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HREAREBZL?

Google: ~20-30 PB a day

Wayback Machine has ~4 PB + 100-200 TB/month
Facebook: ~3 PB of user data + 25 TB/day

eBay: ~7 PB of user data + 50 TB/day

CERN'’s Large Hydron Collider generates 15 PB a year

, 640K ought to be
enough for anybody.
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Astronomy facing

“data avalanche”
Necessity Is the Mother of Invention
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e SI= KT B 275 EATIRTS HER
DPOSS The Palomar Digital Sky Finished 3 TB
Survey
2MASS The Two Micron All-Sky Finished 10 TB
Survey
GBT Green Bank Telescope Finished |20 PB
GALEX The Galaxy Evolution Operating |30 TB
Explorer
SDSS The Sloan Digital Sky Operating |40 TB
Survey
SkyMapper Southern Sky Survey Operating | 500 TB
The Panoramic Survey Operating |~ 40 PB expected
PanSTARRS Telescope and Rapid
Response System
LSST The Large Synoptic Survey | |nplan |~ 200 PB expected
Telescope
SKA The Square Kilometer InPlan |~ 4.6 EB expected

Array
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o« FUEREPRMIRAIN T{EHLZiRTF 19894
s DAEHACMME R IZIB AN AR X I ( SIGKDD ) %
X I
n |[EEE &1 &5 \2001EFF 452 73

- XBMRES /BRATEEE:

m Usama Fayyad, JPL (then Microsoft, then his
own company, Digimine, now Yahoo! Research
labs)

m Gregory Piatetsky-Shapiro (then GTE, now his
own data mining consulting company,
Knowledge Stream Partners)

m Rakesh Agrawal (IBM Research)
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1989 IJCAI #48 ZE F  E1R R I TAE4H (Piatetsky-
Shapiro)
n B3 FE A 50R R I1(G. Piatetsky-Shapiro and W.
Frawley, 1991)
1991-1994% 4 = HH K A1 iR & I TAE A

n FIRRILNEIE 283 & (U. Fayyad, G.
Piatetsky-Shapiro, P. Smyth, and R.
Uthurusamy, 1996)

1995-1998%504 FE A i 0 1R R IR A48 42 4 2 1L
(KDD’95-98)

n FEZRAIER R ILEAT] (1997)
1998 ACM SIGKDD, SIGKDD?1999-2001 £=1{s, and
SIGKDD Explorations

B Z R THEZE W
a PAKDD (1997), PKDD (1997), SIAM-Data Mining
(2001), (IEEE) ICDM (2001), etc.
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c BBERMBRA-RGHRA— L.
c AN BBERAARLEG, B3R EROFIFTRN4EE, £A0E
FRTRIA, HEAAGERATHAL

* SDSSHRE A ERA— I e FEK, £2Z404EF % ERK

* K#g@aR £

* Hierarchical clustering

* WM& K H ¢k (Expectation Maximization algorithm)
* & #4144 (Gaussian mixture modeling)

* 2 AN

- # # 484 (Concept discovery)
- & i %= +2 (Bootstrapping knowledge)
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A Generic Machine-Assisted Discovery Problem:
Data Mapping and a Search for Outliers

(r-i)

[ : |
dots = sltars

O Type-2 QSOs
® 2z > 4 QS0Cs

{g-r)




Y2 47 (known uknowns)

%*Ai“ FEABA-NKREINTN LG Ko
s INAMMABFLEAAKREGHBERATERF T KF6

& A

* B E2MmAK (Teff. g. [Fe/H]) v ¥,

2 4AtERG XL, FF
7 &
* LM 4
© R F A
kNN
I HFE TR
1% g yJa

thut

W = o
IIII|IIII|IIII|IIII|IIII|_

J

IIII|IIII|IIII|IIII||.,III|

(c) |

IIII|IIII|IIII|IIII‘|III.I."’[\|-

G’

123/15

Zspec



o~ E ot 5 e va pAn

o I
— PSR (BERYEE21RRY)
— B )IGEREFNTIEIR SR
HIRE | HFXIREUE DS
o [EF5HT:
- fEREEEESE
— BEFEERREEIEIRE , Full
FENER TR {E

