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Spectroscopy (Early Days)
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Fic. 2.—Lick spectrum of 3C 191 obtained in February, 1966, with the prime-focus spectrograph on
the 120-inch telescope. The comparison spectrum shown is that of He + Ar.
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Quasar Spectroscopy (Early Days)
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F1c. 1.—Density tracings of the spectrum of 3C 191 and the nearby night-sky spectrum on the same
plate are shown. The two tracings have the same vertical magnification but have been shifted by an
arbitrary amount. The strong emission lines in the night-sky spectrum are due to mercury city lights.
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Quasar Spectroscopy (Disco Days)
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Quasar Spectroscopy (Disco Days)
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Quasar Spectroscopy (Disco Days)
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Quasar Spectroscopy (Keck/HIRES)
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Quasar Spectroscopy (Keck/HIRES)
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Relative Flux
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Relative Flux

g| Sargent, Steidel, Q06364680 j
_~| Boksenberg 1989 j
38 (Palomar 5m) ¢
B :
P R

8 [ M P 5

uw L 1 '

— r-'.35| & 4UIDD :‘-lﬁlﬂ[}l ‘50'(}0’ o500 :-'l GEP{}U "?{}OD
Wavelength (Angstroms)
100 ................................................

30

‘ L :

40 -

20 =

VB o e i St iieirtoioe

Wavelength (Ang)

Quasar Spectroscopy (Keck/HIRES)

(SHAIH />199))
9IMO)) 29 B[1R3UOG



Quasar Spectroscopy (Keck/HIRES)
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Quasar Spectroscopy (SDSS)
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Quasar Spectroscopy (SDSS)
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Quasar Spectroscopy (Future)
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Quasar Spectroscopy (Future)
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Deep Learning

Deep Learning =,Learning Hierarchical Representations

Y LeCun

8 It's deep if it has more than one stage of non-linear feature transformation

Low-Level Mid-Level ___High- Level, Trainable

Feature Feature Feature Classifier

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]
LBNL 2u17/ 18



Machine Learning in Astronomy

* Astronomy is rife with tasks
demanding human labor

- Source identification
- Continuum fitting

— Line identification

 Machine Learning

— Can perform many of these tasks

- Auto-magically, repeatably, better!

* Astrophysics and ML
- I harbor my doubts...
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The Damped Lya Systems (DLAS)

Wolfe+86
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The Damped Lya Systems (DLAS)

Wolfe+86
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The Damped Lya Systems (DLAS)

Wolfe+86
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The Damped Lya Systems (DLAS)

Wolfe+86
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The Damped Lya Systems (DLAS)
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The Damped Lya Systems (DLAS)
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The Damped Lya Systems (DLAS)

Wolfe+86
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The Damped Lya Systems (DLAS)

Wolfe+86
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DLASs from 21cm (Wolfe)

No. 1, 1973 21-CM ABSORPTION IN 3C 286
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DLAs: Quantum Mechanics
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DLASs in the Modern Universe

The HI Nearby Galaxy Survey (THINGS) ’:’ﬁ}

i

F. Walter, E. Brinks, E. de Blok, F. Bigiel, M. Thornley, R. Kennicutt

Kim+ . ==

Zwaan+
Walter+

Cold, neutral gas in galaxies. Aka the Interstellar Medium (ISM)
LBNL 2017




DLAs in the Distant Universe

Neeleman+17
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Cold, neutral gas in galaxies? Or around galaxies (aka CGM)??!
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DLA Science

Z

LBNL 2017
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DLA as Contaminants

Baryonic Acoustic Oscillations (Solzar+15)
Search for protoclusters MAMMOTH; Cai+17)

33



DLA as Contaminants
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LBNL 2017 Search for protoclusters MAMMOTH; Cai+17) 34



DLA Analysis (Old School)

Wolfe+95
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Visual inspection (first error array!); by-eye N fitting
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DLA Analysis (Old School)

Wolfe+95
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DLA Analysis (Old School)
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X+03
X+05 !

Visual inspection (first error array!); by-eye N fitting
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DLA Analysis (Early SDSS)

T
;

X+03
X+05 !

Visual inspection (first error array!); by-eye N fitting
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DLA Analysis (Early SDSS)

X+03 — Total
X+05 1000 ¢ — sﬂss-nm :
: r\ — SDSS-DR1*
100 -
N E :

BD
+ \
10 \lL E
]_ e T T TR N Sl S W S T W T ST TN N U TR ST T TR T T S s e W I._‘. P R T s sl BT R T B

2 3 4 D
Z

Survey path: Number of QSOs examined for DLAs
LBNL 2017



DLA Analysis (BOSS)

Noterdaeme+09,12
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DLA Analysis (BOSS)

Pr(M | D) =

pO | MyPr(M) _ p(D | M)Pr(M)

p(D) - 2.i (D | M) Pr(M,)’

p(f) =GP (f;u K),

Garnett, Ho,
Bird 2016

LBNL 2017

Learned Gaussian Process model
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DLA Analysis (BOSS)

D]/ 0.8

P F 0.6

p(f) =GP K), = |
s Ly

Lyco Lyy Lyp Lya

rest wavelength Aeq (A)

Figure 5. The observation covariance matrix K corresponding to the learned
parameters shown in Figure 4. The entries have been normalized to give unit
diagonal; the entries are therefore correlations rather than raw covariances.

