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Plan

Accès aux catalogues du CDS
I tables normales, grandes tables

Cross-match simple
I service de xmatch du CDS

Cross-match complexe
I outil ARCHES

Prise en compte de paramètres photométriques
I estimation de vraissemblances photométriques par noyau

Développements exploratoires:
I Index spatio-temporel basé sur HEALPix
I Test de Apache Spark
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Accès aux catalogues
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VizieR: interface web
http://vizier.u-strasbg.fr/
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VizieR: accès scriptable

http://cds.u-strasbg.fr/resources/doku.php?id=cdsclient
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VizieR: accès scriptable
Particularité des grands catalogues: pas en base!

Format binaire spécifique
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VizieR: accès scriptable
http://tapvizier.u-strasbg.fr/adql/
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Cross-match simple
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XMatch service
http://cdsxmatch.u-strasbg.fr
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XMatch service
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XMatch service

http://cdsxmatch.u-strasbg.fr/xmatch/api/v1/sync
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Usage statistics

Web Interface (removing internal usages)

year #IPs #Jobs #Links Outputs size
/day Billion M/day TB GB/day

2017 1706 8873 33 47.9 179.4 13.61 52.2
2016 1923 11102 30 37.9 104.0 10.1 28.4
2015 1194 7406 20 20.3 55.7 5.0 14.0
2014 1136 5909 16 25.6 70.2 6.6 18.5
2013 1081 5407 14 5.0 13.7 1.2 3.4
2012 535 3699 10 11.5 31.4 2.7 7.5
2011 96 409 7 3.7 67.3 0.83 15.5

XXX: computed on incomplete years
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Usage statistics

Synchronous HTTP API (removing internal usages)

year #IPs #Jobs #Links #Positions (TOPCAT)
/day Billion M/day Billion M/day

2017 1664 1250 3.4 12.2 4.1 14.8
2016 1765 889 2.5 6.7 4.3 11.9
2015 1099 580 2.4 6.6 3.0 8.3
2014 406 49 0.6 1.6 0.3
2013 46 0.1

XXX: computed on incomplete years
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Cross-match complexe
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The ARCHES tool
http://serendib.unistra.fr/ARCHESWebService/index.html
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The ARCHES tool
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The ARCHES tool
Algorithm param #tbl prop.mot. index struct.

chi2 (χ2) proba 2 l1, r2, b3 M/TM-tree
proba2_vx proba 2 no (?) M-tree
proba3_vx proba 3 no (?) M-tree
proba4_vx proba 4 no (?) M-tree
probaN_vx proba n no (?) M-tree
knn k+dist 2 r, b kd/M/TM-tree
cone dist 2 l, r, b kd/M/TM-tree
mec1 dist n no (?) kd/M-tree
ext_l1 r 2 no M-tree
ext_r2 r 2 no M-tree
ext_b3 r 2 no M-tree
. . . . . . . . . . . . . . .

XMatches are chainable: 1 χ2 xmatch of 4 tables = 3 χ2 xmatches of 2
tables!
4 to 11 joins (LIRFL̄̄IR̄L′I′R′F′) are supported according to the algorithm.

1 l: left table contains extended objects or proper motions;
2 r: right table contains extended objects or proper motions;
3 b: both left and right tables contain extended objects or proper motion.
1 mec: Minimum Enclosing Cone
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Hypotheses

To compute Bayes probabilities, we MUST consider all possible hypothesis.

Law of total probabilities:
n∑
i=1

p(Hi) = 1

For 2 catalogues
I 2 hypothesis

F AB (H0)
F A_B B

A

For 3 catalogues
I 5 hypothesis

F ABC (H0)
F AB_C
F AC_B
F A_BC
F A_B_C

B C

A
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Hypotheses

We generalised for n catalogues

The number of hypothesis to be tested is given
by the BELL number

Table : Values of the seven first BELL numbers

n 2 3 4 5 6 7
Bn 2 5 15 52 203 877

I n number of catalogues
I n=5 catalogues 52 probabilities to be

computed

⇒ Combinatorial explosion!

Credits: wikipedia
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Bayesian probabilities

Summary for 2 catalogues

2 hypotheses

2 likelihoods
I H0 = AB: p(x|HAB), Chi of 2 dof
I H1 = A_B: p(x|HA_B), Poisson 2D

2 priors based on geometrical
estimates 0
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Bayesian probabilities

For 3 catalogues

5 hypotheses
I ABC, 1 real source
I AB_C, 2 real sources
I AC_B, 2 real sources
I A_BC, 2 real sources
I A_B_C, 3 real sources

3 likelihoods
I 1 likelihood by number of real source
I p(x|HABC) = χdof=4(x)/γ: Chi 4 dof
I p(x|HAB_C) = p(x|HAB_C) = p(x|HAB_C)
I p(x|HA_B_C) = 4x3/k4

γ : Poisson 4D
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Prise en compte de paramètres photométriques
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XMatch example
Roughly reproducing Salvato et al. (2018) results
(J/MNRAS/473/4937/xmmslew2) with the ARCHES tool + CDS
classification (prototype) service
Write and ARCHES cross-match script

