−194144.1J045638.87+614154.9J030805.82+253759.2J034231.07−225120.9J033201.55−210531.5J030236.29−053308.5J021733.77−294711.4J044043.90−124043.0J055849.89+461819.3J060502.44−280403.1J024316.83−122913.3J020422.81−063147.1J054041.63−195443.2J022535.99+251817.5J033310.46−040735.8J034727.80+274043.5J043347.31−113738.6J021052.56−050620.3J023522.88−060800.10−J1418−1610J024607.32+352044.1J025644.00+394152.50−A1523−0517J035247.20−133746.40−HE2149−27450−HE1104−1805J054519.89−205733.8J025014.41+051425.2J043323.63−111536.5J045443.94+180946.7J054539.95−171409.5J044202.09+074658.6J025911.74+244143.2J032140.38+100500.7J055538.89+664652.9J051807.68+175459.8J032024.01−033052.3J060610.26−144247.5J032302.79−092451.9J024030.12+470626.30−J1428+05000−J2212+31440−J2032−23580−HE0047−1756J021548.82−201314.9J033027.29+354711.9J033745.01+133419.1J021418.40+283127.2J042443.51+331531.2J021500.33−180821.5J052939.39−284619.5J020946.19+272208.0J040141.97−174158.9J030830.32−032612.1J024009.13+010334.1

Total power per scale
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Wavelet Scale & Channel

J041449.20−185413.3J035535.05+291319.3J034823.37+120847.8J021655.27−202738.4J042419.07+304715.7J040506.21−091246.5J055939.31−242316.8J041819.97+321334.3J060326.36−131930.3J031232.43+110626.4J042156.69+070436.7J034046.46+334736.7J031938.43+173639.4J025224.75+124725.4J033721.39−274057.7J041423.36+112256.9J052322.62+743609.3J021617.82−282611.2J025614.04−203521.8J020657.05−292512.9J030354.05−252710.3J051301.25+142133.7J035103.12+400710.3J024103.49−140437.4J030338.48−072303.8J035204.46−235417.8J020648.68+731030.9J032316.51−063821.6J054728.72+654438.0J041221.39+181437.4J025246.94+154129.1J025142.74−050825.1J034055.51+423227.6J030356.60−102429.6J023732.88+013805.7J044751.05−093752.7J041237.92−134050.4J022107.24−250957.1J041848.48−261448.3J031810.94−193254.2J031931.02−015048.7J045912.48+663146.6J025427.04+143803.5J021108.32−210556.0J040946.37−193628.1J041905.42−144628.2J050128.66−171005.0J021141.29+335915.4RJ040019.15+301423.7J032244.74+424223.3J034028.28+184111.7J033016.58−121059.8J042808.21−111828.3J043604.46−194144.1J045638.87+614154.9J030805.82+253759.2J034231.07−225120.9J033201.55−210531.5J030236.29−053308.5J021733.77−294711.4J044043.90−124043.0J055849.89+461819.3J060502.44−280403.1J024316.83−122913.3J020422.81−063147.1J054041.63−195443.2J022535.99+251817.5J033310.46−040735.8J034727.80+274043.5J043347.31−113738.6J021052.56−050620.3J023522.88−060800.10−J1418−1610J024607.32+352044.1J025644.00+394152.50−A1523−0517J035247.20−133746.40−HE2149−27450−HE1104−1805J054519.89−205733.8J025014.41+051425.2J043323.63−111536.5J045443.94+180946.7J054539.95−171409.5J044202.09+074658.6J025911.74+244143.2J032140.38+100500.7J055538.89+664652.9J051807.68+175459.8J032024.01−033052.3J060610.26−144247.5J032302.79−092451.9J024030.12+470626.30−J1428+05000−J2212+31440−J2032−23580−HE0047−1756J021548.82−201314.9J033027.29+354711.9J033745.01+133419.1J021418.40+283127.2J042443.51+331531.2J021500.33−180821.5J052939.39−284619.5J020946.19+272208.0J040141.97−174158.9J030830.32−032612.1J024009.13+010334.1

