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W There are hundreds of different NN’s

i

; MLP (Multi layer perceptron): slow, supervised, non linear

b SOM (self organizing maps) : faster, unsupervised, non linear,
' great visualization, non physical output

e GTM (generative topographic mapping): slow, unsupervised,
great visualization, physical output

¢ * PCA & ICA linear and non linear: terrible visualization, physical
; output, good performances on uncorrelated data

e Fuzzy C Means: slow on MDSs, effective in “fuzzy problems”

e PPS: great (the best ones for unsupervised clustering,
classification and visualization)

: e Competitive Evolution on Data (CED): bad visualization, great
. % accuracy as unsupervised clustering tool, ...

& e Etc



Fact:
In VO data sets: Dy >>1, Ds>>1

Advantages:
Data Complexity A Multidimensionality A Discoveries

But:
The computational cost of clustering analysis:
K-means: KxNx I xD

Expectation Maximisation: K x N x | x D?
Monte Carlo Cross-Validation: M x K__.2x N x | x D?

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

Terascale (Petascale?) computing anaysor better algorithms



_.'?"‘,;"'.,_'._HThe Curse of Hyperdimensionality

-

Visualization

A fundamental limitation of the human
perceptionis that we cannot visualize spaces
with dimensionality higher than: DMAX =
37 5?

1 3-D

A Generic Machine-Assisted Discovery Problem:
Data Mapping and a Search for Outliers

e WHAT DO
WE DO
=) \VHEN

N=50 ?




»* @ To visualize and understand we need somehow to
compress the relevant information...

’ @‘ DM Algorithm
' User
j @ ” Visualization

e |nteractive visualization is a key part of the data
mining process:
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Some methodology exists, but much more is
needed



“Aims and applications of AstroNeural

3}
- User friendly tool to perform clustering and data
; mining in high dimensionality spaces

Alms Applications
Clustering & pattern # Astrophysics
recognition in high * Genetics
dimensionality spaces .
L #* Geophysics
m Visualization - | |
m Classification * High energy physics
m Parametrization of images * Atmospheric physics
m Modeling of massive data sets * Etc.




#7°™ "Neural Networks are good at:
- d

i * performing linear and non linear interpolation

o « generalizing

g

6 e performing non linear analysis and itentify common trends in data

e for forecasting

e classifying o
* Training

1 « Computation of errors

They learn in two main ways:

« Supervised
Clustering done on statistical properties

.% »  Unsupervised of data themeselves
_ Performances and errors are derived
ol statistically

\&i/ Knowledge comes through labeling




Astroneural Prototype in C** & Matlab

_ WD open e import partial DEMO on this Laptop
5 12500

.

4 compliant non
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preprocessing MM[ Head/proc. }

Parameter and
training options

supervised Supervised SV EYEED

: Parameter options
unsuperviseg

Training set
preparation

Labeled

unlabeleg Label preparation

Feature selection via

Kl Feature selection . .
S unsupervised clustering

CHEH R via unsupervised clustering

Etcd

_ NTERPRETATION

v Fuzzyset v Etc. SQMl GTM + PPS.l




-} astroneuralmah
File Mormalization Statistics | Data mining Tools 7
_ k-rreans

Astroneural MLF

w memsses v WStroneural Launcher

S5F - Universiba Federsco IT Mag
PPS

I dermo.dat = vfile clat

CED
Select -=

0.5 1 1.5 2 25 3 35

rF

0.231481 Max 48 4475 Mean:1 01166e-010 Median: -0 032661 4 &= - -

W2 Winc-0 0791961 Max: 35 2566 Mear:5.165982-011 Median:-0.0515402 [Plot 2-cim - | [Piot 3-dim - |
w3 Mlin:-0.0909653 Max: 38 8931 Mean:1 848862-010 Median:-0.0664316
wd Wit -0.30423 Max: 30,3911 Mean: 8.7 7509e-010 Median: -0.30423 Std:” ;I
S Wi -0.142908 Max: 4067 Mean: 7.0751e-01 2 Median:-0.03531 346 Std:-

