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MATTER CONTENT OF THE UNIVERSE

Hydrogen

Helium, Stars,
Neutrinos,
& Heavy Elements

TP A

Dérk Matter
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NATURE OF DARK MATTER

QCD axion WDM limit unitarity limit

10-2 eV ol keV GeV 100y My 10 M
— =t e

“Ultralight” DM “"Light” DM WIMP  Composite DM Primordial
black holes
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QCD axion WDM limit unitarity limit

102 eV Sny keV GeV 10TV My 10 M,
I + t +— -

“Ultralight” DM “"Light” DM WIMP  Composite DM Primordial

1 1 1 1 1

\_—\/-—J

Cold Dark Matter (CDM): dark matter is a
cold, collisonless tluid

B '
d n
subhalos .

Mocz et al. 2020



Cold DM Predicts the large scale structure very
well, but has some problems at smaller scales

ACDM Tensions with Dwarf Galaxies
| No tension \ ’ Uncertain l ' Weak tension I | Strong tension ‘

L Missing satellites J L M,-Mp, o relation ‘ [ Too big to fail J LDiversity of rotation curvesJ

{ Core-cusp “ [ Diversity of dwarf sizes J [ Satellite planes :l

[ Quiescent fractions ]

Bullock & Boylan-Kolchin (2017) arXiv:1707.04256

Sales et al (2022) arXiv:2206.05295
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PROBLEMS WITH COLD DARK MATTER

Tulin & Yu (2017) arXiv:1705.02358

=T
i

-l

O

V... =77kms ' £10% [165] -

= Vv _..=77kms ' +10% [165] -~

© Oh+2011 DG1
/A Oh+2011 DG2 -

Hydro sims: LG-MR + EAGLE-HR,

DMO sims: LG-MR + EAGLE-HR,

IC 2574

1 |

6 8 10/\12 14

Radius |[kpc]

Dwart galaxy which does not match
simulation with baryonic feedback

included




QCD axion WDM limit unitarty limit

10-22 eV cepmde LaV GeV 100Tv My 10 M
— + he—— —t—

“Ultralight” DM “"Light” DM WIMP  Composite DM Primordial

1 1 1 1 1

\_\/-—J

quzy Dark Matter (FDM): dark matter Cold Dark Matter (CDM): dark matter is a
s @ quantum wave with a kpc-scale cold. collisonless fluid

deBroglie wavelength

subhalos ‘ .

interference

Mocz et al. 2020



FUZZY VS COLD DARK MATTER

CDM obeys the

FDM obeys the , ,
Vlasov-Poisson Equations

Shroedinger-Poisson Equations

O 2 6—f+v-6‘—f—VV-6}—f—O,

20 Y g2 ot Ox ov
ih Y sz v+ mVy,

V2V = 47G(p — p), V2V =4nG(p — p),

PE|¢‘2 p:ffd3r0
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FUZZY VS COLD DARK MATTER

>
7}
=
X
~
A
L
@)
et
=
-
@

2.5h Mpc

May & Springel (2022), arXiv:2209.14886
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FUZLZY DARK MATTER

|. De Martino+ (2020)

vvvvvvvvvvvvv

Carina X;f:d=1-45 I

| I ) ) 1 l

160

I

I

140

- = = = Bulge+Plummer+Soliton

Bulge+Soliton
Bulge+NFW
Portail et al. (2017)

—_— - Portail et al. (2017)

S-R Chen+ (2016)

I I I I

I

| I I l

Dispersion Velocity, a,.. (km/s)

1500 2000

vvvvvvvvvvvvvvvvvvvvvvv

AAAAAAAAAAAAAAAAAAAAAAAA
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FDM can

AAAAAAAAAAAAAAAAAAAAAAA

2
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T
T
750 1000 1250 O 250

explain halo profiles of our galaxy & many dwarf galaxies
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FUZLZY DARK MATTER

r / k™! Mpc (comoving) May & Springel, MNRAS (2021) r / h~! Mpc (comoving)
10! 10° 107! 1072 10! 10° 107! 1072
102 102 B IV S T | | IFEEIE N T T T 1 1 los a0 0 L | NI S T ]
linear theory i B

"op ——— FDM, 8640, mc” =7x 107 eV o0 ‘ z2=3.00 \
£ 10° , ; - = 109 -

= Y ™SS, e CDM, 1024 i~

= —— CDM, 20483 - =

8 ]0—2 - shot noise limit - 8 10—2 -

mgd m& ]

