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In the late eighties é observational cosmology and astrophysics were still based on the analysis of 

published tabular data é. 
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Things have changed

incredibly fasté. 
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A METHODOLOGICAL SHIFT IS TAKING PLACE IN ASTRONOMY and 

in SCIENCES in general

The four legs of modern science 

1. Experiment (ca. 3000 yrs)

2. Theory (few hundreds yrs) mathematical description, 

theoretical models, analytical laws (e.g. Newton, Maxwell, etc.)

3. Simulations (few tens of yrs) Complex phenomena

4. Data-Intensive science (now!!!)
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Why has astrophysics become a big data science. I

Å Modern digital detectors cover large areas of the sky with high angular resolution (sampling), have

high efficiency (low exposure time) and huge data throughput.

VST = VLT Survey

Telescope

OmegaCam

268 Mpxl1 pixel = 0.21 arcsec

f.o.v. 1/4 sq deg. 

100 Gbyte of (public) raw

data/night

+ Ÿ

1/160.000 of the sky, 

moderately deep (25.0 in r)

55.000 detected sources

(0.75 mag above m lim)

Multi band images

Calibration files
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p={isophotal, petrosian, aperture 

magnitudes, concentration indexes, shape

parameters, etc.}

Detect sources and measure their attributes 

(brightness, position, shapes, etc.)
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hundreds of heterogeneous, 

complex, highly correlated

parameters

é  MOST DATA will never be 

seen by any human
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Survey Volume Velocity Variety

SDSS
Sloan Digital Sky Survey

50 TB 200 GB/day Images multiband

catalogues, spectra

GAIA 100 TB 40  GB/day Images, catalogues, spectra

PANSTARRS
Panoramic Survey Telescope

and Rapid Response System

5 PB

(5 years)

5 TB/day Images multiband, 

catalogues

LSST
Large Synoptic Survey

Telescope

130 PB

(10 years)

10 TB/day Images multiband , 

catalogues, multi-epoch

SKA
Square Kilometer Array

3 ZB 10 PB/day

(raw)

150 TB/day

(processed)

Radio images, multi-l

multi-epoch

Some Examples

LSST

3.2 Gpixels camera

Moscow, DAMDID 2017
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Modern sky surveys obtain ~ 1012ï1015 bytes of images,

catalogs ~ 108ï109 objects (stars, galaxies, etc.),

and measure ~ 102ï103 numbers (features)  for each

Å Astronomy today has ~ a few PB of archived data, and generates ~ 10 TB/day

ï Both data volumes and data rates grow exponentially, with a doubling 

time ~ 1.5 years

ï Even more important is the growth of data complexity
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Peculiarities of astronomical big data problem

Å Many data centers distributed over the world, with different data types and data 

structures. MOST DATA BECOME ALMOST IMMEDIATELY PUBLIC

Data federation (standards) and interoperability have been

completed

AT THE MOMENT

Every one can locate and retrieve data from the VO 

with relatively simple tools

Every one can publish his data in the VO with simple

tools

BUTé
Moscow, DAMDID 2017

8The International Virtual Observatory Alliance



The astronomical parameter space (OPS) has exploded not only in size 
but also in complexity
The OPS axes are defined by 

the observable  quantities Every observation, surveys 

included, carves out a 

hypervolumein the OPS

Moscow, DAMDID 2017
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The history of astronomical discoveries can be

reconstructed in terms of better coverage or better

sampling of the observed parameter Space

M. Harwit, Physics Today, 2003

Why to understand the OPS is

particularly important in astronomy? 

Because astronomy is based on observations

and not experimentsé. and 

é serendipity plays a crucial role
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M. Harwit, Physics Today, 

2003

Where is the next methodological

and technological advance? 
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MOST INTERSTING SCIENCE WILL COME FROMé

Moscow, DAMDID 2017

1. Cross-correlating data obtained at different wavelenghts

2. Studying the temporal behavior of sources

4. Looking in the OPS for higher (than 3) dimensionality pattern 

and trends

3. Possibility to compare the data with the outcome of large simulations
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Science Examples
Combine the data from multi-TB, billion-object surveys in the 

optical, IR, radio, X-ray, etc. 

