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An overview of the topics:

• Information Technology revolution and science in the exponential world: i.e. 
coping with the data avalanche

• The Virtual Observatory: a new type of a scientific research environment

• Massive data sets and a new scientific methodology

• DAME project: Data Mining and Exploration

• Some general considerations on the future



Astrophysics as a data rich science
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Archive growth – The ESO case

• Large digital sky surveys are becoming the 
dominant source of data in astronomy: 
~ 10-100 TB/survey (soon PB), ~ 106 - 109

sources/survey, many wavelengths…

• Data sets many orders of magnitude 
larger, more complex, and more 
homogeneous than in the past

• Telescopes (ground- and space-based, 
covering the full electromagnetic 
spectrum)

• Instruments (telescope/band dependent)

Visible + X-ray

Crab
Star forming complex

Radio + IR

Panchromatic Views of the Universe:
Data Fusion - A More Complete, Less Biased 
Picture



Structure formation in the Universe Supernova explosion instabilities

Comparing the massive, complex output of such simulations to equally 
massive and complex data sets is a non-trivial problem!

2. The astronomical data tsunami: 
Theoretical Simulations Are Becoming More Complex and Generate 
TB’s of Data … 



3. The data mining perspective. An example of Data 
complexity: the parameter space
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p={isophotal, petrosian, aperture magnitudes
concentration indexes, shape parameters, etc.}

Detect sources and measure their attributes 
(brightness, position, shapes, etc.) 

R.A


t



PARAMETER SPACE

From the Data Mining point of view, any
observed (simulated) datum p defines a 
point (region) in a subset of RN. 

100 Np N     



3. Information Technology & New Science

Due to new instruments and new diagnostic tools, the 
information volume grows exponentially

Most data will never be seen by humans!
The need for data storage, network, database-related technologies, standards, etc.

Information complexity is also increasing greatly

Most knowledge hidden behind data complexity 
is lost  

Most (all) empirical relationships known so far depend on 3 parameters ….
Simple universe or rather human bias?

Most data (and data constructs) cannot be 
comprehended by humans directly!

The need for data mining, KDD, data understanding technologies, hyperdimensional
visualization, AI/Machine-assisted discovery 



The scientific exploitation of a multi band, multiepoch (K
epochs) universe implies to search for hidden patterns,
trends, etc. among N points in a DxK dimensional
parameter space:

MASSIVE, COMPLEX DATA SETS with:
N >109, D>>100, K>10

The computational cost of Data Mining:

N =  no. of data vectors, D =  no. of data dimensions
K = no. of clusters chosen, Kmax = max no. of clusters tried
I =  no. of iterations, M =  no. of Monte Carlo trials/partitions

K-means:   K  N  I  D
Expectation Maximisation:   K  N  I  D2

Monte Carlo Cross-Validation:  M  Kmax
2  N  I  D2

Correlations ~  N log N or N2,  ~ Dk (k ≥ 1)

Likelihood, Bayesian ~ Nm (m ≥ 3),  ~  Dk (k ≥ 1)

SVM > ~ (NxD)3

Lots of
computing
power

Extracting knowledge



Traditional way to look 
for candidate QSO in 3 
band survey Cutoff line

Candidate QSOs
for spectroscopic
follow-up’s

errors

Ambiguity 
zone

PPS projection of a 21-D parameter space showing as blue dots the candidate 
quasars.Notice better disentanglement

Adding one 
feature improves 
separation…

More dimensions allow better disentanglement



Data Gathering (e.g., from sensor networks, telescopes…)

Data Farming: 
Storage/Archiving
Indexing, Searchability
Data Fusion, Interoperability, ontologies, etc.

Data Mining (or Knowledge Discovery in Databases):

Pattern or correlation search
Clustering analysis, automated classification
Outlier / anomaly searches
Hyperdimensional visualization

Data understanding
Computer aided understanding
KDD
Etc.

New Knowledge

Database 
technologies

Key mathematical
issues

Ongoing research

From data to knowledge: KDD 
Knowledge Discovery in Databases



OK, So … 

Which was the answer of the 
astronomical community?