> 107 - - $ 107 -

CT' T ] linear theory

f w84 N TN - f 1070 H{—— FDOM, 8640%, mc? =7 x 10728 e [ NG e N
) i - «r+eo CDM, 1024°

-8 i & 108 J = CDM,2048°

~ 10 ] 10 shot noise limit

0 1 ot - 0 ‘ ee————— ——————

s 10 AT ——— —t s 10 ——— -
%S 107! . %[S 107! ~
= - i N S
“[g 1072 _ L R 107

107 10! 102 10° 109 10/ 10° 107
k ! hMpc~! (comoving) k/ hMpc™" (comoving)

Existing simulations very limited in size (computationally expensive)

Emma Tolley — Al+ Astronomy— 22 October 2025 10



Schroedinger-Poisson Equations

A W2,
ihr = ==V +mVy,

VZV — 47TG(10 o ﬁ)a

¢e8sz¢

Y 4— IFFT

h Ath

FFT(y))

FUZLZY DARK MATTER

Very computationally expensive due to
requirement of small step size & fine
resolution (need to resolve wave

phenomena)

kick
drift

P <—IFFT( FFT (4nGm(|y|? — (|¢\2>))) update potential

¢+—ei?%

Choice of time step: At < min( .

Emma Tolley — Al+ Astronomy— 22 October 2025

kick

O

"ZzAx N S p— )
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max |
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PHY SICS INFORMED MACHINE LEARNING

Physics-informed neural networks (PINNs) incorporate physical laws to

efficiently solve PDEs

® Can be semi-supervised or unsupervised (no training data)
® Can take advantage of Al hardware like GPUs, tensor cores, etc
® Can easily validate network outputs using the PDE loss

Semi-supervised PINN can predict entire 4D
reionization history with only 5 snapshots
from true simulation and the constraint:

dx
dl;m = (1 — xgp)I" — CaBon%m

Training time: 1.5 hours on one NVIDIA Tesla
P100 16GB GPU

y [Mpc]

Emma Tolley — Al+ Astronomy— 22 October 2025

Korber, Bianco, Tolley, Kneib. MNRAS
(2023) DOI: 10.1093/mnras/stadb615
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https://doi.org/10.1093/mnras/stad615

PHY SICS INFORMED MACHINE LEARNING

Schroedinger-Poisson Equations

Loy R, |
ih— = Vi +mVip, Can we develop a PINN to

2m

solve for y?

V2V — 47TG(p - ﬁ)a

p= ||

Emma Tolley — Al+ Astronomy— 22 October 2025



Schroedinger-Poisson Equations

N
iho = —5 V3 +mVy,

V*V = 4nG(p - p),

p= I3
Y & Neural
: b network
t /

Emma Tolley — Al+ Astronomy— 22 October 2025

Theorem (Cybenko, 1989)

Let o be any continuous sigmoidal function. Then, the finite

sums of the form

are dense in C(I,;).

2
2w

7=1

Re(y)

Im(y)

0(('w3

1

PHY SICS INFORMED MACHINE LEARNING

-)Tac + bjl)

14



th— = V2 +mV,
m™m

Ot 2
V2V — 47TG(p o ﬁ)a
p= ||

Neural

network

Use automatic
differentiation to
calculate derivatives

Owldt, Vo, V2V, etc




L, O A ..
ih—- = —5 -V ¢ +mVy, Construct physics-informed loss:

2
> |L = (iow/ot + V2w/2 - mVy) + (V2V -4 G |w|2 + 1)2

V2V — 47FG(p o ﬁ)a

p= ||

X
Re(y) i—* |
Use automatic
4 Neural differentiation to
- netwo rk Im(y) | * | calculate derivatives
Ooy/ot, V2y, V2V, etc




Loss for initial and Construct physics-informed loss:
boundary conditions L = (iow/ot + V2y/2 -mVy) + (V2V -4 G |y|? + 1)|?

Re(y) |—>
Use automatic

Neural differentiation to

network Im(w) i_’ calculate derivatives

A/

Owldt, Vo, V2V, etc
—




Loss for initial and Construct physics-informed loss:
boundary conditions L = (iow/ot + V2y/2 -mVy) + (V2V -4 G |y|? + 1)|?

