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What are Photometric Redshifts?



Basic Concept
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Survey: sdss Program: legacy Target™QALAXY ROSAT_D ROSAT_E
RA=25.85808, Dec=—1.22998, Plate=401, Fiber=125, MID=51788
#=0.04263+0.00002 Class=GALAXY AGN

No warnings.
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http://www.stsci.edu/~dcoe/BPZ/intro.html
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Why do we care?

« Many questions now require large samples of galaxies to
answer — now entering the “Big Data” era of astronomy.

« Wide-field imaging surveys much cheaper and faster than
spectroscopic surveys. Also can see fainter objects.

« ~100x increase in sample size, diversity makes up for
photo-z uncertainties. (Detailed studies can rely on ~1%
spectroscopic subsample.)



Science Case

Precision cosmology
« Using large samples of galaxies to pin down the dark
energy equation of state, growth of large-scale
structure, etc.

Taken from http://kids.strw.leidenuniv.nl/goals.php.



http://kids.strw.leidenuniv.nl/goals.php

Computing Photo-z's



Photo-z's: Statistically Speaking
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Photo-z's: Statistically Speaking

« Aforward modeling problem: can we construct a model from
parameters we care about that matches the observed SED?

Star formation rate

Star formation history

Dust content
Stellar mass
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AGN activity



~
e
)
N
'©
€
—
@)
c
=
=
~
x
=)
LL

Traditional Approach

Photometry = F(d|Tyq;)

Galaxy

e.g., COSMOS: llbert et al. (2009), Laigle et al. (2016)

1.6 pm)

normalized to

Flux (S,;

Wavelength (A)




Traditional Approach

e.g., COSMOS: llbert et al. (2009), Laigle et al. (2016)

Photometry = F(aq, I;ITgal, Torm)
Emission lines
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Traditional Approach

Emission lines

Reddening

e.g., COSMOS: llbert et al. (2009), Laigle et al. (2016)
Photometry = F(d, b, ¢, E(B-V)|Tyar, Tem Taust)

Allen (MW)
Seaton (MW)
Calzetti (starburst)
Fitzpatrick (LMC)
Prevot (SMC)

i 5 6 7 8 90
Wavelength (A)

Wavelength (A)




Traditional Approach

e.g., COSMOS: llbert et al. (2009), Laigle et al. (2016)
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Traditional Approach

e.g., COSMOS: llbert et al. (2009), Laigle et al. (2016)

Photometry = F(a, E; ¢,E(B-V), Zngalr Tem> Taust> Ticm)
Emission lines

W«@E‘M‘J‘ 4 4"‘¢'

Reddening
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Traditional Approach

e.g., COS

Photometry = F(&, b,
Emission lines

Reddening
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MOS: llbert et al. (2009), Laigle et al. (2016)
¢, E(B-V), z|Tga1, Tems Tause Tigm, filters)
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Photometry
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Traditional Approach

e.g., COS

Photometry = F(&, b,
Emission lines

Reddening

MOS: llbert et al. (2009), Laigle et al. (2016)

¢, E(B-V), z|Tga1, Tems Tause Tigm, filters)

Y,

Photometry\

0.00.40.81.21.62.0

10

Wavelength (A)
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Photo-z's: Statistically Speaking

 An problem: can we use machine learning
to construct a mapping from color to redshift?

Star formation rate

Star formation history

Redshift

Dust content
Stellar mass

Metallicity
AGN activity



Machine Learning
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Machine Learning
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Machine Learning

Target
(redshift)



Machine Learning

_ ~ Feature vector
P(Cg) (observed color)
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Machine Learning
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Machine Learning

z, Z3 zy Zs z; Target
7 3 1 0 0 Weight

\—'—I

Kernel Density Estimation

}

P(z|g)

0.00.4081.21.62.0
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Two Communities

Model-fitting
approaches
(color-redshift
relation assumed)