ïPrecision large scale structure in the universe

ïPrecision structure of our Galaxy

é etc., etc.

ɆDiscover rare and unusual (one-in-a-million or one-in-a-billion) 
types of sources

ɀE.g., extremely distant or unusual quasars, new types of SN, 
etc.

ɀCounterpartsof GW emitters

Match Peta-scale numerical simulations of star or galaxy formation 
with equally large and complex observations

Courtesy of S.G. Djorgovski
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Physical, social, economic, biological laws are derived from data 

patterns

f(x,y,z) =0 



Physical, social, economic, biological laws are derived from data 

patterns

f(x,y,z) =0 

No empirical law depends on more than 3 independent

parameters !!!



Physical, social, economic, biological laws are derived from data 

patterns

f(x,y,z) =0 

No empirical law depends on more than 3 independent

parameters !!!

A simple universeé

or rather an

intrinsic human

bias é

é affecting our

knowledge and  our

understanding of the 

physical laws
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What should we do to extract

patterns (i.e. laws r ordering

relationships) in a

OPS space with n>>100 ?

AND HOW EASY WILL IT BE? 

3-d diagnostics2-d diagnostics
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Traditional way to look for

candidate QSO in 3 band 

survey
Cutoff line

Candidate QSOs

for spectroscopic

follow-upôs

errors

Ambiguity

zone

Adding one feature

improves

separationé

Probabilistic Principal Surfaces + clustering
projection on a sphere of a 21-D parameter space showing as blue

dots the candidate quasarsé

Need for Machine learning and AI

19



machine learning vs «pure» Data Driven Discovery D3

Photometric redshifts for quasars and galaxies

QSO; z=3.81 QSO; z=5.31

Only viable way to obtain distance infoôsfor large samples of galaxies

Convegno SIF, Trento 2017



Photo -z are crucial to: 
Ễ Studies of large scale structure

Ễ Weak lensing (hence dark matter and 
dark energy distribution)

Ễ Tests of cosmological models

Ễ Galaxy evolution and mass assembly

Ễ Classification of galaxies

Ễ etc....

Surveys in which 
are crucials:

ǒ DES

ǒ PANSTARRS

ǒ KiDS 

ǒ VST - VOICE 

ǒ EUCLID 

ǒ LSST

ǒ LOFAR

ǒ EMU

ǒ ...
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Library of M template spectra (M<100)

Convolve with filter bandpasses for 
a specific survey

Stretch templates for redshift (z) 
bttvnjoh dpotubou tufq ǈ{ jo bo 
interval range z min , zmax

Find best fitting i,j using any optimization method

Templates : either synthetic or 
observed

Arbitrary choice of templates, lots of 
assumptions on physics, strong 
dependence on zero points, 
photometric calibrations, etc. 

But they go very deep, well beyond 
the spectroscopic limit 

Spectral Energy Distribution (SED) 
template fitting methods

Interpolative (empirical) 
methods

Let f be the complex (unknown) function 
which maps the input photometric 
parameter space onto the redshift space:

Are the input parameters, (hereafter 
features )

Empirical methods use a subset of the
objects (TRAINING SET) for which the
spectroscopic redshifts (or in this case, target)
are known, to infer the mapping function

Performances are then evaluated on a second disjoint 
dataset (TEST SET) for which the target is known and 
which has not been used during the training (BLIND TEST)

More accurate
No assumptions on physics, almost 
independent on zero points, photometric 
calibrations, etc.