# Load and set the XMM data to be cross-matched
get FileLoader file=XMMSL2_exgal_fewcol_2017APR12.fits
where RADEC_ERR < 10.0
set pos ra=RA dec=DEC
set poserr type=CIRCLE param1=RADEC_ERR/sqrt(2)
set cols *
prefix x
# Load and set the AllWISE data to be cross-match
get FileLoader file=candidate_ALLWISE_counterparts_unique_2017APR12.fits.gz
where eeMaj < 0.75
set pos ra=RA dec=DEC
set poserr type=ELLIPSE param1=eeMaj param2=eeMin param3=eePA
set cols *
prefix w
# Perform the cross-match, add the angular distance and save the result
xmatch probaN_v1 joins=I completeness=0.9973 area_w=0.01851769294883401575

area_x=0.01851769294883401575 area_xw=0.01388
merge dist mec
save xmmslew2_vs_allwise.fits fits
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NWAY / ARCHES: result

Cross-match result: 23 813 associations

Number of spurious matches (n.p(spur)) overestimated (?)
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NWAY / ARCHES: photometry

From Salvato et al. (2018): W2 vs W1-W2

Learning samples arbitrary defined:
I Good: d<6" && RADEC_ERR<8 && proba_xw>0.75
I Spurious: d>13" && proba_xw<0.05
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Classification service

3 CSV files: all matches, good matches, spurious matches

Each file contains: id,w2,w1− w2

Using the CDS prototype service:

# Put the data files into the distant server
./classif.bash put good slew_vs_allwise.good.csv # 4565 rows
./classif.bash put spur slew_vs_allwise.spur.csv # 3082 rows
./classif.bash put data slew_vs_allwise.all.csv # 23799 rows
# Performs the classification of the data and save the result
./classif.bash kdc samplepoint -k 75 -p good:0.425\;spur:0.575 -ho > result.csv
# Ask for the confusion matrix by self-classifying the LS
./classif.bash kdc samplepoint -k 75 -p good:0.425\;spur:0.575 -cr

Confusion matrix:
actual \predicted good spurious
good 85.96% 14.04%
spurious 9.73% 90.27%
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NWAY / ARCHES: photometry

Likelihoods (distributions) computed by kernel smoothing (sample point
estimator, k=75)

I left: p(~m|good)
I right: p(~m|spur)
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NWAY / ARCHES: photometry

Left: classification result p(good)

Right: binary classification Good/Spurious (p(good) > 0.5,
p(good) < 0.5)
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Merging with positional proba

Accounting for photometric likelihoods (simplified Eq. 154 of Pineau et
al. 2017)

p(real|x, ~m) =
p(real|x)p(~m|real)

p(real|x)p(~m|real) + (1− p(real|x))p(~m|spur)

p(real|x) = purely positional probability

p(~m|real) = p(~m|spur) =
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NWAY / ARCHES: photometry

Left: positional probabilities

Right: probabilities accounting for photometric likelihoods
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NWAY / ARCHES: proba id

Clearer separation of low and high probabilities
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NWAY / ARCHES: proba id
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XMM vs SDSS DR8

Testing the same method to cross-match XMM and SDSS
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XMM vs SDSS DR8

http://cdsxmatch.u-strasbg.fr
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XMM vs SDSS DR8

Quick-and-dirty test in 4 dimensions
I Simple 10 arcsec cross-match
I Keep only primary unresolved objects having a clean photometry
I Mahalanobis distance: dσ ≈ d√(

SC_POSERR√
2

)2
+RA_ERR×DE_ERR

I Lazy learning samples definition:
F 19 676 “real” associations: d < 1” && dσ < 1.5
F 7 784 “spurious” associations: d > 8” && dσ > 6

I User defined prior p(cp) going to dσ,max = 5
I From Eq. 149 of Pineau et al. (2017):

p(cp|dσ) =
1

1 + 1−p(cp)
p(cp)

2

d2
σ,maxe

−
d2
σ
2
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XMM vs SDSS DR8

Using the CDS prototype service:

# Put the data files into the distant server
./classif.bash put good xmm_sdss8.unres.good.csv # 19676 rows
./classif.bash put spur xmm_sdss8.unres.spur.csv # 7784 rows
./classif.bash put data xmm_sdss8.unres.all.csv
# Performs the classification of the data and save the result
./classif.bash kdc samplepoint -k 25 -p good:0.55\;spur:0.45 -ho > result.csv
# Ask for the confusion matrix by self-classifying the LS
./classif.bash kdc samplepoint -k 25 -p good:0.55\;spur:0.45 -cr

Confusion matrix:
actual \predicted good spurious
good 86.91% 13.09%
spurious 12.28% 87.72%
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XMM vs SDSS DR8

Mean of the 4D KDC output
probabilities in

u− g vs g− r

g− r vs r − i

r − i vs ∝ FX/Fr
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XMM DR7 vs SDSS DR8

Using 4D photometric likelihoods to compute final proba p(cp|dσ, ~m), and
considering:

real matches as p(cp|dσ, ~m) > 0.5

spurious matches as p(cp|dσ, ~m) < 0.5
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XMM DR7 vs SDSS DR8

u− g vs g− r diagrams of estimated as real and estimated as spurious
associations.
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Travail exploratoire
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Index spatio-temporel

Coordonées sphériques + axe temporel entremêlés
I HEALPix + axe auxiliare (Z-order curve 3D)

But:
I répondre rapidement à des requêtes spatio-temporelle
I décrire des regions spatio-temporelles avec des MOC

Implémenté: (α, δ, t)→ idx, idx← center(α, δ, t)

A implémenter: cone search + time range→ MOC

A tester: taille des regions (MOC) en pratique
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Perspective

Vers le Big Data (Spark)?
Test preliminaire:

Cross-match Gaia DR1 (1.1 G srcs) vs IGSL3 (1.3 G srcs)

5 arcsec 1.6 G associations

Cluster de 9 machines reformées 10 min

Algorithme amélioré (kd-tree) à tester
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