Probabilistic
Interpretable

Sensitive to systematics
Generally slow

Machine-learning
approaches
(feature-redshift
relation derived)




Two Communities

Model-fitting
approaches
(color-redshift
relation assumed)

Probabilistic
Interpretable

Sensitive to systematics
Generally slow

Flexible, data-driven

More robust to systematics
Generally fast

Difficult to interpret

Difficult to derive PDFs

Machine-learning
approaches
(feature-redshift
relation derived)




What are we doing?
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Splitting Photo-z's into Two Parts

« Mapping from features to

redshift. R

» Can be done through {P(z|F),,Cy)}

model fitting and/or
machine learning.

{P(Fp|Fp, Cp))

* Propagating uncertainties ~ =
In features. {P(FQ‘FQ’CQ)}



Feature Projection

{P(Fp|Fp, Cp))

tP(Fg|Fg,Cy)j
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The "Big Data” Assumption

redshift

\ redshift PDF
P(zlg) = ) P(zIP(hlg)
/ 7 photometric
target galaxy “g” \ posterior

training galaxy “h”
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The "Big Data” Assumption

P(zlg) = ) P(zIRP(hlg)
h

band mask

P(glh,b)P(h)
= P(z|h)
Zh: P(g)

1. What is this likelihood?
2. How do we compute it?
3. How do we deal with missing data?



> W

The "Big Data” Assumption

selection effects

P(zlg) = ZP(zm)p(h\g, =1,5,)

galaxy IS
observed

- paiiy PGP
h

P(g)

What is this likelihood?

OW C
OW G

OW C

0 we compute it?
o we deal with missing data?
0 We Incorporate selection effects?
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The "Big Data” Assumption

P(z|g) = ZP(Zlh)P(h‘g,Sg = 1,Sg)
n

P(gl|h,b)
= P(z|h)
Zh: P(g)

What is this likelihood?

OW C
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0 we compute it?
o we deal with missing data?
0 We Incorporate selection effects?
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The "Big Data” Assumption

P(z|g) = ZP(Zlh)P(h‘g,Sg = 1,Sg)
n

P(gl|h,b)
= P(z|h)
Zh: P(g)

What is this likelihood?

OW C
OW G

OW C

0 we compute it?
o we deal with missing data?
0 We Incorporate selection effects?
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Likelihood / Distance Metric

Training
/ galaxy
« What metric(s) to use? P(glh)
Obse/r‘ved
galaxy

NGC 4414 NGC 5457



Likelihood / Distance Metric

Training

/ galaxy
* What metric(s) to use? P(gl|h)

/

Observed
galaxy

i |
*loha

“oflly  Broadband filters

4000 5000 6000 7000 8000 9000
Wavelength {(Angstroms)




Likelihood / Distance Metric

Training

/ galaxy
* What metric(s) to use? P(gl|h)

/

Observed
galaxy

Assume data is normally distributed.

P(Fg‘ﬁgfg) ~ N(Fg‘ﬁg’fg)

4000 5000 6000 7000 8000 9000
Wavelength {(Angstroms)




Likelihood / Distance Metric

« What metric(s) to use? P(glh)
" (ﬁgi — Sﬁhi)z
Color space (traditional) ¥ = 2 ) —
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Likelihood / Distance Metric

« What metric(s) to use? P(glh)
. (F'gi —Sﬁhi)z
Color space (traditional) ¥ = 2 ~) —
— Og,i T SZ0p



Likelihood / Distance Metric

« What metric(s) to use?

Color space (traditional)

Magnitude space ("‘new")




Likelihood / Distance Metric

« What metric(s) to use? P(glh)
N 2
i (F,; — sFy i)
Color space (traditional) Az 37
Requires magnitude priors to 7 + S h i
account for galaxy evolution.
“Scale-free”
. 13 ” ( B Fh L
Magnitude space ("‘new”)
Requires good sampling in full i O-h L

magnitude space.
“Scale-dependent”



Population: Mag v Color

== Underlying
Flux Likelihood (noisy data)
Color Likelihood (noisy data)

Normalized Density

0 1 2 3 4 5 6
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The "Big Data” Assumption

P(z|g) = ZP(Zlh)P(h‘g,Sg = 1,Sg)
n

P(gl|h,b)
= P(z|h)
Zh: P(g)

What is this likelihood?