They are bounded by the spectroscopic limit 22



Supervised Machine Learning 
Existence of a statistically significant subset for which the target value is known .
Need to have a proper coverage of OPS

Input parameter space defined by a set of measured features.
Not all of them equally significant for a specific task -> need to reduce dimensionality

Data set needs to be clean (no missing data )

KB is split in two/three (training/test or training/validation/test) subsets. 
Need to define optimal splitting (random shuffle and extraction)

Use training set to infer the best mapping function OPS -> Target
generalization capability (avoiding overfitting)

Evaluate performances on Test Set
Statistical indicators are not always unambiguous
Catastrophic outliers

Evaluate effects of errors ( we need PDFs )

Convegno SIF, Trento 2017
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MLPQNA LEMON
RF

BPZ Le-Phare

A few selected resuls from a large variety of methods applied to the same data set and problem

Cavuoti, Tortora, Brescia, Longo et al., 

MNRAS, 2016

More or less, different ML methods are equivalent

(no need to look for the latest fashionable method

é just to produce one paper moreé.)

Room for improvement is elsewhere

24



Coverageof the observedparameterspace
üMissingor unevenspectroscopiccoverage
üPeculiarobjects(different populationsresult
from different selectioncriteria)
üHowto go beyondthe spectroscopiclimit

Feature selection

Missing Data
üNeedto handledifferentlyάƴƻƴ detectionsέ 
ŀƴŘ άƴƻƴ observedέ 
(Cavuotiet al. in preparation)

Evaluationof errors
üProbabilitydistribution function
üProperchoiceof statisticalindicators

Convegno SIF, Trento 2017

Related works:
ǒ Cavuoti S.et al. 2017 MNRAS 465 2 1959 1973

ǒ Cavuoti S.et al. 2017 MNRAS 466 2 2039 2053

ǒ D'Isanto A.et al. 2016 MNRAS 457 3 stw127 3119 3132

ǒ Masters D.et al. 2015 ApJ 813 1 53 

ǒ Cavuoti S.et al. 2015 MNRAS 452 3 3100 3105

ǒ De Jong J.T.A.et al. 2015 A&A 582 A62 

ǒ Cavuoti S.et al. 2015 ExpA 39 1 45 71

ǒ Tangaro S.et al. 2015 CMMM 2015 814104 

ǒ Brescia M.et al. 2014 A&A 568 A126 

ǒ Brescia M.et al. 2014 PASP 126 942 783 797

ǒ Brescia M.et al. 2013 ApJ 772 2 140 

ǒ Cavuoti S.et al. 2012 A&A 546 A13 
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MLPQNA
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Result on EMU like sample extracted from COSMOS

(Salvato M. et al. 2017, in preparation)

Sample dominated by radio loud and X ray detected AGN

16 experiments with a variety of ML and SED fitting methods

Moscow, DAMDID 2017
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Masters et al., 2015, Astrop. Journal, 

75 x 170 SOM

COSMOS data

(EUCLIDISED) 

OPS:

u,g,r,i,z,Y,J,H

Training set coverage of OPS

Exploring the parameter space using SOM 

Moscow, DAMDID 2017
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Ly ïalpha break

u-g at 2.5<z<3.0

g-r at 3<z<4

Passive and dusty

galaxies at low redshift

Moscow, DAMDID 2017
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How the training set populates the ñEuclidò parameter space

Poor coverage of many areas.

Distribution of redhifts projected

on the SOM

NO dataé. 

é NO Results

Moscow, DAMDID 2017
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Photo-z for 

Quasars:
WGE: Weak Gated Expert 

Data from the unresolved objects SDSS catalogue

Astroinformatics of galaxies and quasars: a new general method for photometric 

redshifts estimation, O. Laurino, R. D'Abrusco, G. Longo, and G. Riccio, 

MNRAS, 2011, 418, 2165 (arXiv/1107.3160);

Moscow, DAMDID 2017
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Optical bands only Optical + UV bands

ů2 = 0.022

1.st lesson: Additional Info are always needed to understand systematics

Ex. Position of emission lines relative to filter bands

Moscow, DAMDID 2017
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Second method on same OBJECTS: MLPQNA

Photometric redshifts for quasars in multiband surveys, M. 

