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Stellar and Dark Masses: IMF gradients
In the era of big telescopes

In collaboration with:

M. Bernardi
H. Dominiguez-Sanchez, J.-L. Fischer, A. Meert

UPenn and
K. Chae, M. Huertas-Company, F. Shankar, R. Sheth
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A galaxy is made of luminous + dark matter;
M (<=M, (<) +M_ (<r)

tot *+gas
Dark matter dominates at large r

— Estimate M_as (M /L) x L
— must measure L well
— typically determine M /L in a separate step

— Lensing from outer parts gives M__at large r.

— Check self-consistency using M “" from Jeans
equation with observed L(<r) and o(r), and with M *"/L

determined by matching observed o(r) at small r (where
DM should matter less)



Outline

- Better photometry of SDSS galaxies = L
- IMF variation across population - M /L

- MaNGA (SDSS V)
- IMF gradients — implications (e.g. M ", f_ )

- The need for ELT like telescopes

- Selection bias in SMBH samples
having dynamically measured masses

- The need for ELT like telescopes



A M, [mag]

PyMorph:
Better photometry of SDSS galaxies

""""" L L RN BN LR L BN LR R B RLEL LR L
0.6 i x=axis => M, = SerExp
o A M, = SDSS,, a4 = SerExp
oAM= SDSSModeI - SerE)(ptrunt: o4
0.4F x=axis => M, = SDSS,; 4 ’

A M, = SDSS,0qe — Serkx
S A M = 303 by

0.2
0.0
-°” E+S0
_0,2 ||||||||| (I l v o3 0 331310 l vy 13110 l y 3y 3113110
-19 -20 =21 -22 -23
M, [mag]

- Dependence on sky

-Dependence on fitted
model/truncation

-Dependence on ICL

Bernardi et al. 2013 -- 2017
Meert et al. 2015a,b; 2016
UPenn SDSS Photom. Catalog

PR o0

Alan Meert = _,



ASky [mag]

0.010 [

0.005

0.000

-0.005

-0.010

Well known that SDSS sky is biased ....
.... It iIs more biased for Centrals than for Satellites

® y—axis
* y—axis

SDSS - PyMorphSe,,Exp
B11 - PyMorphSerExp

‘~= ’ﬁ’ﬂ\

DR9

[

Fischer et al.

-20 -21

2017

-22
MPyMorph,trunc (SerExp) [mog]

~24

A Sky [mag]

PyMorph sky in excellent
agreement with

Blanton+2011

Bernardi et al. 2017b
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Bias is more than semantics.....

SDSS 1% of sky level is ~ 26 mag/arcsec?
Individual SDSS galaxy profiles CANNOT be dominated by ICL

20—— ssee r—band stack profile 4 k'
Rl W - = n=5.5 model fit to stack ] Stac Ing
fo | ‘g so0o ICL+BCG profile (Zibetti 05) . o
v 22F “-«Q‘\ —-= n=4 fit to ICL+BCG profile - ana IyS|S Of I_RG S
S} Q. 1
o A 2. -
o 24 SN 1 and BCGs
E | ‘-35? ] —
7] B : e s
§ 2 S 1 -
& [ SDSS 1% sky level~%, ;
© 28 %%, ~
[ F] - 4
g | N : 3, 7%
@ 30 .
52}
i |
1 10
Radius [

Tal & van Dokkum 2011

Offset [kpe]




Z~0.19
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Log,e {(In 10) M, ®&(M,)} [Mpc™® dex™']

9.0 9.5 10.0 10.5 11.0 11.5 12.0

M > Function

M =L x (M **/L)

Dependence on L (same M /L)

Baldry et al. (2012) Sersic T
Moustakas et al. (2013) cmodel 3

Bell et al. (2003) Petrosian

Bernardi et al. (2010):
Petrosian M, > 3x10" Mg,
cmodel M, > 3x10" Mg,

This work:
, (cmodel)

Petrosian)

L]

ESerEx p)
(
(

Sersic — Simard et al. 2011)

+

o M
o M
XM+
+ M
g M
I

Logyp M, [MSUH]

12.5

At large M >*

choice of L
matters greatly

Bernardi et al. 2013



M > Function

M =L x (M **/L)

Dependence on M >"/L (same L)