Use backpropogation to /

find network parameters
which minimize these losses

/

| Re(y) |—> ,
Use automatic

Neural differentiation to

network — | Im(y) i_’ calculate derivatives

A/

Owldt, Vay, V2V, etc
e
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Y
1.5 ¢
|:

-2.0

- 1.5

Time (t)

1.0

0.5

SOLVING FUZZY DARK MATTER

1D NN

|2
o = N w H (9 (@) ~J

-

Density
=

0.6 -

0 2 4 6 8 10 12 14
Radial Coordinate (r)

Time

éhutosh Mishra

Mishra & Tolley 2025,
ApJ 988 114

Unsupervised neural
network predicting
Fuzzy DM dynamics

using only physics
constraints and initial

conditions
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Mishra & Tolley 2025,

ApJ 988 114
Predicted Solution Numerical Solution
-7
-6
-5

Training
domain
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COLD DARK MATTER

Cold: vanishing velocity dispersion

Rampf 2021

vvvvvvv

vvvvvv 4

...........

Emma Tolley — Al+ Astronomy— 22 October 2025
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COLD DARK MATTER

Rampf 2021

vvvvvv 4

...........

N-body simulation evolves points
along this sheet in phase space

Emma Tolley — Al+ Astronomy— 22 October 2025
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COLD DARK MATTER

Rampf, Frisch, & Hahn, 2021

Colombi & Touma 2014

kvolution, Ap=0.001

» - T=3 TR
o 1Y LODGR - oo .y E
e = __ t=3.60 :

6 F t=5.35 -

3 10 M. t=6.50 -
° 0.1000F —— =20 E
B 10 = I X3/2
K : o
o © - lATB x Full phase
c =10 1 o — T Al
é 107" 1 © 0.01005 space sheet
= - : ; -
% 10—125_ ...... | | \5 i P o s
& ©®o o0 Nbodyf 00010g E
N » A et «

10_14 E_ ...... C B N . Theoryﬁ : ///, :

] i 0.00071 li2"a . ... .. o i)
1.00 1.02 1.04 0.001 0.010 0.100 1.000
Cosmic time Position
Deep learning...?
Emma Tolley — Al+ Astronomy— 22 October 2025 24




COLD DARK MATTER

Cerardi, Tolley, Mishra, submitted to MNRAS

Phase Space t=1.01 Phase Space 7= 3.01 : :
01 - Discontinuous force ->
g O 1 - g . . . .
x 0 ﬁ R discontinuous acceleration, very
[ i I i . Cr- : .
c 00 o 00 difficult to model with traditional
s —0.1- S . neural network
0.5 0.0 0.5 0.5 0.0 0.5
x(q, T) x(q, T)
Free-Streaming Force T=1.01  Free-Streaming Force 7= 3.01 "._‘ybenko, 1989)
60 Let o be any Seatipuous sigmoidal functiga#¥ien, the finite
10 - 40 - sums of the form % —
L L 20 - | J: 'j a ,
0 0 "
1 1 | _20 1 1 1
—-0.50 -0.25 0.00 0.25 0.50 —-0.50 -0.25 0.00 0.25 0.50
q q
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Emma Tol

Model | Multi-Layer Perceptron (MLP) | Kolmogorov-Arnold Network (KAN)
Theorem Universal Approximation Theorem Kolmogorov-Arnold Representation Theorem
. 1 N(e) 2n+1 ( n

ormula _

(Shallow) f(X) & Z a,0(W; - X+ b)) fx) = Z %, Z Pqp(Xp)
i=1 g=1  \r=l
(2) fixed activation functions | (D) //‘\ N learnable activation functions
/$\ on nodes 7 v N N on edges
Model - // \\\ / / .
(Shallow) VAVAVAV Y ST S~ qum operation on nodes
\ gy /\ learnable weights - N\
N\ — on edges
Formula _ o m o o~ o
(Decp) MLP(x) = (W300,°o W, 00,0 W |)(X)
MLP(x)
Model nonlinear,
(Deep) fixed V. \f TN - \/,\\//\\/\A e b nonlinear
T/ W 2 71 | learnable
linear; -“;\: -%%&/Q%\'f \'/'\------;)- .....
learnable A 1 —
x| e N N X

ey — Al+ Astronomy— 22 October 2025

Figure from Liu et al (2024), arXiv:2404.19756
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CDM PINN

Cerardi, Tolley, Mishra, submitted to MNRAS
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...IN SUMMARY

¢ Physics-informed neural networks as PDE solvers for cosmology

e Challenges: Extremely large space/time domains needed for cosmology,
and long-ranged gravitational force needs to be calculated across entire
spatial domain

