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DARK MATTER

Dark Matter: We know it exists, but not what it is

Gravitational Lense Galaxy Formation Cosmic Microwave
. Background

.

We can observe its gravitational pull
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Dark Matter: We know it exists, but not what it is
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Dark Matter: We know it exists, but not what it is

Selected Papers: 685

Th e O ri e S : Total Papers: 685

Date of paper

Year: 2012

SUSY (SUper SYmmetry)

1981 2026
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First data @ LHC at CERN
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Dark Matter: We know it exists, but not what it is

Theories:

SUSY (SUper SYmmetry)

WIMPs
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Dark Matter: We know it exists, but not what it is

Theories:

SUSY (SUper SYmmetry)

(Weakly Interacting

WIMP
> Massive Particle)
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DARK MATTER

Dark Matter: We know it exists, but not what it is

Theories:
SUSY (SUper SYmmetry) Date of paper 1:?.:22;:?:37;
WIMPs (Weakly Interacting

Massive Particle)

1978 2026
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DARK MATTER

Dark Matter: We know it exists, but not what it is

Theories:

Selected Papers: 375

SUSY (SUper SYmmetry) Date of paper Total Papers: 375

Year: 2016

(Weakly Interacting

WIMP
> Massive Particle)

1978

== ~J‘ -

First data of LUX experiment
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Dark Matter: We know it exists, but not what it is

Theories:

SUSY (SUper SYmmetry)

(Weakly Interacting

WIMP
> Massive Particle)

MACHOs
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DARK MATTER

Dark Matter: We know it exists, but not what it is

Theories:

SUSY (SUper SYmmetry)

(Weakly Interacting

WIMP
> Massive Particle)

(MAssive Compact

MACHOS " Halo Object )
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DARK MATTER

Dark Matter: We know it exists, but not what it is

Theories:

SUSY (SUper SYmmetry)

WIMPS (Weakl.y Intera.Cting Selected Pa;?ers: 34
Massive Particle) pate of papqRRU
MAssive Co t
MACHOs' ve L-ompac

Halo Object)

1990 2025
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DARK MATTER

Dark Matter: We know it exists, but not what it is

Theories:

SUSY (SUper SYmmetry)

(Weakly Interacting
WIMP Selected Papers: 34
> Massive Particle) Date of papc NS
(MAssive Compact *
MACHO
°  Halo Object)

1990 2025

First data of MACHO

experiment
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DARK MATTER

Dark Matter: We know it exists, but not what it is

Theories:

SUSY (SUper SYmmetry)
(Weakly Interacting

WIMP
> Massive Particle)
(MAssive Compact
MACHO
°  Halo Obiject )

AXxions
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DARK MATTER

Dark Matter: We know it exists, but not what it is

Theories:

SUSY (SUper SYmmetry)
(Weakly Interacting

WIMP
> Massive Particle)
(MAssive Compact
MACHO
°  Halo Obiject )
Axions
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DARK MATTER

Dark Matter: We know it exists, but not what it is

Theories:

SUSY (SUper SYmmetry)
(Weakly Interacting

WIMPs . :
Massive Particle)
MAssive Compact
MACHOS ( V o P Selected Papers: 974
Halo Ob]ect ) Date of paper Jotal Papers: 97

AXxions

1977 2026

Very much alive!
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One promising candidate: The “Axion”

A new elementary particle that can explain dark matter
but also the strong CP problem

22
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One promising candidate: The “Axion”

A new elementary particle that can explain dark matter
but also the strong CP problem

Arrangement of
quarks inside
a neutron

A e

Predicted Measured
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One promising candidate: The “Axion”

A new elementary particle that can explain dark matter
but also the strong CP problem

Supposed to clean up
all of our problems ...

Arrangement of
quarks inside
a neutron

A

Predicted Measured
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One promising candidate: The “Axion”

Detection method: Resonance cavity inside a magnetic field

" Resonator

Sheath /\ W N

)

Magnet

Electric current generated inside the cavity if the size
of the cavity matches the wavelength (mass)

of the axion e
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One promising candidate: The “Axion”

Detection method: Resonance cavity inside a magnetic field

" Resonator

Sheath /\ |

Magnet

Electric current generated inside the cavity if the size
of the cavity matches the wavelength (mass)

of the axion o

00000000000000000000000000000000000000000000000000000000000000000000

kHz MHz GHz THz freq

neV pueV meV mass

Problem: Mass of the axion is unknown
We don’t know what frequency to tune to!



Good news: We can predict the axion mass from theory!

