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The general astrophysical problem

Due to new instruments and new diagnostic tools, the
iInformation 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, Al/Machine-assisted discovery




@ @ O Detect sources and measure their attributes

rightness, position, shapes, etc.
o ® bright posit hap t
°° ' p={isophotal, petrosian, aperture magnitudes
@ O @ concentration indexes, shape parameters, etc.}
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From the Data Mining point of view, any
observed (simulated) datum p defines
a point (region) in a subset of RN,

pOOY N >>100




From data to knowledge: KDD
Knowledge Discovery in Databases

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

Data Farming:
Storage/Archiving Database

Indexing, Searchability technologies
Data Fusion, Interoperability, ontologies, etc.

s Data Mining (or Knowledge Discovery in Databases):

Pattern or correlation search

Clustering analysis, automated classification
Outlier / anomaly searches
Hyperdimensional visualization

Key mathematical
issues

-> Data understanding
Computer aided understanding Ongoing research
KDD
Etc.

> New Knowledge




Data Mining in the VO

* A new Interest group on Knowledge Discovery in Massive Data Sets was born inside
the IVOA.

» The explosion of Data available (the “Data tsunami”) in the VO can be effectively dealth
with using Data Mining, especially when the time variable comes into play.

But...The VO currently lacks general purpose tools for
“server side” massive data sets manipulation.

!

Dame in the VO Framework

* To provide the VO with an extensible, integrated environment for Data Mining and
Exploration;

» Support of the VO standards and formats, especially for application interop (SAMP);
» To abstract the application deployment and execution, so to provide the VO with an

“opaque” general purpose computing platform taking advantage of the modern
technologies (e.g. Grid, Cloud, etc...).




What is DAME

DAME is a joint effort between University Federico Il, 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.

E iz

http://voneural.na.infn.it/
=~ ~* Technical and management info

Y | [ 2@

(&) pitvisitati | ) mozila.org | ] mozilazine | ] mozdev.org | ASTRONOMIA

e — T e m— T s Documents 7
W Y & .
Science cases
Newslette

A
ME

DAta Mining & Exploration Project

News & Events DAME (DAta Mining & Exploration) is a project aimed at designing and developing
e DAME Brototyns relossed  INSUUMENTS and tools for scientic data mining, based on information and comunication

technology.
@ Pac- F T T
DAME Lecture @ [PAC09 DAME is an evolution of the Astroneural and VO-Neural projects and is funded by the ltalian & Dame - DAts Mining and Bxploration - Moilla Firefox
DAME @ DCALDS Corferance  Minisiry Of Foreign Affairs s well as by the European project VOTECH (Virtual Olbservatary File Modifica  Visuslizza Cronologia Segnalibri Strumenti 2
Technological Infrastructures) and by the alian PON-5.Co P £ — -

Project theses and - C 4y (] httpuipcdevauc.nainfn.it9000/home/

anprenticeships now available DAME Working Group
2, P visitati % Come iniziare 5 Ultime notizie
Past theses Partners: -

R — T
* Dipartimento di Fisica (sezione di Astrofisica) - Universita degli Studi di Tools
n =

Napoli Federico » e
* INAF - Osservatorio Astronomico di Capodimonte | L Index * | | Webmail
« California Institute of Technology, Pasadena - USA

Inside DAME

Fare in modo che Firefox ricordi questa password?
Related links:

Mansgemert + VOTECH (Virtual Ohservatory Technolagical Infrastructures)
it o * S.CoP.E (high Performance distributed Cooperative System far scientfic
Experiment)
Seience « INAF - Osservatorio Astronomico di Trie ste (VO-AIDA)
+ Dipartimento di Informatica Universita degli Studi di Napoli Fecerico I
+ Dipartimento di Ingegneria Informatica Universita degli Studi o Napol Federico i
« MIUR (ttalian Ministry of Research)
« EURO-VO (The European Virtual Observatory)
i « IVOA (international Virtual Observatory Allance)
Deliverables
Astronormical Data are collected by means of a large number of different technigues and are ChiSePRE kiiog.
Hovwto 34d yoursppliation stared in very diversified and often incompatible data repositories. Mareover in the Last Login Ky Experiments
e-science environment, it is needed to integrate services distributed across heterogeneous, Tue 04 Aug 2008
s dynamic *virtual arganizations® formed by the different resources within a single enterprise: 10:33PM GMT

and by external resource sharing and service provider relationships

TV SSo S The DAME praject aims at creating a single distributed e-infrastructure for data exploration, -
mining and visualization. It provides an integrated access to data collected by very different Scier
instruments, experiments and scientific communities in order to be able to correlate them

and improve their scientific usability and interoperabilty.