Brescia, S. Cavuoti, R. DôAbrusco, A. Mercurio, G. Longo, 2013, ApJ, 

772, 140 (astro-ph:1305.5641)

Parameter space more complex and need for

Feature selection

2-nd lesson:

Adding more parameters may improve

performances é buté.

Moscow, DAMDID 2017
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Different Machine Learning methods of different complexity (MLPQNA is simpler

than WGE) lead to similar results with a slight edge for MLPQNA 

Moscow, DAMDID 2017
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FEATURE SELECTION
Finding optimal  number and combination of parameters for a given task

Increasing the number of parameters means that the density of training points (examples) decreases 

This leads to a loss in interpolation capabilities

At the same time the volume of an inscribing
hypersphere of dimension d and with radius 0.5
can be calculated as:

Figure shows how the volume of this hypersphere
changes when the dimensionality increases:

The performance changes when the dimensionality increases, we
have a peak and then a decrease, this leads to the importance of a
Ɉfeatureselectionɉ

Moscow, DAMDID 2017
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Brute Force Approach

Moscow, DAMDID 2017
36



Feature selection - example on LSST simulations
Feature Selection with phiLAB (rejected i and z magnitudes)

TEST on 8,864 objects Comparison between 11 -feature and 9 -feature tests

Statistics 11-features 9-features

bias -0.002028 -0.002427

ů 0.050 0.049

NMAD 0.023 0.022

ɖ>0.152.12% 2.12%

ɖ>2ů 4.42% 4.41%

ů68 0.026 0.025

Moscow, DAMDID 2017
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Photometric redshifts for QSOôs é a data driven approach

(from K. Polsterer, Heidelberg, 2015)

One does not know a-priori which features are the most relevant

Use all 55 significant photometric features to select the most significant 4  

Best combination

umodelïgmodel

gpsf-rmodel

zpsf-rmodel

ipsf-zmodel

Results comparable to Brescia et al. 

2014

n!

n-r( )!r !
=341,055  combinations

Laurino et al.

Traditional feature selection

Moscow, DAMDID 2017
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Photometric redshifts for SDSS QSO (From K. Polsterer)

PSF, Petrosian, Total magnitudes + extinction + errors é.. 585 featuresé. Let us find the best combination of 10, 11, 12 etcéusing FEATURE 

ADDITION

For just 10 features é.. 1,197,308,441,345,108,200,000 combinations

You hit a plateau at  10 

features.

Accuracy twice better

These 10 features do 

not make sense to an

astronomer

Level achieved with

human biases in 

feature selection

Level achieved by

machines alone (D3)

upsf -gpetr

dered zpdf()-dered i petr()
dered gpsf()-dered rmod( )

dered rpsf()-dered zmod( )

sgpetr

2 -srmodel

2

dered rmod( )-dered imod()
i psf -i petr

dered zpsf()-dered rpetr()
gmod-gpetr

sgpetr

2 -srpetr

2

Moscow, DAMDID 2017



upsf -gpetr

dered zpdf()-dered i petr()
dered gpsf()-dered rmod( )

dered rpsf()-dered zmod( )

sgpetr

2 -srmodel

2

dered rmod( )-dered imod()
i psf -i petr

dered zpsf()-dered rpetr()
gmod-gpetr

sgpetr

2 -srpetr

2

Afterwards é astronomers may find

explanations é.  (Capak, private comm.)

Filter leaks, etcé

Lesson to be learned

Features which carry most of the information are not those

usually selected by the astronomer on the basis of his/her

personal experienceé.

Let the data speak for themselves ?

Moscow, DAMDID 2017
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Feature Selection
Behind the concept of Feature Selection, there is the property of feature importance and relevance in the context of a parameter space used

to approach any prediction/classification task with machine learning methodology.

The importance of a feature is the relevance of its informative contribution to the solution of a learning problem.

An effective FS should avoid the time-consuming exhaustive exploration of the parameter space and should take into account what is known

about its features, i.e. their variability in the given knowledge base domain, not forgetting to take care of the curse of dimensionality problem.