... but also same IMF

- SF History (burst)
- Dusty / no-dusty
- IMF

pr—
|
. n | L R B B B LN R
T : — Li & White {2009) Petrosion L -
oo s % Moustokos et al. (2013) cModel L
Y - . .
| - s -
(8] C 3
— s =
= -3 =
—~— C U'souzals :
= E —— ML (MPA—JHL] ;
e ThE E
- - SerExp L (B13—Meert15) -
= ML (B3 ]
= —5F — ML (Wisck11) 7
— C M/L (Merdel14) Dust Free .
= - ML (Merdel14) Dusty ]
- g C ~ Thanjavur et al. (2016) J
s F —— M/L(MPa—JHU) R
. F A M S N S S B
o
— 80 95 100 105 11.0 11.5 12.0

Bernardi et al. 2017a

Logys My [Mgy,]



Confirmed by other groups

— B13 (SerE=p L)

MAL (MPA—JHU)
SerExp L (B13-Mesrt15)
....... cModel L (SDSS—DRY)

Moustakas et al. (2013) E
« chodel L LR
& SerExp L E ] % ;

s SerExp L + Mo Bursts

Q9.5 10.0 10,2 1.0 11.5 12.0
Log,y M, [Man]

Bernardi et al. 2017a

Leanthaud + 1|3;_3 ~ (1.3

Moustakas | 13; =z~0.1
memne Hernardi +17; z ~ 0.1
p— 5 100 kpe; 2~ 0.4

o IS5 Max, z~0.4

1.2 11.4 11.6 11.8 12.0 12.2 Huang et al. 2017
].Dg (Jz:[r * _.-/ M ,:,_»_,) (HSC) (see also Kravtsov et al. 2014,

Thanjavur et al. 2016, D'Souza et al. 2015)




& Ll & White 20089
O Bernardi et al. 2013

. Puchwein et al, 2013
- Dave et al. 20183
------- Dave et al. 2018

——— Vogelsberger el al. 2014
- ———— Schaye el al. 2015

. 5 . ——— Khandai et al. 2015

Hirschmann et al. 2014 '
Dubois et al. 2014 _ I'-,_
E ih, \\'-.
-8 S, .
8 9 10 11 12 13

logio M, [Me]

Naab & Ostriker 2017 (see also Cattaneo et al. 2017)

Required feedback
at large M _is

reduced, in better
agreement with
models



Consistency check using M ®"



(¢ / 200 km/s)?

Crudely, M %" determined as follows:

o’(r) ~ G M_(<n/r ~ G M (<n/r ~ G (M,%/L) L(<n)/r

Stars dominate at small r

+

M*/L constant

Matching o determines M *"/L independent of stellar pop model!

2.0 ' ) ' ' I ' ' T T T T T T T T
i Data
i ®
1.5 — b ] . ]
[ IMF —fixed
- M/L const rescaled
1.0
L IMF—fixed .
0.5+ M/L const -
L *,’ ...................
O-O I L p= "",‘.‘T 1 . \ \ . A . . . I Lo .
-1.0 -0.5 0.0 0.5
Log, R/R,

Bernardi et al. (2018a)

In practice, allow for
velocity anisotropy
and dark matter, and
for exactly how o is
measured (e.g.

Sauron, ATLAS®P)



M SP(Chab-IMF) # M. &"

-2F SDSS Al

M dyn 3

-4 = SP—Chab
E M

- dyn
E_ M°

Logqe {(In 10) M (M)} [Mpc™ dex™']

Bernardi et al. (2018a)



What is the IMF?

Initial Mass Function: initial 103 ,
. . . — Salpeter55

distribution of masses for a Loz — Krouptn

population of stars. — chabreraasystem |

Fundamental for determining o

total mass of galaxies.

=
S
-

Mass Function £(m)Am
=
o
o

For convenience, assume
same for all galaxies, and
constant within a galaxy

=
o
N

101 10° 10t 102
Mass [Solar mass]

=
o

(BT

C>. L | LR LAY LR | LR LY L
N




Mlux

Evidence for IMF variations
across the galaxy population

1.02
1.01

1.00

Conroy & van Dokkum 2012

0.99

0.98 La Barbera et al. 2013; Spiniello et al. 2014;
Lyubenova et al. 2016; Lagattuta et al. 2017
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IMF correlates with galaxy properties

(M/Ly) / (M/Li)wpe

Note: This is the central velocity dispersion

2.5

2.0F

1.5F

051

p=0.58

[ Salpeter IMF}

[ MW IMF
| B aELLCLECEELTE LR TR TE T

9

70

100

200
a (km/s)

300

(M/Ly) / (ML)
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1.0

s

0.5

Conroy & van Dokkum 2012




Assume difference between M ** and M _*"due
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If bottom heavy IMF at large 0 then M ,*~ M "
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Log,e {(In 10) M &(M)} [Mpc™ dex™']

Good agreement between
M SP(variable-IMF) ~ M ®"

—-2F SDSS All

M dyn

-
e

9 10 11 12
Logiﬁ M [MSun]

Bernardi et al. (2018a)



But ... OK to ignore M/L gradient
within each galaxy?