® Exploring physics informed neural networks to solve PDEs for CDM (1D only)
and FDM (1D & 3D)

® |nitial results show excellent results, including better error accumulation
compared to numerical solvers

® But so far not computationally cheaper compared to traditional methods

® Exploring implementations with NVIDIA PhysicsNeMo to improve
performance

Emma Tolley — Al+ Astronomy— 22 October 2025 29



...NEXT STEPS

Now exploring hybrid methods, conditional
generative models with physics constraints

Plots by A. Mishra
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...NEXT STEPS

Now exploring hybrid methods, conditional
generative models with physics constraints

Plots by A. Mishra
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Neural Network

PHY SICS-INFORMED DEEP LEARNING

Input with parameters ¢ Output Optimization with Physics Informed Loss
Q Q Residual PDEs
| e o o . a 2N
/? \ - Ry = 0R + lVZS -VS
/ / — AN 1 Ry =0, - %vza +VR —" MSEppe
o A O (e
o N : : AN AL | ue=xp) = u(x = xp) VSE J
® // : \ \\ ’,,?"\\ \\ :",‘)* uix =x) =u'(x = xp) [ °
Y \\ 4/ / Pl _
Tt/ \\ Vv NS u={R3.V
JT~—) ~ X o\ Residual IC
1 ® o o N \\\\ f A
0 u(t = 0) = (Initial Function) ,‘ MSEi
u={R,3g,V}
5 J
Updates
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Snowmass 2021 White Paper Axion Dark Matter: arXiv:2203.14923
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FUZLZY DARK MATTER

Linear theory predicts sharp cutoff in power spectrum due to quantum

pressure
arXiv: 200/7.13751
1.0 =
" 0.8
22? % log(ma[eV])
z f
518 A a] — —223
Ly 0.6 —22.0
' | —_— 914
—_— —21.0
= Y s
E\: —20.0
—_— 104
021 — 190
— 8.7
0.0 - — [a':.Ba’:"]-ﬁt‘
. === axionCAMB

00 05 1.0 15 2.0 2.5
log(k[h Mpc™1])
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Axion dark matter mass [log(cV)]

—22 —21 —20 ~19 —18
-29 -18
ﬁ h
CMB/ BHSR

reionization
-19.6
—

Ly-af (this work)
arXiv: 2007.12705
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REIONIZATION B e
DOI: 10.1093/mnras/stad615

Inputs
Gas density P|N|0N ................................................................................................................................................... OUtPUt .................................
IxHu(Z)I
Source field
Training step ::
/Ofoo ’9«@\ * X =
G%/ h constraint
o

Smoothed
: source field

Data loss ODE loss
| Zdata Z ObE

dxHH
dt

— (1 — xHII)F — CaBon%m

y [Mpc]

Emma Tolley — Al+ Astronomy— 22 October 2025


https://doi.org/10.1093/mnras/stad615

Neural networks are

universal function With enough neurons and an appropriate set
approximators of network weights and biases 6:
-y <e

Model parameters € minimized 1 (~ 2
: | > (7 — i)
using loss function T



LEARNING BIAS

Let’s go back to the classic MSE loss

NN(z,0) =y
1 «— 1 «
LMSE = ﬁ Z(yz — yz)2 — E Z(NN(ZI?“H) o yz)z

Limited by sampling of x and y

Emma Tolley — Al+ Astronomy— 22 October 2025
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LEARNING BIAS

A simple physics example

Harmonic oscillator if x Is time

o and y Is displacement

e
N 82:(/

" m
Ox?

+ ky =0

|

f(x) =y obeys this dynamical equation, can use
this to constrain the NN

Emma Tolley — Al+ Astronomy— 22 October 2025 39



LEARNING BIAS

A simple physics example

m—-—5 - ky =20 Does not need samples of !
ox => unsupervised learning

1, %4 ..., 1, O? ,
'CODE — Z(m | kyz) — a Z( NN(CB@,Q) + k NN(SB@',G))

m
Ox?

2 7

If Loss=0 then network solves PDE (neural solver)

Emma Tolley — Al+ Astronomy— 22 October 2025
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PHY SICS=INFORMED NEURAL NETWORK

https://www.brown.edu/research/projects/crunch/home

Use physics-based constraints from PDEs to make network training more
efficient and generalizable du/dt = -Au + sin(rt), A=0.1

0.8

0.4

Truth

-0.4 = Training data

- == NN
— = PINN

Emma Tolley — Al+ Astronomy— 41