We have designed a FS method (Brescia et al., in prep.), based on a combination of Random Forest, Logistic Regression and Lx-norm

regularization, able to overcome known statistical limitations of importance obtained by Random Forest, and by exploiting the virtuous

regression control mechanism induced by the regularization concept, as already positively experimented in the learning rule of our MLPQNA

neural network method (Brescia et al. 2013, ApJ 772, 2, 140).

We started to validate such method in some astrophysical contexts, resulting highly promising, for example, in the star forming evolutionary

classification problem (see talk of S. Molinari, presented yesterday) and currently under test in the COSMOS galaxy photo-z and multi-survey

(from UV to NIR) quasar photo-z prediction use cases.

Moscow, DAMDID 2017
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PDFs
1) evaluate photometric error distributions;

2) assess the correlation between spectroscopic and 

photometric errors;

3) disentangle photometric uncertainties from those 

intrinsic to the method itself.

Source PDFs contain more information than simple 

redshift estimates. PDFɅs are able to improve the accuracy 

of cosmological measurements (Mandelbaum et al. 2008 -

2015).

Many PDF methods for ML have been developed over the 

past years, mostly based on:

ǒSupervised methods (ANN, RF, MLP, used both as 

regressors and classifiers)

ǒUnsupervised methods (SOMs, random atlas)

Rau et al. 2015, MNRAS, 452

Carrasco & Brunner 2013, MNRAS, 442

Bonnet 2013, MNRAS, 449

Sadeh et al. 2015, arXiv:1507.00490

Speagle et al. 2015, arXiv:1510.08073

Moscow, DAMDID 2017
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METAPhoR Workflow
1. INPUT: the KB (train + test sets), the photo -z binning step B (by 

default 0.01) and the zspec Region of Interest (RoI) [Z min , Zmax];

1. Produce N photometric perturbations, thus obtaining N additional 

test sets;

2. Perform 1 training (or N +1 trainings) and N +1 tests;

3. Derive: number of photo -z bins (Zmax-Zmin )/B; N+1 photo -z 

estimations; the number of photo -z CB,i [Zi,Zi+B[;

4. Calculate the probability that a photo -z belongs to all given bins: 

PDF(photo-z) = (P(Ziɯ photo-z < Zi+B) = CB,i/N+1) [Zmin,Zmax] ;

5. Calculate and store statistics.

Moscow, DAMDID 2017
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Photometry perturbation
The photometry perturbation law is

m ij=m ij+Ƽi Fij uz(Ǉ=0,ǎ=1)

Ƽi user selected multiplicative constant (useful in case of

multi -survey photometry) ;

u(Ǉ=0,ǎ=1) random value from standard normal distribution ;

Fij bimodal function (a constant function + polynomial

fitting of mean mag errors on the binned bands) .

The constant function is a threshold under which the

polynomial function is considered too low to provide a

significant noise contribution to the perturbation .

On the right, an example of the bimodal function for the i

band (KiDSDR3 photo-z catalogue, de Jonget al. 2017, A&A).

Moscow, DAMDID 2017
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Cooperation between SED and ML methods

1. Derive traditional photo -zɅs
with all methods ;

2. Use Le Phare bounded with
spec-zɅsto obtain a
reference classification ;

3. Use Le Phare bounded with
photo -zɅsto perform a
series of classifications ;

4. Identify the best
classification using as
ground truth the reference
classification (step 2);

5. Perform a photo -z
regression by training
MLPQNA on separated
subsets specific for each
class;

6. Recombine the output .

The proposed workflow, involving

different methods by mixing in a

single collaborative framework SED

fitting and machine learning

models, is able to improve the

photo -z prediction accuracy by

~10%.

(KiDS-DR2 data)

Moscow, DAMDID 2017
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An application to KiDS (Kilo Degree Survey- KiDS)

Moscow, DAMDID 2017
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Astronomy in the Time Domain
ǒDriven by the new generation of large digital synoptic sky 
surveys, leading to LSST, SKA, etc.