OW C
OW G

OW C

0 we compute it?
o we deal with missing data?
0 We Incorporate selection effects?



S B b

The "Big Data” Assumption

P(z|g) = ZP(Zlh)P(h‘g,Sg = 1,Sg)
n

P(gl|h,b)
= P(z|h)
Zh: P(g)

What is this likelihood?

OW C
OW G

OW C

0 we compute it?
o we deal with missing data?
0 We Incorporate selection effects?



The Problem

Likelihood

{P(h|g)}

x 0%
....
® "y o0, ©

* * ®
Photometric
training set

-22 -20
MU.'\

Cool et al. (2007)



Machine Learning Approximation

Likelihood
{P(h|9)}
o
S \/'\
e o o O

=22 -20

Cool et al. (2007)



Population: FRANKEN-Z

= Underlying

>

'E Mag Likelihood (brute-force)
% Mag Likelihood (sparse)
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Redshift




How Valid i1s Our Approximation?

= Truth
1500
3000
7500
15000
30000
75000
150000

Redshift
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The "Big Data” Assumption

P(z|g) = ZP(Zlh)P(h‘g,Sg = 1,Sg)
n

P(gl|h,b)
= P(z|h)
Zh: P(g)

What is this likelihood?

OW C
OW G

OW C

0 we compute it?
o we deal with missing data?
0 We Incorporate selection effects?
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The "Big Data” Assumption

P(z|g) = ZP(Zlh)P(h‘g,Sg = 1,Sg)
n

P(gl|h,b)
= P(z|h)
Zh: P(g)

What is this likelihood?

OW C
OW G

OW C

0 we compute it?
o we deal with missing data?
0 We Incorporate selection effects?



Missing Data  rining

galaxy

\

* How to deal with missing data? P(g|h, b)

/ N\

Observed Band mask
galaxy



Now What?

* How to deal with missing data? P(g|h, b)

—2InL =777



Naive Likelihood: Multivariate Normal

* How to deal with missing data? P(g|h, b)

—2InL, ~ X?%(Sn) X A
+nln2m + ln‘Cg + Ch‘



Implications

* How to deal with missing data?

fr (107" erg/s/cm?/Ang)

Survey: sdss Program: legacy Target: GALAXY ROSAT_D ROSAT_E
RA=25.85808, Dec=—1.22998, Plate=401, Fiber=125, MID=51788
#=0.04263+0.00002 Class=GALAXY AGN

No warnings.

g
(=]

N
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wW
o

5000 6000 8000
Wavelength (Angstroms)

9000

P(gl|h,b)



Implications

* How to deal with missing data? P(gl|h,b)

fr (107" erg/s/cm?/Ang)

Survey: sdss Program: legacy Target: GALAXY ROSAT_D ROSAT_E
RA=25.85808, Dec=—1.22998, Plate=401, Fiber=125, MID=51788
#=0.04263+0.00002 Class=GALAXY AGN

No warnings.

5000 6000 7000 8000
Wavelength (Angstroms)

Survey: sdss Program: legacy Target: GALAXY ROSAT_D ROSAT_E
RA=25,65808, Dec=-1,22998, Plate=401, Fiber=125, MID=51788

Ro warmings, o S SDSS Skyserver

5000 6000 7000 8000 9000
Wavelength (Angstroms)

9000




Implications

* How to deal with missing data? P(gl|h,b)

fr (107" erg/s/cm?/Ang)

Survey: sdss Program: legacy Target: GALAXY ROSAT_D ROSAT_E
RA=25.85808, Dec=—1.22998, Plate=401, Fiber=125, MID=51788
#=0.04263+0.00002 Class=GALAXY AGN

No warnings.