T2
—|of

5N\ 2
Axion theory has only one free parameterf: Lpg = OD|? — A (\CID\Z ];a > A

We know one measured quantity: Average dark matter density Q,,, = 2.2 X 107*’ kg/m’

27



Good news: We can predict the axion mass from theory!

T2
—|of

5N\ 2
Axion theory has only one free parameterf: Lpg = OD|? — A (\@\2 ];a > A

We know one measured quantity: Average dark matter density Q,,, = 2.2 X 107*’ kg/m’

What f_ is needed to get the
right amount of axions to match €2,,,?

28



0000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000000

Good news: We can predict the axion mass from theory!
T2
3

We know one measured quantity: Average dark matter density Q,,, = 2.2 X 107*’ kg/m’

2\ 2 2\
Axion theory has only one free parameter f: Lpg = |0®]° — A (\@\2 ];"’ ) P2

What f_ is needed to get the

. . History of the Universe
right amount of axions to match €2,,,?

iy

I
eZ

"

Simulations of the early Universe %
are needed! : : : h

» = S - R ek = o S e 20N OV ven
10732 seconds 1l microsecond 3 minutes 320,000 vears

Inflation First Particles First Nuclei First Light First Stars Galaxies & Dark Energy

Initial Neutrons, protons, Helium and I GRIE Gas and dust Dark Matter Expansion
expansion and electrons form  hydrogen form atoms form condense into stars Galaxies form in accelerates
dark matter cradles




Approach: Solve equations of motions on a 3D lattice
in an expanding universe

2 _ I T2 -
i’+5w1—v2w1+w1 7° (Y7 + 45 — 1) A 3}}2 — 0 ]

9 ) - T2a . Two coupled PDEs on a 3D lattice
{25 = P+ M |1 (] + 95— 1) + o5 | =0 }

Has been done since the 1980s!
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Approach: Solve equations of motions on a 3D lattice

in an expanding universe
Problem: Potential causes

topological defects to form
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Approach: Solve equations of motions on a 3D lattice
in an expanding universe Axion radiation

Problem: Potential causes (This is what we’re interested in)

topological defects to form

Axion string

-k

" This is from an actual simulation



Approach: Solve equations of motions on a 3D lattice
in an expanding universe Axion radiation

Problem: Potential causes (This is what we’re interested in)

topological defects to form

Axion string

Hubble H

Large separation of scales:

up tom . /H — 10°°
. This is from an actual simulation



Approach: Solve equations of motions on a 3D lattice

In an expanding universe Perfect use case for AMR!
. \

—

several levels of

| refinement
4 /

coarse level \




ADAPTIVE MESH REFINEMENT

- AMReX based code: https://github.com/MSABuschmann/sledgehamr

, ~ SLEDGEHAMR: | MB, Astrophys.]. 979 (2025) 2, 220 » e-Print: 2404.02950
|ScaLar fiEld Dynamics Getting solvEd witH 1_
| Adaptive Mesh Refinement |

Solves classical equations of motion
of coupled scalar fields on GPUs or CPUs
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ADAPTIVE MESH REFINEMENT

| AMReX based Code o https://github.com/MSABuschmann/sledgehamr

‘  SLEDGEHAMR: | MB, Astrophys.]J. 979 (2025) 2, 220 e e-Print: 2404.02950
{ScaLar fiEld Dynamics Getting solvEd witH i_
| Adaptive Mesh Refinement |

Solves classical equations of motion
of coupled scalar fields on GPUs or CPUs

Many features:

® Several integrators available: e Gravitational Wave spectra!
Leapfrog, RK2-RK5, low-memory The tensor fields
SSPRKS3, various Runge-Kutta- are automatically
Nystrom... co-simulated as well
(IkI) it (K) i (k) g, (K
® Many output types such as k) = ZE{ i ()i Kt ()

projections, truncation error
estimates, Powerspectra etc

(|k|) X
)= 55 T 1
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ADAPTIVE MESH REFINEMENT

evel £ = 24 e e S e e e e S S e
AMReX based code o o Jeo BT e gl e T S
, SLEDGEHAMR: .
|ScaLar fiEld Dynamics Getting solvEd witH g

Standard evolution techniques:

level (=0
(coarse level

Timewise: Subsycling-in-time

level £ =2 -ommmmm e

with linear time-interpolation .
Mlmm}%n g%p be(tiwee E E
Spatially: Nested refinement levels with e outside of level domain
quartic interpolation —— e, ff
lovel 7 — 1 . 1] i | IVIV|VI ] i L] |\I N I/I _________________________________________________________________
i \/ \/ \/ \/Downsampling during E Spatial and temporal interpolation
: level synchronization ! to fill ghost cells
i E P blocking factor -
e mt oI I I I AL L A 1 Y %Y %1