ƺEnabled by the IT revolution; a qualitative change

ǒRich phenomenology, from the Solar system to 
cosmology and extreme relativistic physics

ƺFor some phenomena, time domain information is a key 
to the physical understanding

Static _Dynamic sky

Sources _Events

ǒReal-time discovery in massive data streams poses new 
challenges for knowledge discovery

Synoptic, panoramic surveys ýevent discovery

Rapid follow-up and multi-lýkeys to understanding

® G. Djorgovsky



ÅCollaboration with a search for 

near-Earth asteroids at UA/LPL; 

we discover astrophysical 

transients in their data stream

Å3 telescopes in AZ, Australia 

ÅAbout 11,000 unique, strong transients to date, published 

electronically in the real time

Å> 80% of the sky covered ~ 300 ï500 times over ~ 8+ years

ÅOpen data policy: all data are made public immediately

® G. Djorgovsky
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500 Million Light Curveswith ~ 1011data points

RR Lyrae W Uma

Eclipsing

CV

Flare star (UV Ceti)

Blazar



A Variety of CRTS TransientsSNe Blazars/AGN

CVs Flare 

stars

Eclipses and 

occultations

GRB 

afterglows

® G. Djorgovsky



CRTS Transients as of the Early Nov. 2015

ǒThreshold set deliberately very high (~ 1 ɀ2 mag, >5 ǎ), so 

only the most dramatic transients are pulled out in the real 

time

ǒAbout 1 strong transient per 10 6 source detections

ǒThe rate of all statistically significant transients is at least an 

order of magnitude higher; available for an archival study

Survey       All OT     SNe CVs     Blazars Ast/Flr CV/SN?     AGN   Other

® G. Djorgovsky



Automated Classification of Transients

Vastly different physical phenomena, and yet they look the same!Which

ones are the most interesting and worthy of follow-up?

Rapid, automated transient classification is a critical need!

(especially as the discovery rates increase by orders of magnitude)

® G. Djorgovsky



Event Classification is a Hard Problem

īTraditional DP pipelines do not capture a lot of the relevant 

contextual information, prior/expert knowledge, etc.

ÅPhysical classification of transient events is essential for their 

astrophysical interpretation and uses

īMust be done in real time and iterated dynamically

ÅHuman classification is already unsustainable, and will not 

scale to the Petascaledata streams

ÅThis is hard:

ïData are sparse and heterogeneous: feature vector 

approaches are limited; Bayesian approaches work

ïCompleteness vs. contamination _

ïFollow-up resources are expensive and/or limited: follow 

only the most interesting objects

Ý Need automated decisions for follow-up

® G. Djorgovsky



ǒBayesian Networks

ƺCan incorporate heterogeneous and/or missing data

ƺCan incorporate contextual data, e.g., distance to the nearest star or galaxy

ǒProbabilistic Structure Functions

ƺA new method, based on 2D [Ơt1, Ơm] distributions

ƺNow expanding to data point triplets:  Ơt12 , Ơm12 ,Ơt23 , Ơm23 , giving a 4D 
histogram

ǒRandom Forests

ƺEnsembles of Decision Trees

ǒFeature Selection Strategies

ƺOptimizing classifiers

ǒMachine -Assisted Discovery

A Variety of Methods

etc., etc.

® G. Djorgovsky



From Light Curves to Feature Vectors
ǒWe compute ~ 70 parameters and statistical measures for 

each light curve: amplitudes, moments, periodicity, etc.

ǒThis turns heterogeneous light curves into homogeneous 

feature vectors in the parameter space

ǒApply a variety of automated classification methods

® G. Djorgovsky



Optimizing Feature Selection

Eclipsing binary (W U Ma)RR Lyrae

Rank features in the 

order of classification 

quality for a given 

classification problem, 

e.g., RR Lyraevs. 

WUMa

(Lead: C. Donalek)

® G. Djorgovsky