- R
- (ER-RILE
- BiFrhiz
- ETigih
— 2T Aot




ok oM B R £ 90N

. BEES (HK)
= =I5 : JIGEEEEIRE , RIPEURICFRAYRE
-- B R REETSGHES

. JEISESS (5EK)
- ST

AE—EE. NEEE  BNERIIERE
SR ERE




BRFEzE (1)

YIGEFIEIRE , SURSREE D=1 : JIgsE&. iz

TS

o YL
JiE S e VR Tl Rt

- WAL
VAR, DUEESE B A R, BRI I I 25

- VA%
SR P e



BAFETE (2)

o HEAIMEM ( out of sample testing )
BEHNMER ISR M EAIGIERNE | HREMNGEE | GRS
AHESEARX |, MinE—RLFREFH=72—.
o 3B (cross validation)
« K-#12Z XHIE (k-fold cross validation)
.« ¥ —IiF(leave-one-out testing)

- Bootstraphix
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i . 2ERENEREMITHNRTRE

£f=—¢ﬁMMﬁm$.m%%ﬁ&ﬁ§.EREEM% iR
5




H A S a2

Training Induction
data method

Historical ) :
Data Samplin p Samplin
(warehouse) metho metho

Testing Error
data estimation
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EEREEEFIMIZERIIEIEL.
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Error
estimation

Run's

10473 X HoilF, FEA 1055
- HR%X

error
- ¥E

Error

estimation
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iRi5 EM% ( confusion matrix ) plE
RISk RIE — AN SIERINg Sy S By ctual negative class  FP(false positve)
Eqﬂﬁﬁﬁﬂgﬁﬁiﬂg% ' 5“1’%%&9% Accuracy (Acc) =

1SRRG 3.

F5ifZEPrecision
MELHRNFRERES LV EEHRY.
G ElZERecall ( =ZHFIE )
FrEERFZEBZS VEINELERT.
F-measure

=B A [ E: 51 SR o
LHF-measurefXishY , IRBASCIESS A
EbsiEse. (AEREHFEFEN)

Predicted posiive class  Predicted negative clas

Actual posiive class TP (tme positive) —~~ FN (false negatve)
TN (g negative)
TP + TN
TP + FP + TN + FN
True Positive Rate  (Acct) = B = Recall
~ TP+FN
TN
True Negative Rate  (Acc™) =
TN + FP
y TP
Precision =
TP 4 FP

2 x Precision x Recall

F — measure (FM) = —
Precision + Recall

G —mean (GM) = (Acc™ X Acc")é

WeightedAccuracy (WA) = B x Acc™ + (1 — B) x Acc™
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C4.5

CART

IBM IntelligentMiner
Random Forest

A {HEERIR R E

SLIQ (EDBT' 96 — Mehta et al.)

SPRINT (VLDB’ 96 — J. Shafer et al.)

PUBLIC (vLDB’ 98 — Rastogi & Shim)

RainForest (VLDB’ 98 — Gehrke, Ramakrishnan & Ganti)
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Principle of Support Vector Machines
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-- QMBIEREENE
-- —iIXELIE
-- BEZESHIEAEILESH
n JLNRATRIGE
-- DBSCAN: Ester, et al. (KDD’ 96)
-- OPTICS: Ankerst, et al (SIGMOD’ 99).

-- DENCLUE: Hinneburg & D. Keim (KDD’ 98)
-- CLIQUE: Agrawal, et al. (SIGMOD’ 98)
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n JINRITATEE
-- STING (a STatistical INformation Grid
approach) by Wang, Yang and Muntz (1997)

-- WaveCluster by Sheikholeslami, Chatterjee,
and Zhang (VLDB’ 98) , HINER AR

-- CLIQUE: Agrawal, et al. (SIGMOD’ 98)
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iﬁjﬁﬁ:}’ﬁj\*ﬁ (Principal Component Analysis,PCA)
Zﬂjﬁzﬁj\ﬁ*ﬁ (ldenpendent Component Analysis,ICA )
%‘I‘i;’ﬂ%ﬂﬁ*ﬁ (Linear Discriminant Analysis,LDA)
?ﬁ:}’*ﬁ (Factor Analysis)
g@&ﬁfggﬁ?ﬁ%mmtidimensional Scaling,MDS)
SLRUA SR M

%Eﬁﬂg&ﬁﬂ‘ (Isomap)