0 <——— simulation volume — —> L



ADAPTIVE MESH REFINEMENT

Modular with limited coding needed:

#pragma once
#include <sledgehamr.h>
namespace MinimalExample {

f AMX based code: f

SLEDGEHAMR:
f ScaLar fiEld Dynamics Getting solvEd witH
_Adaptive Mesh Refinement =~ |

SLEDGEHAMR_ADD_SCALARS (Psil, Psi2)
SLEDGEHAMR_ADD_CONJUGATE_MOMENTA (Pil1l, Pi2)

AMREX_GPU_DEVICE AMREX_FORCE_INLINE

void Rhs(
const amrex::Array4<double>& rhs,
const amrex::Array4<const double>& state,
const int i, const int j, const int k,
const int lev, const double time,
const double dt, const double dx,
const doublex* params) {

© 00 N o 0o A~ W N

=
o

e e e e e
D ot W N

17 // Fetch field values.
18 double Psil = state(i, j, k, Scalar::Psil);
19 double Psi2 = state(i, j, k, Scalar::Psi2);
. . 20 double Pil1 = state(i, j, k, Scalar::Pil);
Only equatlon Of mOtlon needed 21 double Pi2 = state(i, j, k, Scalar::Pi2);
4 22 double eta = time;
° 23
AMR will run out of the box s 1/ Compute Laplaciams.
25 constexpr int order = 2;
. 26 double laplacian_Psil =
with a default setup that can be tuned. a7 Ll e B § 8 Arlis o Al
28 state, i,j,k, Scalar::Psil, dx*dx);
29 double laplacian_Psi2 =
30 sledgehamr::utils::Laplacian<order >(
31 state, i,j,k, Scalar::Psi2, dxx*dx);
32
33 // Compute potential.
. 1 . . t int = 0.56233;
But, everything is easily customizable by o e
. . . . 36 eta*eta*(Psil1l*Psil + Psi2*Psi2 -1) + a;
providing hooks to modify the behavior > [
39 rhs(i, j, k, Scalar::Psil) = Pi1l;
f h d . 40 rhs(i, j, k, Scalar::Psi2) = Pi2;
() t: 63 (:() 63' 41 rhs(i, j, k, Scalar::Pil) =
42 -Pi1*2./eta + laplacian_Psil - Psilx*pot;
. 43 rhs(i, j, k, Scalar::Pi2) =
CUStom Cell tagglng 44 -Pi2*2./eta + laplacian_Psi2 - Psi2*pot;
45 }

46

CUStom diagnOStiCS 47 SLEDGEHAMR_FINISH_SETUP

48 class MinimalExample
. . . 49 : public sledgehamr::Sledgehamr {
Cell injections o public:
51 SLEDGEHAMR_INITIALIZE_PROJECT (MinimalExample)
52 };

e oo :3&3 53

54 }; // namespace



ADAPTIVE MESH REFINEMENT

LIIIIIIIII]IIIIIQ

AMReX based code:
= evel f 1 i oty [ LTI L] | i i APX) = |y — Py informs us
SLEDGEHAMR: ; ! A ! about how well we are converged
; . . . . _ i i in any given cell
tScaLar fiEld Dynamics Getting solvEd witH} i We evolved both 5 (Truncation error estimate)
? . ] i levels independently before |
f Ad aptlve MeSh Reﬁnement ! i we downsample E If A¢p(x) > 7 then introduce
I \/ 1
FEccr =t i I 1 I A P Y
0 <——— simulation volume ————> L

1072

—_
]
w

By default, truncation error estimates
are used to judge
numerical convergence. Refinement

10~

levels are introduced
if convergence is bad.

truncation error estimate A¢.¢(x)

0.2

0.0




ADAPTIVE MESH REFINEMENT
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3D— 2D projection of axion energy density @

scale separation logm,./H ~0.3 Key data of this simulation

conformal time 7 ~1

Simulation: 8192° + 5 levels of AMR
Static lattice would have required 262144° cells

Up to 20 Tb per checkpoint

20+ Million CPU core hours
on Cori & Perlmutter @ NERSC

Increases dynamic range by more
than 10° over conventional simulations

Result: The most robust axion mass prediction

200.0" Hubbleilengths to date!
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ADAPTIVE MESH REFINEMENT