5000 6000 7000 8000 9000
Wavelength (Angstroms)

Survey: sdss Program: legacy Target: GALAXY ROSAT_D ROSAT_E
RA=25,65808, Dec=-1,22998, Plate=401, Fiber=125, MID=51788

Ro warmings, o S SDSS Skyserver

4000 5000 6000 7000 8000 9000
Wavelength (Angstroms)

—2InLs ~ y& + 5In2m + ln‘CA'g + (f'h‘



Implications

* How to deal with missing data? P(gl|h,b)

fr (107" erg/s/cm?/Ang)

Survey: sdss Program: legacy Target: GALAXY ROSAT_D ROSAT_E
RA=25.85808, Dec=—1.22998, Plate=401, Fiber=125, MID=51788
#=0.04263+0.00002 Class=GALAXY AGN

No warnings.

5000 6000 7000 8000 9000
Wavelength (Angstroms)

Survey: sdss Program: legacy Target: GALAXY ROSAT_D ROSAT_E
RA=25,65808, Dec=-1,22998, Plate=401, Fiber=125, MID=51788

Ro warmings, o S SDSS Skyserver

4000 5000 6000 7000 8000 9000
Wavelength (Angstroms)

—2InL; ~ x5 + 31n2n+ln‘5‘é + (f,’l‘



Solutions

* How to deal with missing data? P(gl|h,b)

fr (107" erg/s/cm?/Ang)

Survey: sdss Program: legacy Target: GALAXY ROSAT_D ROSAT_E
RA=25,65808, Dec=-1,22998, Plate=401, Fiber=125, MID=51788

Ro warmings, o S SDSS Skyserver

Survey: sdss Program: legacy Target: GALAXY ROSAT_D ROSAT_E
RA=25.85808, Dec=—1.22998, Plate=401, Fiber=125, MID=51788
#=0.04263+0.00002 Class=GALAXY AGN

No warnings.

5000 6000 7000 8000 9000

4000 5000 6000 7000 8000 9000 Wavelength (Angstroms)

Wavelength (Angstroms)




Implementation

* How to deal with missing data? P(g|h, b)

some transformation of
—21InlL = 7?77 doubly-non-central F-
distribution



Implementation

* How to deal with missing data? P(g|h, b)

ignore
non-centrality

—2InL = y2 - N,

first-order
correction




Missing Data: Searching for Neighbors

» How to deal with missing data? P(g|h, b)

'ZTTahﬂng
| data

Y ROSAT_D ROSAT_E

Plate 4;01 Fiber=125, MID=51788
i Ao SDSS Skyserver

erg/s/cm?®/Ang)

S (1077

| e e i ot e e e e e e
4000 5000 6000 7000 8000 9000
Wavelength (Angstroms)

Cool et al. (2007)
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The "Big Data” Assumption

P(z|g) = ZP(Zlh)P(h‘g,Sg = 1,Sg)
n

P(gl|h,b)
= P(z|h)
Zh: P(g)

What is this likelihood?

OW C
OW G

OW C

0 we compute it?
o we deal with missing data?
0 We Incorporate selection effects?
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The "Big Data” Assumption

P(z|g) = ZP(Zlh)P(h‘g,Sg = 1,Sg)
n

P(gl|h,b)
= P(z|h)
Zh: P(g)

What is this likelihood?

OW C
OW C

OW C

0 we compute it?
o we deal with missing data?
0 We Incorporate selection effects?



