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Structure

Part I: Motivation and Problem Statement

Part II: Neural Network Solution and Validation



Ultralight Axions
Particle Physics Origin

FDM: Impose  

ULA:  from HEP

Ωa = Ωd ≈ 0.3

Ωa

• QCD axion too heavy


• Turn to axions from string theory


• Axiverse of many axions ( )


• May compose part of DM

nax > 1

Arvanitaki et al. (2010) Stott et al. (2017)Hui et al. (2016)Svrček & Witten (2006)



ULA Model
Two free parameters: ma, Ωa/Ωd

• Can’t add 100s of parameters to 
LCDM!


• Minimal extension: 


• 1 ULA, rest of DM behaves as 
CDM


• Focus on deviations from CDM



Multiple Axions
Many models including Early DE



Simulations
First Cosmological Simulations of ULAs + CDM

Solve Schrödinger Equations for Axions



iℏ
∂ψ
∂t

= −
ℏ2

2maa2
∇2ψ + maVψ, |ψ |2 = ρaxAxions



Simulations
First Cosmological Simulations of ULAs + CDM

Solve Schrödinger-Poisson system and 
N-body CDM dynamics



iℏ
∂ψ
∂t

= −
ℏ2

2maa2
∇2ψ + maVψ

∇2V =
4πG

a ( |ψ |2 + ρCDM − ρ̄tot)

Schwabe & Laguë (in prep)



Simulations
Find Density Profile of CDM + ULAs

Solve Schrödinger-Poisson system and 
N-body CDM dynamics
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Simulations
Halo Density

Schwabe & Laguë (in prep)



CDM

Axions FDM Density  
Profile

Schwabe & Laguë (in prep)

Halo Density Profiles
Constraining Mass from Sims



Can we infer  from a measurement of ?ma ρ(r)



Forward problem: Specify parameters + PDE to get solution 

Inverse problem: Specify PDE + solution to infer parameters 

Can we infer  from a measurement of ?ma ρ(r)



Non-Linear Modelling
A Useful Simplification

Equilibrium Solution








ψ = e−iγt/ℏϕ

∂2(rϕ)
∂r2

= 2r ( m2
a

ℏ2
V −

ma

ℏ2
γ) ϕ

∂2(rV)
∂r2

= 4πGr (ϕ2 + ρCDM)

Schwabe & Laguë (in prep)
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ψ = e−iγt/ℏϕ

∂2(rϕ)
∂r2
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ℏ2
γ) ϕ
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Schwabe & Laguë (in prep)



Inverse Problem

ℰ(ma, γ) = ∑
i

LHS (ri) − RHS (ri)
2

m*a , γ* = argmin(ℰ)



∂2(rϕ)

∂r2
= 2r ( m2

a

ℏ2
V −

ma

ℏ2
γ) ϕ

Start with guess   

Vary parameters until  
equation is  

(approximately) satisfied

ma, γ



Inverse Problem
Optimization

Goal: Solve inverse 

problem for , ma γ

Use Neural  
Network Optimizers 

(PINN)
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Simulation Density Simulated Rotation

Curve

Simulate 
Observation

Validation
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Simulation Density Simulated Rotation

Curve

Fit Rotation CurveEstimated Density Profile (MCMC)

Validation



PINN !



true
ma



estimated

ma

Simulation Density Simulated Rotation

Curve

Fit Rotation CurveEstimated Density Profile (MCMC)Particle Mass Probability

Validation



Inverse Problem (Validation on Sims)
Run PINN for each possible ϕ & V

Distribution of Rotation Curves Distribution of ϕ & V Distribution of ma

Tr
ue

 M
as

s



Conclusions
PINNs in Cosmology

1. Inverse problems approach useful when fitting a PDE to data


2. Cheaper than solving the forward problem (expensive sims)


3. Can be combined with standard MCMC techniques


4. Excellent for finding maximum likelihood parameter value



Thank you!                   Questions?