SDSS All

Log,o {(In 10) M &(M)} [Mpc™> dex™']

Bernardi et al. (2018a)



Gradients within a galaxy

Lyubenova et al. 2016; van Dokkum et al. 2017; La Barbera et al. 2017

Fixed IMF Variable IMF
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Van Dokkum+ 2017
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Why is IMF gradient so difficult to measure?

- Must distinguish imprint of dwarf stars in spectral features.
- Very high SN spectra required (> 100).

- Single aperture spectroscopic observations prevent study
of IMF gradients within galaxies.

- MaNGA is a great data set for overcoming these limitations.



MaNGA Survey

Mapping Nearby Galaxies at APO

Integral Field Unit (IFU)

4,600 (10,000)
nearby galaxies

z~0.03, ~2700 deg’

~ Wavelength: 360-1000 nm
~ Resolution R~2000

~ Spatial sampling of ~ 1 kpc
“~ S/N=4-8 (per angstrom) at 1.5 Re




Elliptical galaxies: slow rotators
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Elliptical galaxies: fast rotators
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Late Type galaxies

T-Type
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Helena Dominguez-Sanchez

Measuring IMF gradients: Methodology

Select ~ 900 MaNGA elllpt‘lcal A ) I Y U A BN B B
galaxies using our Morphological T :*T*'T* o e ﬁ'&HTH
o \/AC- 2.4k —d- A4 i— 44  —
Deep Learning-VAC: [ e A e o T o :_‘.L
T-Type < 0&P_S0<0.5 A R R R e P
- ~ R _I;.L*‘.’%‘ﬁ'fl IR
(Dominguez-Sanchez et al. 2018) E 29k — Je J;_me-i" R I T
-l b -_,__-J" | o ule o | | |
~ Ll b den b Lo
o ™ |@ | | | | |
Construct stacked spectra for o - " .I' STV
~ 20 —-——7 e T T T T T —
different o_bins at different R/R_ > I ot I I . I I I I 1
— I B T I R T
1 B_ e | | | | |
B oalee LT
Study radial gradients of lick S e N
i I | I I I I I I
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following Tang & Worthy (2017)



Example of composite Spectra
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Dominguez-Sanchez, MB et al. 2018

2.0}

|
. 0.12xR/R,
@ OER/R,
@

®

0.62xR/R,

0.8BxR/R,

loglog) = 2.4
log(e,) = 2.3
log(oy) = 2.2
log(oy) = 2.1

2.0

2.5
[MgFe]

Consistent with old stellar
populations (> 8 Gyr)

Dependence on central
velocity dispersion

Radial gradient related to
metallicity
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Results: IMF Index gradients
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Dominguez-Sanchez, MB et al. 2018

Bottom-heavy(a=3)IMF

Kroupa IMF

Indices favor bottom-heavy
IMF in central regions!

Also:

- dependence on metallicity

- dependence on central
velocity dispersion



Normalised Flux

FI

Normalised
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\~
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Parikh et al. 2018
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Mass excess factor a
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Conclusions:

Accounting for IMF gradients within galaxies reconciles M *and M "

-> M " decreases rather than M_
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Outline

- Better photometry of SDSS galaxies = L
- IMF variation across population - M /L

- MaNGA (SDSS V)
- IMF gradients — implications (e.g. M ", f_ )

- Selection bias in SMBH samples
having dynamically measured masses
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Implications

- Black hole masses and abundances have been
overestimated

- Accounting for this brings SMBH scaling relations
into better agreement with those for AGN

- Smaller MBH — smaller AGN feedback

— consistent with higher M ?

- Predicted Pulsar Timing Array (PTA) gravity wave
signal 3x smaller
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Conclusions

* Sky-subtraction + Sersic/SerExp fits suggest more massive
galaxies than previously thought:

- impacts HOD/SHAM M.-M
- reduces required feedback at high M
- ELTs will give (low surface-brightness) — ICL/evolution

relations

halo

e |IMF gradients bring M.%" and M. into agreement by
decreasing M. dvn

- ELTs will allow analysis of IMF gradients for individual
galaxies + evolution

* Bias in SMBH samples having dynamically measured masses
leads to overestimate of M,

- ELTs will return bigger samples with fewer selection effects
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