Selection Effects

« How to deal with selection effects? P(g|h)



Selection Effects

» How to deal with selection effects? P(F 4| g)



Selection Effects

Selection effect(s)

» How to deal with selection effects? P(F,|g,s, = 1, S )

’

Binary selection flag
(1=in/O=o0ut)



Selection Effects

Selection effect(s)

» How to deal with selection effects? P(F,|g,s, = 1, S )

f

Binary selection flag
(1=in/O=o0ut)

Selection P/rgbability Origi\nal PDF
P(sq = 1|Fy,S4)P(Fylg)
P(sy = 1|9, 5,)

Marginalized
Selection Probability




Application: Signal-to-Noise Cut
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Application: Signal-to-Noise Cut
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Appllcatlon Slgnal -to- N0|se Cut
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Appllcatlon Slgnal -to- N0|se Cut
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The "Big Data” Assumption

P(z|g) = ZP(Zlh)P(h‘g,Sg = 1,Sg)
n

P(gl|h,b)
= P(z|h)
Zh: P(g)

What is this likelihood?

OW C
OW C

OW C

0 we compute it?
o we deal with missing data?
0 We Incorporate selection effects?
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Mixing and Matching Galaxies

* How to deal with population mismatch?

Based on Leistedt, Peiris, & Mortlock (2016)



Mixing and Matching Galaxies

* How to deal with population mismatch?
Py ~ Mult(n =1,p = pg)

N, categories with
probabllity vector

p, = P(hlg)}

Probability Mass

Trinomial distribution from Mathworks.

Based on Leistedt, Peiris, & Mortlock (2016)


https://www.mathworks.com/help/stats/work-with-the-multinomial-probability-distribution.html

Mixing and Matching Galaxies

* How to deal with population mismatch?
Py ~ Mult(n =1,p = pg)

N, categories with
probabllity vector

p, = P(hlg)}

h = {0,1,2)
p, =1{0,0,1} > h) = 2

Probability Mass

Trinomial distribution from Mathworks.

Based on Leistedt, Peiris, & Mortlock (2016)


https://www.mathworks.com/help/stats/work-with-the-multinomial-probability-distribution.html

Mixing and Matching Galaxies

* How to deal with population mismatch?

Py ~ Mult(n =1,p= pg)

P(h) £ n~ Py
geg

Based on Leistedt, Peiris, & Mortlock (2016)



Mixing and Matching Galaxies

* How to deal with population mismatch?

Py ~ Mult(n =1,p= pg)

/
n ~ Pg
geg

Concentration
P(h) ~Dirlw|la =n+1)

Population Counts
weights

Based on Leistedt, Peiris, & Mortlock (2016)



Mixing and Matching Galaxies

Courtesy of Wikipedia.

e How to de

Low concentration

High concentration

/

Concentration
P(h) ~ Dirwla=n+1)
Population Counts
weights

Based on Leistedt, Peiris, & Mortlock (2016)


https://en.wikipedia.org/wiki/Dirichlet_distribution

Hierarchical Modeling Hiewrcnica

posteriors

4
 How to deal with population mismatch? P(W, {ﬁg}‘D, S)

/

Population weights
(training set)

Based on Leistedt, Peiris, & Mortlock (2016)



Hierarchical Modeling Hiewrcnica

posteriors

4
 How to deal with population mismatch? P(W, {ﬁg}‘D, S)

/

Population weights
(training set)

Gibbs sampling
P(izg}lw.S)

|

P(wl{zg}.$)

Based on Leistedt, Peiris, & Mortlock (2016)



Hierarchical Modeling Hiewrcnica

posteriors

4
 How to deal with population mismatch? P(W, {ﬁg}‘D, S)

/

Population weights
(training set)

Gibbs sampling

P({ﬂg}‘W, S) 1. Sz?ir)nple hierarchical posterlc_)_r?:
~Mult(n = 1,p = p,w(™V)

R

P(wl{zg}.$)

Based on Leistedt, Peiris, & Mortlock (2016)



Hierarchical Modeling Hiewrcnica

posteriors

4
 How to deal with population mismatch? P(W, {ﬁg}‘D, S)

/

Population weights
(training set)

Gibbs sampling

P({ﬂg}‘W, S) 1. Sz?ir)nple hierarchical posterlc_)_r?:
~Mult(n = 1,p = p,w(™V)