wE Min:-0.0549092 Max:51 0355 Mean:9.81352e-011 Median:-0.0340966

W Mlin-0.0524739 Max 45 6365 Mean: -2 5868%e-011 Median:-0.034307

v Min:-5.99258 Max 6. 49757 Mean: 3 .56705e-010 Median: -0.416651 Std

v Wik -3 7246 Max: 3 40401 Mean: 1. 70721 e-009 Median:-0.333476 Std:-
w0 Minc-1 65121 Max: 2. 2235338 Mean: 7.57 304e-010 Median:-0.01 09656 £
w11 Min-0.645552 Max: 3 54958 Mean: 2,234 322-009 Median:-0.645552 £
w2 Wit -4 80172 Max 5 45925 Mean: -1 422492-009 Median: -0 649583 =
w13 Mine-1.28751 Max2.53545 Mean:1 157 34e-008 Median:0.370529 Stc
w4 Wit -0 792037 Max3 74482 Mean:1 343562-009 Median:-0.510188 ¢
w15 Min-9.53004 Max: 312782 Mean:-5.04771e-011 Median;-0.0247126
w6 Min-6.82723 Max1 94802 Mean:-9.952662-011 Median:0.1 SSTSE‘tILI

3

[ Full plat

v T bl oF 39703 Mav1 S04 172 Meand 9329501 N hMedian 1 2549572
Rl




Similarity coloring
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W Example n. I: photometric redshifts for SDSS
S‘DSS EDR DB

. __ Unsupervised SOMS’s + supervised MLP’s

SOM unsup.
completeness

Reliability
(EELEE=r s SoM unsup.
EEELASEM Set construction

MLP supervised
experiments

|||||

A I8 I8 I8 SOM supervised
-4 48 08 Feature selection >

Best MLP
model

—

e Input data set:
SDSS — EDR photometric data
(galaxies)

e Training/validation/test set:
SDSS-EDR spectroscopic subsample




Unsupervised SOMS’s + supervised MLP’s

0.1 0.2 0.4 05

Robust error: 0.02176
16 millions P.R.

SOM output (each exhagon is a neuron)
Numbers above frame: redshift range -

Numbers in the cells:
number of input data activating that neuron
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#>_ Probabilistic Principal Surfaces (PPS)

:




o,
-

B report - WordPad
File Edit View Insert Format Help

D= SR @ 5|E=elw]

Latent Variable n. 65
Number o

Astroneural Version 1.01 ready

Portation on freeware software in
progress

Web interface ready

Implementation of specific tasks for
GRID use is in progress (NA, TS,
CT, etc.)

Implementation of backwards
connection to pixels is in progress
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#>_ Probabilistic Principal Surfaces (PPS)
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A multifrequency analysis of radio variability of blazars A&A 419, 485-500 (2004)
DOI: 10.1051/0004-6361:20035771

A. Ciaramella'’, C. Bongardo?, H. D. Aller®, M. E Aller®, G. De Zotti®, A. Lihteenmaki*, G. Longo®®, © ESO 2004
L. Milano™®, R. Tagliaferri':, H. Terdisranta*, M. Tornikoski*, and S. Urpo*
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Table 1. Objects for which we have positive detection of periodicity in Metsithovi daily averaged data. Column 1: object identification.
Columns 2-3: 22 GHz data; Cols. 6-9: 37 GHz data. Columns 2 and & number of data points; Cols. 3 and 7: maximum admissible period to
avoid aliasing; Cols. 4 and §: period (in units of 107 days) obtained by STIMA: Cols. 5 and 9: period obtained from the Lomb’s Periodogram.

Mx. P STIMA Lomb N Mx P STIMA Lomb
(x107) (%10 (x10%) =104 (x10%)  ix10%)

i1 (2] ()] i4) (51 () (7 (8 9 10
0224 + 671 76 3062 1.021 [.021 a3 3.668 0.950) 0.970
0945 + 408 47 3.742 1.386 [.336 26 4.467 [.313 1.240 | few points
1226 + 023 | 604 6.605 3.029 2777 | 716a 7.822 3.260 1.261
2200 + 420 | 644 6.676 3.034 3034 | 715 T.873 2811 3.028
2251 + 158 6.676 2384 2.384 T.538 2.217 2.512

Name Notes




F: % | Status

e Matlab Version 1.0 ready and available
(no documentation)
e Porting on C++ in progress

 Web access (upload data and download results) done (to be redone)

e VO conversion (to be done)

e Integration with high performance visualization tools (VISIVO)
beginning with CT/BO




VO started in 2000

VO Tech Is a new project ..... And we shall be judged
for it

Where are we

Where do we want to go >
[

Why

Census of existing Templates

: Simulations vs real data?
Sharing know how
Choice of test applications

Who Is going to say whether
they are correct and useful?
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