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Hubble's Galaxy Classification Scheme
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1 The

How realistic is the morphology

of simulated galaxies? SCienCE
2. Canwe accurately quantify this? CIUEStionS



Strategy

Training:
learning the
distribution of Outlier
. real galaxies S detection: How close to
galaxies & test eval“a"ng the the average
set of PDF real galaxy?’

observations

Minimize
likelihood P(X)



PixelCNN

The probability
distribution is explicitly
modelled pixel by pixel

Van der Oord+16ab



PixelCNN++

32x32 16x16 : = Sequence of 6
layers
= Downward stream

= Downward and
rightward stream

$ = ldentity (skip)
connection

- = Convolutional
connection

Salimans+17



Low likelihood High likelihood

3675.0 4172.0

The likelihood “knows too much” about the sky.

i=1 What can we do?
See also:

Serra et al. 2019
Ren et al. 2019



Galaxy archetypes

The Sersic Function models the light profile of a
galaxy

R —-1/n
I(R;n,R,) = I, exp {—bn [(R_) — 1”

Smooth, featureless “blob” with the same
global properties (size, luminosity, ellipticity..)
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Details
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A test image
(simulated or real)
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p(Xtest; 5) = p(Xsubject; é)p(ng; é)
. Background removal
p(ng; 91) } Ren et al. 2019

= (monochromatic bg)
p(ng; 92)

p(Xsubject; 51)
p(Xsubject; 92)

LLR = log {




p(Xtest; 5) = p(Xsubject; é)p(ng; 5)
Background removal

P( ; §1) } Ren et al. 2019
= ( h tic bg)
p(ng; ) monochromatic bg

p(Xsubject; é)l)
p(Xsubject; 92)

LLR = log{




Pixel-wise contributions

Contribution of the background is null in the LLR

LLR



p(Xtest} 5) = p(Xsubject; 5)29(ng; 5)
Background removal

P(Xb\g 91) ( Ren eht al. 20.19b)
tic bg
(ng\é‘g) monochroma

p(Xsub]ect 61)
p(Xsub]ect 92)

LLR = {

p(Xsubject; 5) — p(Xdetailslxglobal; é)p(xglobal; é)

2 ” Details enhancement

p(Xdetailslxglobal; Hl)p(Xglobal; 61)
p(Xglobal; 92)

LLR = 1og{




p(Xtest} 5) = p(Xsubject; 5)}9(ng; 5)
Background removal

P(ng 91) ( Ren eht al. 20.19b)
tic bg
(ng\é‘g) monochroma

p(Xsub]ect 01)
p(Xsub]ect 92)

LLR = {

p(Xsuvject; 0) = p(Xaetaits|Xgiovar; 6)P (Xgiopar; 6) —

2 2 Details enhancement
P (Xaetaits| Xgiopat; 91)10(%1; 91)”
p(Xgiovu; 62)

LLR = log{




Pixel-wise contributions

Iog P8spss

Central regions are enhanced in LLR

LLR
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A key property

E
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[LLR] = / m%M
| , 7

= Dx1(qllpe...) — Dx(qlipe..)

D1 :kullback-Leibler divergence.
“distance between two distributions”



A key property

E

T~ql

. _]’uﬁ‘:_h.(‘\ )
= Dkr(q||ps.....) — Dxr(ql|pe,,..)

>0: q is closer to <0: q is closer
observations to Sersic

Highest LLR for observations

A high LLR is a sign of good
agreement with observations




A key property

P (- ' observations

E,-\..quLR. = / "’.‘l{m i — simulations
= Dgr(ql|pe....) — PDrr(q||pe...) / | A(LLR)

>0: closer to observations

Low delta: good agreement




Datasets

~40,000 r-band images from Sloan Digital Sky
Survey

Best Sérsic fit parameters from Meert+15

Pillepich+18,
Nelson+18,Naiman+18,Springel ILLUSTRIS

+18, Marinacci+18

Vogelsherger+14ab,
Genel+14, Sijacki+15




TNG50

Volume

[Mpc/h ]

Mbaryon
Mpm

€gas,min

€EDM,x

name volume
[((Mpc)?]

Datasets

TNG100

75

1820°
1820°
2 x 1820°
1.4 x 108

Pillepich+18,
Nelson+18,Naiman+18,Springel ILLUSTRIS
+18, Marinacci+18

DM pill'(iClC.\' / hydro cells/ € h:lryon/‘ DM ’”b;—\ryou /IIIDM 'g(,*llll] Voge lsbe rge r+’| 4a br
MC tracers [ pe] [10° Mg | [ pc]

Genel+14, Sijacki+15

Mlustris-1 106.53 3x1,820% >~ 18.1 x 10° | 710/1,420 12.6/62.6 48



Datasets

Fully realistic mock observations

1. Dust-inclusive radiative transfer
2. SDSS r-band mock images
3. Realistic PSF & sky background

Rodriguez-Gomez+19, Bottrell+19
Pillepich+18,

Nelson+18,Naiman+18,Springel ILLUSTRIS
+18, Marinacci+18

Vogelsherger+14ab,
Genel+14, Sijacki+15



The small-scale morphology

of TNG and Illustris galaxies Resu Its



SDSS 1. Ilustris TNG improves

—— TNG50 over lllustris: better
TNG100 physics
lllustris 2. TNG50 (higher res)
A(LLR)= —46.02 + 1.71 2:25;::’ f:s‘)m B
—65.72£1.96 Higher is better

—17.08 % 1.898




Size-mass relation

Brighter is better
TNG100 [llustris
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Size-mass relation

Brighter is better
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Sersic index-size relation

Brighter is better

TNG100 Hustris

0.0 0.5 1.0 1505 0.0 0.5 1.0 1.505 0.0 0.5 1.0 1.5
logR. [arcsec] logR. [arcsec] logR. [arcsec]




Sersic index-size relation

Brighter is better

TNG100 Hustris

0.0 0.5 1.0 1505 0.0 0.5 1.0 1.505 0.0 0.5 1.0 1.5
logR. [arcsec] logR. [arcsec] logR. [arcsec]

See also Bottrell+17



Pixel-wise
contribution to LLR

Mock TNG50 and
SDSS observations:
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Mock TNG50 and

contribution to LLR

SDSS observations



A possible answer:

Why'? . .
v 1. TNG50 (high res) achieves best

performance

2. Small & concentrated: tightly
packed orbits, softening length
becomes important

3. Central regions not well
reproduced



SDSS

- TNG50
TNG50-2
-= TNG50-3
- TNG100
Illustris

TNG50-2 and TNG50-3:
~29.29 £ 2.75 lower resolution runs
of TNG50

—41.54 +2.81

—34.14 X 2.55

—-64.05 + 2.69




Summury ’

Deep learnmg framework to compare sets of i |mages (N B can be used In
other applications!): two generative models

Based on a metric (LLR) which quantifies the difference between
distributions

Quantitative test of very high level features in simulated galaxies
Simulated compact, concentrated galaxies are in tension with

observations
arXiv:2007.00039

Resolution might be the culprit -
l.zanisi@soton.ac.uk