Pg
l I 2. Compute counts: n(9 ~ Yoeg J,Ei)
P(w|{z,},5)

Based on Leistedt, Peiris, & Mortlock (2016)



Hierarchical Modeling Hiewrcnica

posteriors

4
 How to deal with population mismatch? P(W, {ﬁg}‘D, S)

/

Population weights
(training set)

Gibbs sampling

P({;gg}‘w, S) 1. Sz?ir)nple hierarchical posterl(ci)_r?):
Py ~ Mult(n = 1,p = pgW )

l I 2. Compute counts: n” ~ ¥, J,Ei)

P(W‘{;?g}, S) 3. Sample weights: w® ~ Dir(w|n® + 1)

Based on Leistedt, Peiris, & Mortlock (2016)



dN/dz

Application to Mock Data

Errors ~vN, independent

All objects share same PDF
Counts from posterior (uniform prior)

Counts from hierarchical model

] Truth
Poisson
Multinomial
Posterior
Hierarchical

Redshift
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Application to Mock Data
o S e o Poisson o - ]oo. I\l/IuItinolmiaw
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% Deviation
(relative to max)

Tests on ~100k SDSS Galaxies

1 Truth
Posterior
Hierarchical

0.4 0.6
Redshift

0.4 0.6
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Next Steps



Robustness of Training Data/Priors

* Hyper Suprime-Cam (HSC) SSP has ~380k objects taken from 11
surveys.
« Wide variety of selection criteria, data quality/reliability.
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10°; ‘ ‘ ‘ ; 10°¢ ; ‘ ‘ . 10° ; ; ‘ ‘ 4 10° ‘ ; ; ‘ 1
10{ [ VIPERS (19808) 1044 3 VvVvDS (5640) | 10° 1 GAMA (24360) 10* [ WIGGLEZ (2809)

_10° _10® _10° _10°
< 107 % 107 % 107 < 10
10 10! 10! 10!
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1 COSMOS spec-z (16917) |

. 3DHST spec-z (205)
COSMOS photo-z (89085) | 10

3DHST grism-z (3287) |=
3DHST photo-z (5480) |:

0 UDSZ (600) FMOS-COSMOS (121)
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Note: old plot from early internal data release.



Robustness of Training Data/Priors

1:1:1 prior HB (default)
10:5:1 prior HB (re-weighted)

Spec-z : g/prism-z : photo-z
Relative weights

Train: 400k
Target: 200k

3 6
Redshift




Incorporating “Physical” Priors

* Moving a galaxy from one redshift to another is a smooth,
physical process that is well-understood.
« Want to incorporate this into our priors/predictions.

- Standard template fitting M Deep training photometry

- New method 4K  Shallow testing photomet

GP with “physical” kernel
Leistedt & Hogg (2016)

5000 6000 7000 8000 9000 10000
A [A]




Incorporating “Physical” Priors

« Can use to augment training data.

« Straightforward to “impute” missing values.
Lelstedt & Hogg (2016)

— = Standard template fitting

—— New method
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Likelihood / Distance Metric

Training
/ galaxy
« What metric(s) to use? P(glh)
« More sophisticated machine learning methods /
: Observed
could be used to compute posterior samples (or galaxy
possibly likelihoods) over complex domains.

NGC 4414 NGC 5457



Summary

- Photometric redshifts (photo-z’s) are an integral part of
modern “big data” extragalactic science.

- Large training datasets gives new opportunities to develop
Bayesian, data-driven photo-z’s.

- Taking advantage of these datasets requires dealing with
real-world problems (e.g., biased training data) using a
variety of statistical methods (e.g., hierarchical Bayes).

- Early results look promising!



Code Is available!

Although still under active development, code,
tutorials, and rough draft of a paper are online at:

github.com/joshspeaqgle/frankenz



github.com/joshspeagle/frankenz