%%B%'léﬁ;\)\ (Locally Linear Embedding,LLE)
Laplacian %fﬁ@%ﬁif (Laplacian Eigenmaps)
%%Bf%%&%ﬁ (Local Preserving Projection,LPP)
EI%BJE]J"EI\E—LI iHFﬁIJ (Local Tangent Space Alignment,LTS)
%ﬁﬁ%%ﬂ: ( Maximum Variance Unfolding,MVU)
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Figure 1. Reconstruction of four different spectral types out of the test spectra using the first 20, 10, five, two and one principal components.
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FIG. 1: A demonstration of the advantage of LLE over PCA. Figure [I(a)| shows the unprocessed, three-dimensional input
data. Figure [1(b)|shows the result of a simple, two-dimensional PCA projection of the data. Figure {L(c)[shows the result of
a two-dimensional LLE projection of the data. Color-coding is consistent between samples. Note that the PCA projection
confuses the relationship between points where curvature in Figure |1(a)|is strongest. LLE correctly maps the data to its
underlying manifold.
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ABSTRACT

We present a support vector machine classifier to identify the K giant stars from the LAMOST survey directly using
their spectral line features. The completeness of the identification 1s about 75% for tests based on LAMOST stellar
parameters. The contamination in the identified K giant sample is lower than 2.5%. Applying the classification
method to about two million LAMOST spectra observed during the pilot survey and the first year survey, we select
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3. K GIANT SELECTION
3.1 Support Vector Machine Classifier

Suppornt vector machine (5VM) is a machine learming algo-
rithm which is suited for classification (Cortes & Vapnik 1995)
and broadly used in astronomy (e.g.. Bailer-Jones et al. 2008,
2013; Lin et al. 2012; Saglia et al. 2012). As a supervised algo-
rithm, it needs a set of known data to train the SVM model first.
A subset of the raining data are selected as the support vectors
during the traiming phase. The support vectors define the linear
boundary of classes in a high-dimensional inner product space.
When the training process 8 done, the SVM model 15 ready
for prediction: any data input W the model will be marked as
a certain class depending on the region to which the input data
are projected.

3.2, Data Preprocessing

The full spectrum of a star does not carry useful information
in every pixel. Some parts of the spectrum that contain strong

where [oplid and fio (4 are the Quxes of the conlimumm and
the spectral line, respectively. both of which are functions of
the wavelength A. The continuum fy 1% estimated via linear
mterpolation of the fuxes located in the pseudocontinuum
region on either side of each index bandpass (see Table 1).

Figure 2 shows the difference between the K giant and non-
K giant stars of the MILES hibrary (Sdnchez-Blizgoez et al.
2006) in the EWs of Mg, Hy. and Ti0O. We can essentially
separate the K giant stars from EWg, versus EWw, with some
local overlapping. TiO can help to distinguish the giont from
the dwarf stars in some of the overlapped region, particularly at
4 =« EWwng, < 5.

3.3, Training of the SVM Classifier

By training with a set of data with known giant/mon-giant
separation, the parameters within S%M can be properly tuned to
obtain the best model for the classification. For this purpose. the
training data is defined using a common sample of the LAMOST
pllul survey and SDSS DR9 tAhn:l.ul 20112y with the I'ull:.mrmg
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3.1 The Kernel-based PCA

A detmled introduction of the Kemnel-based PCA can be found
in Schilpokf et al. (1998) and Miller et al. (2001). Below, we
bricfly summarize the algonithm for completeness. Let xp k= 1.
c .- M, denote the spectra of m stars, each containg N wavelength
pixels, x; € R". The spectra are normalized such that the sum of
all pixel squared values of a given spectrum is unity. Note that the
normalization 18 cntical o generate realistic values of the kernel
function. To extract data stroctures with KPCA, we map the spectra
mnto feature space F by a (non-lmear) function $x ). Then we have
the covariance matrix m F,

I M I
E=EZ¢[IJ}¢IIH- (1)

To calculate the pnncipal components, we solve the Eigenvalue
problem below to find Eigenvalue A > 0 and Eigenvector ¥V £ (k

Al
;
AV =C¥V = - zm:{m- Vidix, ). (2

J=l



All Exgenvectors with non-zero Eigenvalue can be writlen in the
span of ®(xy),..., Plx ) such tha,

ol
V =Euj¢{:j; (3)
el

Muluplying equation (2) by &(x, ) from the lefl yields

M
LY o) - Bixg))

