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How accurately can
we measure the
neutrino mass?
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DISCLAIMER: This is not really what my advisor said

How accurately can
we measure the

Adrian, perhaps neutrino mass?

you should switch
to cosmology.

------
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Cosmological simulations of massive neutrinos

5m — (1 o fl/)(sc ‘|'fy51/

Many methods to simulate massive neutrinos with different pros/cons:
Linear response approach: Ali-Haimoud & Bird (2012), Hybrid approach: Bird, et al. (2019), FastPM: Bayer, Banerjee, Feng (2021), ...
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Traditional cosmology uses 2-pt information

but this is no longer optimal as we probe smaller scales




Higher-order statistics

can provide information beyond the 2-pt

Halo Mass Function

2-pt correlation

Void Size Function

Bayer+2021



Higher-order statistics

can provide information beyond the 2-pt

1 Void Size Function

Halo Mass Function Kmax = 0.5 hMpc ™

2-pt correlation
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Many proposals for higher-order statistics ...
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What do surveys measure?
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Bayer, Banerjee, Seljak (2022)



What do surveys measure?

S = (1= fu)0c + [

Bayer, Banerjee, Seljak (2022)



What do surveys measure?

Om = (1 . fl/@@"‘ f@g

0, = bO,

e Halos/Galaxies:

Bayer, Banerjee, Seljak (2022)



What do surveys measure?

W= - 1908+ 1A

* Halos/Galaxies:

0, = bO,

* Lensing:

A 3H§Qm X X X A
% 9 — d 1 - 5m
K(Xx, 1) 5.2 /O X 200 ( . (x™)

Bayer, Banerjee, Seljak (2022)



Fake vs?

* Run two N-body simulations
using matched linear physics:
1. with massive neutrinos (real)

2. without massive neutrinos (fake)

* Nonlinear effects of massive
neutrinos at a single redshift

can be faked by CDM for halos
and lensing

cross-correlation

between real and fake
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Bayer, Banerjee, Seljak (2022)
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How to maximize the v information?



How to maximize the v information?

1.

Jointly analyze multiple redshifts and

multiple tracers to break degeneracies
e.g. CMB x LSS

| —— CMB $4
[ ---- S4 + DESI
[ | —7— LSST Shear

- LSST Clust

[/ —— LSST Shear+Clust
- S4 + LSST

> m, [meV]
Mishra-Sharma+2018



How to maximize the v information?

1. Jointly analyze multiple redshifts and

multiple tracers to break degeneracies
e.g. CMB x LSS

2. Develop statistical methods to optimally

extract information
e.g. field-level inference




How to maximize the v information?

2. Develop statistical methods to optimally

extract information
e.g. field-level inference




Correlated Simulations of the Universe

’
~
5
L
P .
.
4
.
.
- .
.

- :
S £
.. . 5
- ‘-
’
- \ . .
- b \
e
- ’ Co g
P 4
- 6 e
. i .
: T
- »
’ . ,
. ’
& \ :
-
o . g .
Ll -.

o ;
-
’
K J
.
- »
e ) i
. ‘
& - .
“‘
’.
.- LN
- )
g -
e
‘C
- . - -
. 'l
‘d ‘
\" S
. L&
-
‘ s
. .
i ‘
¢ v 9 :
: -
-
y >

\ L8
. B
]
. . -~
2 .
- \
. - ‘ 5



Simulation Comparison

Sehgal+2010
Box Size 1 Gpc/h
Nparticles 1 0243
Min. My 46 1013 Mg
LSS None
observables
Number of 1
realizations

Websky
Stein+2020
Li+2022

7.7 Gpc
61443

1.2x10'3 Mg

Agora Stage IV
Omori 2022 requirements*

1 Gpc/h a few Gpc/h
38403
1.5x10° Mg/h 102 Mg/h
Kk, clusters, LIM, K,

+more to come  FefIEVEERe P (E]ds

1 10-100

* Inputs from SO, CMB-54, LSST, DESI, PFS, SPHEREX, Roman collaborators



Simulation Comparison

Websky Agora Stage IV
Sehgal+2010 Stein+2020 Omori 2022 requirements*
Li+2022

Box Size 7.7 Gpc a few Gpc/h
Npartioles 61 443

LSS Kk, clusters, LIM, K,
observables +more to come | galaxies,clusters
Number of 10-100
realizations