The Virtual Observatory 
(VObs)



Instruments

Data
Headers

Telescope
control

Logs

Observatories

Outreach 
Products 

Calibrations

Raw
Data

Processed
Data

Analysis
Data

Products

Catalogues

Software

Computing

Publications

Papers

Tables
Figures

courtesy of 
P. Quinn 
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– It is inherently 
distributed, and web-
centric

– It is fundamentally 
based on a rapidly 
developing 
technology (IT/CS)

– It transcends the 
traditional 
boundaries between 
different wavelength 
regimes, agency 
domains, etc.

– It has an unusually 
broad range of 
constituents and 
interfaces

– It is inherently 
multidisciplinary

VObs Represents a New Type of a Scientific  Organization
for the era of information abundance



<?xml version="1.0"?> 

<VOTABLE version="1.1" xmlns:xsi="http://www.w3.org/2001/XMLSchema-instance" 

xsi:noNamespaceSchemaLocation="http://www.ivoa.net/xml/VOTable/VOTable/v1.1">  

<RESOURCE name="myFavouriteGalaxies">

<DESCRIPTION>Velocities and Distance estimations</DESCRIPTION> 

<PARAM name="Telescope" datatype="float" ucd="phys.size;instr.tel" unit="m” value="3.6"/>    

<FIELD name="RA" ID="col1" ucd="pos.eq.ra;meta.main" ref="J2000" datatype="float" 
width="6" precision="2" unit="deg"/> 

<FIELD name="Dec" ID="col2" ucd=" "pos.eq.dec;meta.main" ref="J2000" datatype="float" 
width="6" precision="2" unit="deg"/>

<FIELD name="R" ID="col6" ucd="phys.distance" datatype="float" width="4" 
precision="1" unit="Mpc"> 

<DESCRIPTION>Distance of Galaxy, assuming  H=75km/s/Mpc</DESCRIPTION>
</FIELD>

<DATA>  

<TABLEDATA>     
<TR>

<TD>010.68</TD><TD>+41.27</TD>
<TD>N 224</TD><TD>-297</TD>
</TR> 
<TR> 
<TD>287.43</TD><TD>-63.85</TD>
<TD>6</TD><TD>10.4</TD> 
</TR> 

</TABLEDATA> 
</DATA> 

Vobs standards for interoperability: 
UCD, VO-Table, ontology, etc..

UCD (Unified Content Descriptor): describing
in unique & standard way attributes
contained in data tables



Data mining is …

There are known knowns,
There are known unknowns, and

There are unknown unknowns

Donald Rumsfeld’s 
about Iraqi war

Classification
Morphological classification
of galaxies
Star/galaxy separation, etc.

Regression
Photometric redshifts

Clustering
Search for peculiar and rare 
objects,
Etc.
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Data Sources
Images

Catalogs
Time series
Simulations

Information
Extracted

Shapes & Patterns
Science Metadata

Distributions & 
Frequencies

Model Parameters

KDD
Tools

New Knowledge or 
causal connections
between physical
events within the 
science domain

Associative networks
Clustering

Principal components
Self-Organizing Maps

Neural Networks
Bayesian Networks

Support Vector Machines

Unsupervised methods

Supervised methods

Data mining level
Vobs standards and 

infrastructure



What is DAME
DAME is a joint effort between University Federico II, INAF-OACN, and Caltech aimed at
implementing (as web application) a scientific gateway for data analysis, exploration,
mining and visualization tools, on top of virtualized distributed computing environment.

http://voneural.na.infn.it/
Technical and management info
Documents
Science cases
Newsletter

http://dame.na.infn.it/
Web application PROTOTYPE

brescia@na.astro.it

http://voneural.na.infn.it/
http://dame.na.infn.it/


The DAME architecture

FRONT END
WEB-APPL.

GUI

FRAMEWORK
WEB-SERVICE
Suite CTRL

DMPlugin
DMPlugin

DMPlugin
servlet

DRIVER
FILESYSTEM &
HARDWARE I/F

Library

Stand 
Alone GRID CLOUD

REGISTRY & 
DATABASE

USER & 
EXPERIMENT 

INFORMATION

USER 
INFO

USER 
SESSIONS

USER 
EXPERIMENTS

DATA MINING
MODELS

Model-Functionality
LIBRARY RUN

clusteringclustering

DMPlugin
DMPlugin

DMPlugin
MLP

regression

user Client-server  AJAX 
(Asynchronous JAva-
Xml) based;
interactive web  app 
based on Javascript 
(GWT-EXT);