Total power per scale

…

…
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Wavelet Scale & Channel

J041449.20−185413.3J035535.05+291319.3J034823.37+120847.8J021655.27−202738.4J042419.07+304715.7J040506.21−091246.5J055939.31−242316.8J041819.97+321334.3J060326.36−131930.3J031232.43+110626.4J042156.69+070436.7J034046.46+334736.7J031938.43+173639.4J025224.75+124725.4J033721.39−274057.7J041423.36+112256.9J052322.62+743609.3J021617.82−282611.2J025614.04−203521.8J020657.05−292512.9J030354.05−252710.3J051301.25+142133.7J035103.12+400710.3J024103.49−140437.4J030338.48−072303.8J035204.46−235417.8J020648.68+731030.9J032316.51−063821.6J054728.72+654438.0J041221.39+181437.4J025246.94+154129.1J025142.74−050825.1J034055.51+423227.6J030356.60−102429.6J023732.88+013805.7J044751.05−093752.7J041237.92−134050.4J022107.24−250957.1J041848.48−261448.3J031810.94−193254.2J031931.02−015048.7J045912.48+663146.6J025427.04+143803.5J021108.32−210556.0J040946.37−193628.1J041905.42−144628.2J050128.66−171005.0J021141.29+335915.4RJ040019.15+301423.7J032244.74+424223.3J034028.28+184111.7J033016.58−121059.8J042808.21−111828.3J043604.46−194144.1J045638.87+614154.9J030805.82+253759.2J034231.07−225120.9J033201.55−210531.5J030236.29−053308.5J021733.77−294711.4J044043.90−124043.0J055849.89+461819.3J060502.44−280403.1J024316.83−122913.3J020422.81−063147.1J054041.63−195443.2J022535.99+251817.5J033310.46−040735.8J034727.80+274043.5J043347.31−113738.6J021052.56−050620.3J023522.88−060800.10−J1418−1610J024607.32+352044.1J025644.00+394152.50−A1523−0517J035247.20−133746.40−HE2149−27450−HE1104−1805J054519.89−205733.8J025014.41+051425.2J043323.63−111536.5J045443.94+180946.7J054539.95−171409.5J044202.09+074658.6J025911.74+244143.2J032140.38+100500.7J055538.89+664652.9J051807.68+175459.8J032024.01−033052.3J060610.26−144247.5J032302.79−092451.9J024030.12+470626.30−J1428+05000−J2212+31440−J2032−23580−HE0047−1756J021548.82−201314.9J033027.29+354711.9J033745.01+133419.1J021418.40+283127.2J042443.51+331531.2J021500.33−180821.5J052939.39−284619.5J020946.19+272208.0J040141.97−174158.9J030830.32−032612.1J024009.13+010334.1
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Wavelet Scale & Channel

J041449.20−185413.3J035535.05+291319.3J034823.37+120847.8J021655.27−202738.4J042419.07+304715.7J040506.21−091246.5J055939.31−242316.8J041819.97+321334.3J060326.36−131930.3J031232.43+110626.4J042156.69+070436.7J034046.46+334736.7J031938.43+173639.4J025224.75+124725.4J033721.39−274057.7J041423.36+112256.9J052322.62+743609.3J021617.82−282611.2J025614.04−203521.8J020657.05−292512.9J030354.05−252710.3J051301.25+142133.7J035103.12+400710.3J024103.49−140437.4J030338.48−072303.8J035204.46−235417.8J020648.68+731030.9J032316.51−063821.6J054728.72+654438.0J041221.39+181437.4J025246.94+154129.1J025142.74−050825.1J034055.51+423227.6J030356.60−102429.6J023732.88+013805.7J044751.05−093752.7J041237.92−134050.4J022107.24−250957.1J041848.48−261448.3J031810.94−193254.2J031931.02−015048.7J045912.48+663146.6J025427.04+143803.5J021108.32−210556.0J040946.37−193628.1J041905.42−144628.2J050128.66−171005.0J021141.29+335915.4RJ040019.15+301423.7J032244.74+424223.3J034028.28+184111.7J033016.58−121059.8J042808.21−111828.3J043604.46−194144.1J045638.87+614154.9J030805.82+253759.2J034231.07−225120.9J033201.55−210531.5J030236.29−053308.5J021733.77−294711.4J044043.90−124043.0J055849.89+461819.3J060502.44−280403.1J024316.83−122913.3J020422.81−063147.1J054041.63−195443.2J022535.99+251817.5J033310.46−040735.8J034727.80+274043.5J043347.31−113738.6J021052.56−050620.3J023522.88−060800.10−J1418−1610J024607.32+352044.1J025644.00+394152.50−A1523−0517J035247.20−133746.40−HE2149−27450−HE1104−1805J054519.89−205733.8J025014.41+051425.2J043323.63−111536.5J045443.94+180946.7J054539.95−171409.5J044202.09+074658.6J025911.74+244143.2J032140.38+100500.7J055538.89+664652.9J051807.68+175459.8J032024.01−033052.3J060610.26−144247.5J032302.79−092451.9J024030.12+470626.30−J1428+05000−J2212+31440−J2032−23580−HE0047−1756J021548.82−201314.9J033027.29+354711.9J033745.01+133419.1J021418.40+283127.2J042443.51+331531.2J021500.33−180821.5J052939.39−284619.5J020946.19+272208.0J040141.97−174158.9J030830.32−032612.1J024009.13+010334.1

Total power per scaleKeck run : 5 candidates -> 2 new lenses, 1 unresolved
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Inside the machinery…
ESA/DPAC/U.Lisboa/CENTRA

Candidates

Results

An Agile Software Engineering methodology  
approach while doing Science…

Alberto Krone-MartinsESO AIA 2019 Unsupervised Learning



Galaxies

ESA/DPAC/U.Lisboa/CENTRA

GraL confirmed lenses: May/2018 – April/2019
ESA/DPAC/U.Lisboa/CENTRA

And many more…
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MPA WarnerAirbus
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Thank you!
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Flisvos Gaia-WISE galaxy candidates catalogue. Created using unsupervised learning. [1.6 Million sources with Gal. Prob > 98.5%]

Unsupervised Learning is powerfull, 

but it requires some taming 
(i.e. metric, clustering evaluation criterion, dictionary constraints).

SL/ML methods are “just” engines,  

we can profit much more by building “ships”
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