) 3D— 2D projection of axion energy density a* . . .
scale separation logm,./H ~10.0 Key data of this simulation

conformal time 1 ~125

v

Simulation: 8192° + 5 levels of AMR
Static lattice would have required 262144° cells

Up to 20 Tb per checkpoint

20+ Million CPU core hours
on Cori & Perlmutter @ NERSC

Increases dynamic range by more
than 10° over conventional simulations

Result: The most robust axion mass prediction

1.6 Hubble lengths to date!




ADAPTIVE MESH REFINEMENT

3D— 2D projection of axion energy derllsi-t-y—az[ . . .
scale separation log m,./ H| NlO.(l)- Key data of this simulation

conformal time 7 ~125~

adaptive mesh
refinement
level 1

Simulation: 8192° + 5 levels of AMR
Static lattice would have required 262144° cells

Up to 20 Tb per checkpoint

20+ Million CPU core hours
on Cori & Perlmutter @ NERSC

Increases dynamic range by more
than 10° over conventional simulations

Result: The most robust axion mass prediction

0.033 Hubble lengths to date!
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ADAPTIVE MESH REFINEMENT
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Key data of this simulation

GHz THz

[
3
\O

Simulation: 8192° + 5 levels of AMR
Static lattice would have required 262144° cells

Neutron Globular

CAST
stars clusters

MWD |F
MWD ' .

Sun

e
e
|
[
O

[
-
|
[
st

Pulsars

e
-
|
[
N

RBF+UFE

Up to 20 Tb per checkpoint

y:
: F
GC Magnetar g,/J
(SKA, 100 hrs) §
A

HASV.L

L_-_-—

20+ Million CPU core hours
on Cori & Perlmutter @ NERSC

ddVDO
HAYSTAC TdvD

e
)
|
[
1N

N
3

| AR T R -

- R\

:r, ﬁ’&\
!
W

gt

Photon coupling, g4+ [GeV 1]

§ \)P» /‘: 7 ,/’,,' c

1 S Our work
o ”/&Jo e Nature Commun. 13 (2022) Increases dynamic range by more

= AR 7

P’ . : : :

Fo ODM local = 0.3 GeV cm™> than 10° over conventional simulations
10_17 T T | IR | | IR | | IR | T | IR |

10 10 - 10—4 10 10 10-1

Axion mass, m, [eV] Result: The most robust axion mass prediction

to date!
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CHALLENGES

The sheer size of the simulation volume causes challenges:

*100+ Tb of RAM required: Cannot run on GPUs
e Data management. Do as much analysis on the fly as possible.

e Bottlenecks, e.g: regridding (based on Berger-Rigoutsos algorithm)
Developed alternative algorithm to cut some corners:
Pro: 100x faster
Con: Less optimal (grid size and load balancing)
Grid layout will get worse with repeated application
Best: Switch between both algorithms dynamically.
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CHALLENGES

We have N, > 10° flagged points of these
The sheer size of the simulation volume causes challenges: Q

.............

e About 100 Tb of RAM required: Cannot run on GPUs

.........
llllllllllll
.............
.............

eData management. Do as much analysis on the fly as possible. riiiiiiil

............

eBottlenecks, e.g: regridding (based on Berger-Rigoutsos algorithm) oo

Developed alternative algorithm to cut some corners: @
Pro: 100x faster
Con: Less optimal (grid size and load balancing)
Grid layout will get worse with repeated application
Best: Switch between both algorithms dynamically.
We have N, > 10° boxes - *
Clustering scales roughly like ~ O(N,N,) — O(V?)
Time-Evolution only O(V)

(b)
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CHALLENGES

We have N, > 10° flagged points of these
The sheer size of the simulation volume causes challenges: Q

lllllllllllll
.............

e About 100 Tb of RAM required: Cannot run on GPUs

.........
llllllllllll
.............
.............

eData management. Do as much analysis on the fly as possible. riiiiiiil

............

eBottlenecks, e.g: regridding (based on Berger-Rigoutsos algorithm) oo

Developed alternative algorithm to cut some corners: @
Pro: 100x faster
Con: Less optimal (grid size and load balancing)
Grid layout will get worse with repeated application
Best: Switch between both algorithms dynamically.

We have N, > 10° boxes ~
Clustering scales roughly like ~ O(N,N,) — O(V?)
Time-Evolution only O(V)

Don’t touch existing grid,
simply patch locally by adding
boxes — O(V)

(b)
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THE LIFE AND DEATH OF AXION STRINGS

AMR allows us to simulate the entire life-cycle of the axion string much more accurately
Lots of tfollow-up projects!
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