J=1
I M M
== % a; ¥ (Pl Dix)dix;)- Olx;)). (4)

J=1 i

Defimng an M x M matrix K,

Kij i=(®ix;) - Dix)), (5)
the Eigenvalue problem becomes

Miog = Ke. (6)



Even in the most realistic cases, the non-lingar transformation
@ n general cannol be expressed exphaitly. Therefore, instead of
calculating the products (Pix )« 4 y)) in equation (6) directly, we
use a kernel representation of the form.,

kix, y) = (Px) - d{y)). (%)

Various forms of kemel function, such as polynomial, radial basis
functions and sigmoidal. as well as other more complicated kemels,
have been validated (Scholpokl et al. 1998; Muller et al. 2001 ). In
this work, we use the Gaussian radial basis functions,

-lx = :n*) |

]

kix, ¥) =exp ( (100
where |[|-] represents  the Euoclidean nom, f[x— vl =
VIE = ¥)-(x = y). and ¢ 15 the width of the kermnel. Throughout
this paper. we adopt ¢ = 0.005, a typical vaklpe of the squared
Euclidean norm ||x = y||° for the LAMOST spectra. In fact, we
have examined different values of ¢ (e.g. 0.005, 005, 0.5, 1.0, 5.0)
making wse of both LAMOST-Kepler sumple stars and member

stars of open clusters, and found that (L0035 is an optimal one.




3.1 The regression

To dernive atmospheric parameters from the principal componenis,
wi construct a multiple-linear relation between the principal compo-
nents P and the siellar stmosphenc parameters for each parameter

¥.
M

y=Y aP +a (1
el

where & is the adopted number of principal components, determined
empirically with a brute-foree search (cf. Section 4), ¢ 15 a constant,
and y 15 any one of the parameters Ty, log g, [FefH], My, My, .
IM/H]. [e/M]. [e/Fe], [C/H] and [N/H). The coefficients o § = 1.
.- N, are determined by a least square multiple-linear fit to a
training data set.

When estimating log g values for grant stars using the LAMOST-
Kepler sample stars as the training set (cf. Section 4.3), Ty and
[FefH] from LSP3 are adopted as priors. This is carried out by tak-
ing log T and [Fe/H] as input paxel values of spectral flux. Sim-
tlarly, when estimating log g values for dwarfs wsing the MILES
library as the traming set (cf. Secton 4.1), as well as when estimat-
mg [M/H]. [o/M] and [er/Fe] using the LAMOST-APOGEE stars
as the truning set (cf. Section 4.4), Ty vielded by LSP3 is adopied
as a prior. For the estimation of individual elemental abundances
[FefH]. [C/H] and [NfH] with the LAMOST-APOGEE training set.
the LSP3 T4 as well as the KPCA estmated [M/H] are adopted
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Morphological classification of galaxies
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Spectral classification of stars

Image segmentation

Moise removal
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Search for AGN
Variable objects

Partition of photometric parameter space
for specific group of objects
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Interstellar magnetic fields

Stellar evolution modeis

Ball & Brunner 2009
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Table 16.1 The Spectral Sequence

M

Stars of
Ohrion's Felt

Rigel

Sirus

Pelaris

Sun, Alpha

Centauri A

Arcturus

Betclgeuse,
Proxima
Centauri

i I:h-: -II_.W um_.

=30000 K
30,000 K=10,000 K
10,000 K-7,500 K
7,500 K-6,000 K
6,000 K-5,000 K
S0 K-3,500 K

<3300 K

Lines of ionized
helium, weak

hydrogen lines

Lines of newtral
helium, moderate
hydragen lines

Very strong
hydrogen lines

Moderate hydrogen
lines, moderate lines
of ionized calcium

Weak hydrogen
lines, strong lines
of jonized calcium

Lines of newtral and

some midecules

Mobkecular lines
strong

singly lonized metals,

<97 nm
{ultraviolet)®

97290 nm
{ultraviolet)®

2503 nm
{violet)®

FH)—480 nm
{Blue)®

AB0=580 nim
(yellow)

SE(-BH) nm
{red)

=E30nm
{infeared)

* Al stars above 6,000 K look more or less white 1o the human eve because they emit plenty of radiation at all visible wavelergths,

Copyright @ 2004 Pearson Educetion, publishing as Addison Waskay,
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