Garnett, Ho,

Bird 2016 Learned Gaussian Process model
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DLA Analysis (BOSS)
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Deep Learning

Deep Learning =,Learning Hierarchical Representations

Y LeCun

8 It's deep if it has more than one stage of non-linear feature transformation

Low-Level Mid-Level ___High- Level, Trainable

Feature Feature Feature Classifier

Feature visualization of convolutional net trained on ImageNet from [Zeiler & Fergus 2013]
LBNL zulLv/ 45



Deep Learning of DLASs

Input
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CNN Labels and Learning

DLA
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Three labels at each pixel: (1) Localization [i.e. redshift];

(2) HI column density; (3) Classification

Multi-task Learning: Combined loss function for all three labels
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CNN Training
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200,000 sightlines of DLAs injected into ‘DLA-free’ quasar spectra
from the SDSS-DR5.
By-hand addition of additional training sets: high N, SLLS
Parks+17
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Relative Flux

Relative Flux

CNN Training
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CNN Validation
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CNN Validation
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CNN Validation
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¢ 11,110 DLAS held baCk oo . = Missed

— Matched 99% of these 4.0 -u :
to within Idz| < 0.015

« ~300 false negatives ss{its
5

- Primarily SLLS S
- Overlapping DLAs 3.0

* 74 ‘false positives’

- Some may be real 23

- Overlapping DLAs

20.5 21.0 21.5 22.0
True |Og NHI
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CNN Validation

100 -
120 -
301 100 -
60 - 80 |
Z.
60 -
40 1
40 -
20 - -~
0' T = T 0_ T T
—0.03-0.02—0.01 0.00 0.01 0.02 0.03 -12 -08 -04 00 04 0.8 1.2
Az Alog Ny,
Parks+17

Precise DLA measurements without Quantum Mechanics!!
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Relative Flux

Parks+17

LBNL 2017

Relative Flux

1.0 4 1, l] .
0.5+ 1
! ) : . :
0.0 - 4700 4750 4800
Wavelength (Ang)
0.5 ‘I[ 4 |U‘g Ny = 20.52
3 -
2 .

CNN Validation

2.0 log Ny = 20.86
log Ny = 20.84 6 -
1.5 3
4
2
I Z 5
i)
)

—

]
~1.0 : : : 5
4850 4900 4950 v
Wavelength (Ang) =R
10 4 o2
|Ug NHI = 2096 0 1
°] 1
61 = 6100 6150 6200
T Wavelength (Ang)
4 - 6 log Ny = 20.33
24 X 4-
| 1 = '}
0+ 2 9
i g
= é o} |
—4 1
T T T —2 T T T
4000 4050 4100 4650 4700 4750
Wavelength (Ang) Wavelength (Ang)

‘Fun’ examples for DLA officiandos
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DLA Results (CNN + SDSS-DRY7)

10 :
1110749.14-011230.8: Zape = 2.940, log Ny, = 20.73
8 N H
%
o
g
ks
"0
[
4650 4700 4750 4800 4850 4900
Wavelength (Ang)
p JP82400.89+512152.8: Zaps = 2.804, log Ny = 20.
ﬁ :
m 4 N : -
o | == - : -
Z | C M
=2 | Y Y.
S | II|1g i W
Al !
0 +--—--—----k-- -3 R
M1
4500 4550 4600 4650 4700 4750
Wavelength (Ang)
4 :
1214053.59+003108 4: Zgpi = 2.636, log Ny = 21.25
3 :
" : |ﬂ
= H |
=~ 2 :
o [ ] ' (it~ : b
2 : ’
= 11 |
o Tl : -4
‘ ML
0 f--mmmmmmmmmmmmmed e . -‘ F---1--—-1 -3--
-1

4250 4300 4350 4400 4450 4500 4550 4600
ParkS+ 17 Wavelength (Ang)

1,659 DLAs in DR7 not reported previously (~2x gain).

LBNL 2017



DLA Results (CNN + BOSS)

21.8 -
21.6 -

21.4-

21.2

log Ny

21.0

20.8
20.6 L 0.5
204
T T 0.0
2.0 2.5 3.0 3.5 4.0 4.5 5.0
Parks+17 ZDLA
~19,000 DLAs with z>2
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DLA Results (CNN/GP + BOSS)

2000 -
1750 -
1500 -
1250 -

Z. 1000 -
7350 -
500 -
250 -

0 [ .
—0.03 —0.02 -0.01 0.00
Az

0.01

0.02

0.03

3000 A

2500 +

2000 -

Z. 1500 -

1000

500 1

08 -04 00 04
ﬂlogNH|

Excellent complementarity between GP and CNN

Parks+17
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Future Ideas: BALS

20 1
T 15 |
ot i
IE |
© 10 _
OD —
o
E ;
o 7
0 i
1300 1400 1500 1600
Rest—frame wavelength (A)
Jiani cu al.,
in prep. I am advised to use RNNs.
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Future: Spectral Image Classification

Confusion Matrix:

[[35 0 0 0 0]
[ O 67 1 0 0]
[ O 6 8 0 0]
[ 0O 0 022 0]
[ 0O 0 O 0 64]]
0 1 2 3 4 ™~
L 60
0
50
1
40
S 2
= 30
3
20

10

Predicted

Yankoff+17 ’

LBNL 2017 Done. Just need to write it up and implement



?7?7+17

LBNL 2017

Absorber redshift

Future: Other ideas...

&

~i'a = i
@Cortss atde ® @ @

4000 5000 6000 . 7000 8000
}"‘-::bs ("E")

Lots of things brewing

9000
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Machine Learning in Astronomy

* Astronomy is rife with tasks
demanding human labor

— Source identification

- Continuum fitting

— Line identification

* Machine Learning \©

— Can perform many of these tasks

- Auto-magically, repeatably, better!

e Astrophysics and ML

- I harbor my doubts... g

LBNL 2017  ———
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