MAE pzgso
The project consists in the design and development of a data mining suite which will pravide: uyExperiments [ mipragression
the astronomical community with powerful software instruments able to work on massiv Test mipclassification
data sets n a distributed camputing environment, matching the international [VOA standards india ,mﬂ
and requirements.
GMT/UTC:Mer 12:49 | Cile Mer 08149 | Ttalia: Mer 1449 | 155 Los Angeles: Mer 05:49 | Gl Canera: Mer 22143 | TrasFerimenta dai v google,com. ==
The Team 3

Launon Experiments

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

1o data in this directory

Web application PROTOTYPE -y s |

Completato.




Photometric redshifts?

Multicolour photometry maps physical parameters:

luminosity L ]C
redshift z
spectral type T

observed fluxes

If the relation can be inverted then:

(-1

u,g.ri,z,H,J.K,... >z, L, T

The function can be approximated by regression in the photometric space. The
accuracy of the photometric redshifts depend on two aspects:

How the photometric filters cover the SED of the sources...

How absorption and emission features relate to the photometric filters...




A Science case: photometric redshifts (sample from SDSS galaxies)

one of the main tools to investigate the spatial distribution of galaxies, i.e. to reconstruct the 3-D
position of very large number of sources using only their photometric properties.

Spectral Energy Distribution convolved with band filters
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Photometric redshifts: the Data Mining approach

Photometric redshifts are treated as a regression problem (i.e. function approximation) in a
multidimensional parameter space, hence a DM problem:

X ={X,%,,%,,..X,} input vectors

BoK = Base of Knowledge
Y ={x,%,X,,..X,} targetvectors M << N

~

find f: Y =1f(X) isagoodapproximationof Y

BoK (from Vobs)
(set of templates)

Mapping function Knowledge (phot-z’s)

Knowledge always reflects the biases in the
BoK.

Observed Spectroscopic Redshifts === Interpolative
Uneven coverage of parameter space

Synthetic colors from theoretical SEDs
Synthetic colors from observed SED’s \ SED fitting

Unknown or oversimplified physics?
Unjustified assumptions!
Computational intensive!

Possibly accurate, but is it worth?




Photometric Redshifts with Neural Networks

e Spectroscopic observations are the most accurate method to determine redshifts, but time
consuming;

* Photometric sources often outnumber Spectroscopic ones up to 3 orders of magnitude (it may
depend on the BoK);

* If we build a reliable BoK with spectroscopic data we can reproduce the functional mapping
between photometric parameters and redshift;

e Zphot accuracy is adequate for several astronomical applications;

Neural Networks advantages:

Fast;

Scale much better than any other method;

Learn by examples (BokK, in this case SDSS) and adapts easily to new data;

Do not require a priori assumption on the Spectral Energy Distributions of
sources;

May be applied to all classes of extragalactic sources;




MLP — The Architecture

Mc-Culloch & Pitts artificial Neuron model Neuron activation function
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* input layer (n neurons)
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Neurons are connected via activation functions

Different NN's given by different topologies,
different activation functions, etc.




MLP - Back Propagation learning algorithm

Output error

\l
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Experiment Flow-chart

sox |

Dataset
preparation

MLP
Configuration

TRAINING TEST
SET SET

TRAIN
CATALOGUE
STORED
WEIGHTS L‘

TEST RUN PLOT

NO

ERROR< €?
Nepochs
reached?

YES




BOK

Dataset

TRAINING
SET

@|% BlEI&

Table Columns for 1: tutorial.dat

preparation

Dataset Preparation (not provided in
the prototype but in the DAME Suite
under testing): so TOPCAT can be

alternatively used

MLP
Configuration

+[3/[@[x]

L

/

TEST
SET

Visible Name siD Class Description
0 [ index SO Long Table row index
| 1 ™ deredu $1 Double
| 2 dered_g $2 Double
| 3 dered_r 53 Double
4 dered_i 54 Double
5 ™ dered_z $5 Double
6] ™M =z 56 Double