* Inputs from SO, CMB-54, LSST, DESI, PFS, SPHEREX, Roman collaborators




Simulation Comparison

Websky Agora Stage IV Half Dome
Sehgal+2010 Stein+2020 Omori 2022 requirements* 2024-
Li+2022

Box Size 7.7 Gpc a few Gpc/h 3.5 Gpc/h,
A 61443 61443

LSS K, clusters, LIM, K, K, galaxies,
observables +more to come | galaxies,clusters | clusters, +more
Number of 10-100 11+
realizations (more to come)

* Inputs from SO, CMB-54, LSST, DESI, PFS, SPHEREX, Roman collaborators
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Preliminary Maps

stay tuned for more!

Matter Density Velocity Sheet
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Super-sample covariance

Takada+2013, Li+2014



Compare
sub-boxes small boxes

Bavyer, Liu + (2023)



Cross-correlations

sub-box size 625 Mpc/h
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1. Complete production
of tSZ, kSZ, CIB, radio, lensing,
galaxy data by summer 2024

Correlated Simulations of the Universe
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1. Complete production “ alinnme 3. Machine learning
of tSZ, kSZ, CIB, radio, lensing, Super-resolution
galaxy data by summer 2024 Field-level inference
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1. Complete production
of tSZ, kSZ, CIB, radio, lensing,
galaxy data by summer 2024

2. More simulations
wCDM + neutrinos
Full N-body
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Listen to you!
Interested in other science?
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How to maximize the v information?

1. Jointly analyze multiple redshifts and

multiple tracers to break degeneracies
e.g. CMB x LSS




Microcanonical
Langevin Monte Carlo

Field-Level Inference
with



Microcanonical
Langevin Monte Carlo

Field-Level Inference
with



Higher-order statistics

can provide information beyond the 2-pt

1 Void Size Function

Halo Mass Function Kmax = 0.5 hMpc ™

2-pt correlation

P,
HMF
VSF
ALL

0.02
0.01
0.00
-0.01
-0.02

0.832 0.836

0.75

0.80 0.85 0.90
gsg

Bayer+2021



Higher-order statistics

can provide information beyond the 2-pt

o (\
‘\O 0.5 hMpc!
(\&0((.0 bt correlation
‘“e R— Pm
mmmm HMF
1 Void Size Function s VSF
s AL
0.02
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0.00
—1.5- -0.01
-0.02
0.832 0.836
Bl 0.80 0.85 0.90
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Bayer+2021



Forward modeling

INITIAL S

Kitaura & Ensslin (2007), Jasche & Wandelt (2012), Jasche & Lavaux (2017), Seljak et al. (2017), Schmidt et al. (2020), ...



Forward modeling

INITIAL S A= {og, Qm,...}

f(s,A)

MR ERE T
BERARECRE
e bk b
e qt ] el el
T Lk (e
o e o I R U
RN Akus
DR s

Kitaura & Ensslin (2007), Jasche & Wandelt (2012), Jasche & Lavaux (2017), Seljak et al. (2017), Schmidt et al. (2020), ...



Forward modeling

INITIAL S | A= {087 Qo } FINAL

Kitaura & Ensslin (2007), Jasche & Wandelt (2012), Jasche & Lavaux (2017), Seljak et al. (2017), Schmidt et al. (2020), ...



Forward modeling

INITIAL | 3 | A {087 Qs } FINAL

.

MR R
(s, A)
EEEEEE——
ERERENSES -
e T T
Field-Level Inference
BESEIER. --IIII

Kitaura & Ensslin (2007), Jasche & Wandelt (2012), Jasche & Lavaux (2017), SeIJak et al. (2017), Schmldt et al. (2020), ...