HW env virtualization;
Storage + Execution LIB
Data format conversion

Restful, Stateless Web Service
experiment data, working 
flow trigger and supervision
Servlets based on XML
protocol

XML

XML
CALL

CALL

brescia@na.astro.it



DAME on GRID – Scientific Gateway

GRID CE

GRID SE

REDB FEFW

Client

DR Execution DR Storage

GRID UI

DM Models Job Execution
User & Experiment Data Archives

Browser
Requests
(registration, accounting, 
experiment configuration
and submission)

XMLXML

Logical DB for user and working
session archive management

The two DR component processes

make GRID environment embedded to
other components

brescia@na.astro.it



How to spread the word within the community

In parallel with the Suite R&D process, all data processing algorithms (foreseen to be
plugged in) have been massively tested on real astrophysical cases.

http://voneural.na.infn.it/
Technical and management info
Documents
Science cases

brescia@na.astro.it

http://voneural.na.infn.it/
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Photometric redshifts are always a function approximation hence a DM problem:

 

 

  Y of ionapproximat good a is    XY      find

  vectorstarget    Y

vectorsinput    X

ff

NMxxxx

xxxx

M

N

ˆˆ:ˆ

,...,,

,...,,

321

321







BoK (from Vobs)
(set of templates)

Mapping function Knowledge (phot-z’s)

Observed Spectroscopic Redshifts

Synthetic colors from theoretical SEDs
Synthetic colors from observed SED’s
…..

Knowledge always reflects the biases in the 
BoK.

Interpolative
Uneven coverage of parameter space

SED fitting 
Unknown or oversimplified physics
Unjustified assumptions
…..

Photometric redshifts: the DM approach

BoK = Base of Knowledge



Data used in the science case:

SDSS: 108 galaxies in 5 optical bands;  
BoK: spectroscopic redshifts for 106 galaxies
BoK: incomplete and biased.  

UKIDDS: overlap with SDSS
3 infrared bands.  

GALEX: overlap with SDSS
Ultraviolet bands;  Z=

0
.2

5

LRG

SDSS

Spectroscopic BoK



SDSS-DR4/5 - SS

Training
60%

Validation
20%

Test set
20%

MLP, 1(5), 1(18)

0.01<Z<0.25 0.25<Z<0.50 99.6 % accuracy

MLP, 1(5), 1(23) MLP, 1(5), 1(24)

Z=0
.2

5

LRG

SDSS



s = 0.0183

SDSS – DR4/5 - LRG

Z=
0

.2
5

D’Abrusco et al. 2007



s=0.051

s=0.0415

z=0.0144

BoK from Spectral Energy Distribution (SED) fitting
Templates from synthetic colors obtained from theoretical SED’s
Mapping function from simple interpolation

BoK from Spectral Energy Distribution (SED) fitting
Interpolative
Templates from synthetic colors obtained from theoretical SED’s
Mapping function from Bayesian inference

Traditional approaches: interpolation based on BoK



What do we learn if the BoK is biased: 

• At high z LRG dominate and interpolative methods are not capable to
“generalize” rules

• An unique method optimizes its performances on the parts of the parameter
space which are best covered in the BoK

Step 1: 
unsupervised clustering in 
parameter space

WGE

Step 3: 
output of all NN go to WGE 
which learns the correct 
answer

result

Laurino et al. 2009a,2009b

M1 on BoK

M2 on BoK

M3 on BoK

M4 on BoK

Step 2: 
supervised training of
different NN for each cluster

Weak Gated Experts



Single NN

WGE

s = 0.0172

No systematic trends

Laurino et al. 2009a,2009b



Conclusion I. I.T. is changing the methodology of science

Pure Theory Experiment

Technology & 
Practical 
Applications

The old traditional, “Platonistic” view:

The modern and realistic view when dealing with complex data sets:

This synergy is stronger than ever and growing

Theory (analytical + numerical)

Experiment + Data Mining
Science

Technology



Conclusion I. I.T. is changing the methodology of science
• Standardization of data access is indispensable to ensure data exploitation

and to optimize both costs and scintific return
• VObs methodologies even though fine tuned on Astrophysics are general

and can be easily exported to other domains
• Data Mining is the “fourth leg of science” (besides theory,

experimentation and simulations)
• Sociological issues to be solved (formation, infrastructures, and

so on)
• Sinergy between different worlds is required

ASTROINFORMATICS
(emerging field)