Load data file
Inspect content
Select columns

Browse table

Split table

806 TOPCAT(L): Table Browser
B E (0]x]
Table Browser for 1: tutorial.dat
dered_u dered g dered r dered i dered_z z ]
| 1| 21,62152 18,80707  17,18062  14,94055  13,83657  1,341210E-5 [1
| 2| 21,25393  19,22526  17,68788  17,13842  16,80332 0,27128 m:
| 3| 18,61283 17,64369 17,14034 16,73223 16,5912 0,1147
| 4| z0,92847 19,03239  17,69473  17,19467  16,87221 0,20586
5| 19,77817  18,05393  17,04442  16,63238  16,30611 0,12743
6 24,31729  21,00725  19,28243  18,65729  18,13954 0,38319
| 7 19,27218 18,00819 17,09753 16,68693 16,36844 0,13152
| 19,68792  17,77136  16,82933  16,34282  16,06557 0,12493
| 9 19,26065 17,59485 16,72927 16,33195 16,01536 0,05662
| 10 | 20,0493%9  18,20475 17,16028  16,71728  16,38864 0,12467
| 11| 18,38726 16,58371  15,71303  15,30561  15,00692 0,0676
12 20,07341 17,80877 16,44473 15,95292 15,61014 0,20385
| 13| 17,12193  15,98298 14,96211 0,06488 |
L1a| 18,26209 0,06514 7]

CATALOGUE

" Topca

a@ly EhElelr]Wee

Em (Bt ke oo

[pTable Curcent

Label: | wtorial dat

Location: Tutorial il dat
Name:
Rows: 907 (750 apparent)
Columns: 6
Sort Onder: £ |
ﬁ 8606 Save Table
Row Subset: | = =
Location: | Tutorial DAME
Activation Action: = |
| Sl /T foLang
| fig2.gif
figs.900
fighipng

figs.png

* twiorial_catalogue dat
twioral DAME il

* wrorlaldar

Row Subser: | head 750 %]

Sort Order.

Output Format: [_ascii

Lacation:

@

®

< File Name: train.dat

Output Format: [ ascii

(oK ) (Cancel )




Experiment Configuration : MLP Setup
BOK

e

Dataset NN topology
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Train the network

BOK /
Submit training patterns
Dataset Run the feed-forward NN
preparation 3. Check if output error < threshold OR if Nepochs
reached (if YES GOTO 7, else CONTINUE)
4. Back propagate the error gradient and adjust
hidden node weights

N o=
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onfiguration 6. GOTO 1
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Test the network
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Follow on-line tutorial
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Photometric redshifts with DaME
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1. The Scientific Problem
LIsername
Photometric redshifts have become one of the main tools to investigate the spatial distribution of
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Use case |l

A possible application of photometric redshifts is the selection of galaxies belonging to
bound structures like clusters or groups (see, for example, [Capozzi et al. 2009]). Let's

see how we can find out if a given observed "overdensity" of galaxies in a field is likely
associated to a real structure.

Photometric redshifts can be used as a valid alternative technique or side-by-
side to other methods based on the photometric properties of galaxies (for
example, the "red-sequence" method [Gladders & Yee 2000]).

' 258.145,84.071

|£|.

L -l

We will consider a well known rich cluster of
galaxies (Abell 2255) and explore a field
containing this cluster using SDSS
photometry and our own photometry

redshifts

You will use DAME, Topcat and Aladin, with which you should already be
comfortable!



Tutorial — Part Il

Follow the step-by-step instructions on the DAME prototype web page...
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Using photometric redshifts to spot galaxy clusters

A possible application of photometric redshifts relates to the selection of sources belonging to bound
structures like clusters or groups of galaxies.

A close projected group of galaxies on the sky can be either produced by sources which are
gravitationally connected to each other (i.e. physically close in both projected and redshift
spaces), or can be the result of a chance superposition of physically unrelated galaxies
(sources which are close in the sky projection but have different redshifts).

In order to check this out, photometric redshifts can be used as a valid alternative technique or
side-by-side to other classical methods based on the photometric properties of galaxies (for
example, the "red-sequence” method [Gladders & Yee 2000]).

Let's see how we can find out if a given "overdensity” of galaxies in a field is likely associated to a real
structure. We will consider a well known rich cluster of galaxies called Abell 2255 (after the name
of the astronomer who compiled a large catalogue of clusters of galaxies) and explore a field
containing this cluster using photometry redshifts.

We will use DAME, Topcat and Aladin, but only the main steps of the process will be described, so
you'll have to work the details out by yourselfl

1. First of all, you need a catalogue of photometric sources in the area of the sky where the
cluster of galaxy is more likely to be found. We will use the querying service provided by Topcat

&=

to look, on Vizier, for sources in the Abell 2255 field. Click on the "Open new table” icon

in the main bar of Topcat, then click on the Vizier service icon @ . now you can perform a
cone search around the Abell 2255 cluster position in the sky by filling the fields in the Vizier
window with the following values: RA 258.145 (deg). DEC 64.071 (deg). Radius: 200" (change