Field-Level Inference

Given field data d and forward model [ infer
initial modes s and cosmological parameters A

- 2
—2log P(s, A|d) = Z 4 ];V(S’ 2l

—_—

k

posterior likelihood

[s|*

N
P

prior

&



Field-Level Inference

Given field data d and forward model [ infer
initial modes s and cosmological parameters A

—2log P(s, Ald) = z

—_—

k

posterior

|d — £ (s, D]’
N

likelihood

[s|*

.
P

prior

CHALLENGE: Multimillion dimensional parameter space!

&



Microcanonical
Langevin Monte Carlo

Field-Level Inference
with



Canonical HMC

p(x)

Robnik+2022



p(x)

Canonical HMC

.
"
¢
i)

“...| Canonical HMC requires
momentum resampling and
accept-reject step to change
energy levels and converge

Robnik+2022



Canonical HMC

p(x)

“...| Canonical HMC requires
momentum resampling and
accept-reject step to change
energy levels and converge

Microcanonical HMC

X
Q

X

p(x, M) « 6(H(x, M) — E)

Microcanonical HMC converges
while conserving energy

X Robnik+2022



Microcanonical Hamiltonian Monte Carlo

dz = udt
du=—(d—1)""(1 —uu" )VL(2)
MCHMC

Robnik+2022



Microcanonical Langevin Monte Carlo

dz = udt
du=—(d—1)""(1 —wu")[VL(z) + ndW|

MCHMC MCLMC

Improve ergodicity by including Langevin-like stochastic term

Robnik+2022



Microcanonical
Langevin Monte Carlo

Field-Level Inference
with



Truth

Inference

Initial

Final

Bayer, Seljak, Modi (2023)



Truth

Inference

Initial

Final

Bayer, Seljak, Modi (2023)



Samples of Initial Modes
d=323+2=32,770

2.0

-

‘é‘ 1.0 1 — hmc
C C
9; 0.8 1 O 1.5 — mclmc
- C 4
O © =
U~ 0.6-
5 D 1.0 E—— —
O v —
O L 04- 9
n c 2 0.5 -
€3 021 ©
L) = =

et

8 0.071 0.0 -
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Bayer, Seljak, Modi (2023)



Samples of Cosmological Parameters
d=323+2=32,770

hmc
B mcimc

09F
o 081
<)

0.7

1 1 1 1 l
0.3 0.4 0.5 0.7 0.8 0.9

Bayer, Seljak, Modi (2023)



Efficiency improves with dimensionality!

80 1
% - == modes
m — ——
7 60 cosSmo
LL]
O
= 40 A -
— -
@) -
f o
n 201 _~— __==—"
w | 7 ===

Bayer, Seljak, Modi (2023)



Summary

Neutrino mass from cosmology

Simulation: Bayer, Banerjee, Feng [2007.13394]

Fisher Analysis: Bayer, Villaescusa-Navarro, et al. [2102.05049]
Fake vs: Bayer, Banerjee, Seljak [2108.04215]

Void Shape: Bayer, Liu, et al. [2405.12302 , today!]

The HalfDome Simulations [in prep]
Super-Sample Covariance: Bayer, Liu, et al. [2210.15647]

Field-level inference

Microcanonical MC: Bayer, Seljak, Modi [2307.09504]
Joint Densities + Velocities: Bayer, Modi, Ferraro [2210.15649]

Thank you! http://adrianbayer.github.io

No Time ®

Look-elsewhere effect

Theory: Bayer, Seljak [2007.13821]

Theory: Bayer, Seljak, Robnik [2108.06333]
BBH: Robnik, Bayer, Charisi, et al. [in prep]
ey
| ] Se—

What are CNNs learning?

Golshan, Bayer, Bohm [in prep]

Lahiry, Bayer, Villaescusa-Navarro [in prep]
o s
| [ S—

Arnab Lahiry
Graduate Student
(FORTH)


https://arxiv.org/abs/2007.13821
https://arxiv.org/abs/2108.06333
https://arxiv.org/abs/2007.13394
https://arxiv.org/abs/2102.05049
https://arxiv.org/abs/2108.04215
https://arxiv.org/abs/2405.12302
https://arxiv.org/abs/2210.15647
https://arxiv.org/abs/2307.09504
https://arxiv.org/abs/2210.15649
http://adrianbayer.github.io/

