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• Neural network emulators are really 
important in Cosmology and Astrophysics 

• For fast inference on computationally 
expensive likelihoods 

• Generating large training data sets for 
training simulation based inference 
algorithms

Emulators in Cosmology and Astrophysics
globalemu [Bevins+21]  

21cmLSTM [Dorigo Jones+2024] 
21cmEMU [Breitman+ 2023] 

21cmGEM [Cohen+2017] 
And 21cmVAE [Bye+2022]

Cosmopower  
[Spurio Mancini+2021]

Speculator  
[Alsing+2020]
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• In this work we are focused on likelihood 
based inference 

• Semi-numerical simulations of 
cosmological signals are very 
computationally expensive 

• Train emulators on example simulations 
and use these the likelihood functions 

• Established method for doing inference
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• We measure accuracy by evaluating the 
networks on a test data set 

• Typically we do this with something like RMSE 

 

• But what average value of  over the test data 
is good enough? 

• Generally we work with “rules of thumb” 

• e.g. globalemu paper suggested 

ϵ =
1
Nν

Nt

∑
i

(Strue(t) − Spred(t))2

ϵ

ϵ̄ ≈ 0.1σ

Defining required accuracy
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• Really interested in is how well can we 
recover the posteriors if we use an 
emulator rather than the full simulation? 

 

 

• Is  good enough?

log L → log L + δ log L

P(θ |D, M) =
Lπ

∫ Lπdθ
→ PE(θ |D, ME) =

Lπeδ log L

∫ Lπeδ log Ldθ

ϵ̄ ≈ 0.1σ

Impact on posterior recovery?
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• Relative brightness of 21cm signal from 
neutral hydrogen and the background CMB 

• 21cm signal brightness measured by a 
statistical temperature 

• Relative number of atoms with aligned and 
anti-aligned proton and electron spins driven 
by many different processes 

• Cosmology ( ) 
• Star formation ( ) 
• X-ray heating ( ) 
• Ionisation ( ) 
• With some overlap 
• And many other processes

z < 30
30 < z < 15

15 < z < 8
8 < z < 5

21cm Cosmology

EuCAIF Conference 2025 - htjb2@cam.ac.uk arXiv:2503.13263

https://arxiv.org/abs/2503.13263


7

• Dorigo Jones+23 tried to answer questions of 
emulator accuracy 

• Ran inference with ARES and compared 
recovered posteriors to posteriors recovered 
with an emulator of ARES 

• ARES is a 1D radiative transfer code which 
evaluates in about 1s 

• Typically want to use semi-numerical or hydro 
simulations which take hours to days to run 
per parameters set

Dorigo Jones+23
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• Measured posterior accuracy with two metrics 

 

 

• They concluded that even for  they 
can’t accurately recover the posteriors with an 
emulator

emulator bias =
|μglobalemu − μARES |

σARES

true bias =
|μARES − θ0 |

σARES

ϵ̄ ≈ 0.05σ

Dorigo Jones+23
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• We need to go down to around 25 mK 
noise to confidently detect the 21cm 
signal 

• Most emulators have 
 and it seems 

challenging to go beyond this 

• If we assume a Gaussian likelihood and 

 

we would expect the uncertainty from the 
instrument to dominate the posteriors  

ϵ̄ ≈ 1 mK ≈ 0.05 × 25mK

σ2 = σ2
instrument + ϵ̄2

Why this is concerning?
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• The emulator bias defined in Dorigo 
Jones+23 is fine but its only really considers 
the difference in 1D 

• More comprehensive measure of the 
difference between the true and emulated 
posteriors is the Kullback-Leibler 
Divergence 

 

• Typically do not have access to  else we 
wouldn’t be interested in emulators

DKL = ∫ P log ( P
Pϵ ) dθ

P

Measuring the impact of the emulator
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• Can make progress if we make some 
assumptions 

• Firstly we assume that the likelihood 
function is Gaussian 

 

And our prior is uniform such that the 
posterior is also Gaussian 

L ∝ exp( −
1
2

(D − ℳ)TΣ−1(D − ℳ))

Measuring the impact of the emulator
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• Assume a linear model and linear emulator 
error 

 and  

Such that  

• Comes from Taylor expansion of model 
around the MAP and the assumption that the 
posterior is sharply peaked so we can ignore 
higher order terms 

 

ℳ(θ) ≈ Mθ + m E(θ) ≈ Eθ + ϵ

Mϵ(θ) = (M + E)θ + (m + ϵ)

M = 𝒥(θ0)
m = M(θ0) − 𝒥(θ0)θ0

Measuring the impact of the emulator
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• So  and  are assumed to be Gaussian 

• KL divergence between two Gaussians is given by 

 

• Can show that 

 
 

 
 

• Make assumptions about  and 

P PE

DKL =
1
2 [log( |CE |

|C | ) − Nθ + tr(C−1
E C) + (μE − μ)TC−1(μE − μ)]

C = (MTΣ−1M)−1

μ = CMTΣ−1(D − m)
CE = ((M + E)TΣ−1(M + E))−1

μE = CE(M + E)TΣ−1(D − m − ϵ)

E ≪ M Σ =
1
σ2

1Nd

Measuring the impact of the emulator
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• Function of emulator error RMSE, the noise 
in the data  and the number of data points 

 

• Predictive function that can be used both to 
justify but also predict the required 
accuracy of an emulator

DKL(P | |PE) ≤
1
2

1
σ2

| |ϵ | |2

DKL(P | |Pϵ) ≤
Nd

2 ( RMSE
σ )

2

σ
Nd

Measuring the impact of the emulator
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• The approximation assumes linearity 
around the peak of the posterior which 
might not hold in higher dimensions 

• Posteriors become curved or multi modal 

• Assuming a Gaussian likelihood and 
posterior 

• Assumes uncorrelated noise in the data 

• Assumes noise is constant across the data

Limitations of the approximation
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• Assuming the data comprises of signal plus 
noise 

• Same fiducial signal as in Dorigo Jones+23 

• Same prior range and same sampler 

• Assuming a Gaussian likelihood as was done 
in their paper 

• Assuming absolute knowledge of the level of 
noise in the data 

• Running for 5, 25, 50 and 250 mK

Testing on a 21cm Cosmology problem
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globalemu performance and ARES modelling
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Running the analysis - 250 mK
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Running the analysis - 50 mK
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Running the analysis - 25 mK
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Running the analysis - 5 mK
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How about the ?DKL

• Need to be able to evaluate the log-
probability for sets of samples on both 
distributions to get   

• Use normalising flows implemented with 
margarine [see Bevins et al 2022, 2023, 
arXiv:2207.11457, arXiv:2205.12841] 

• Compare calculated  with predicted 
upper limits

DKL

DKL
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• We are presenting a useful upper bound on the 
incurred information loss from using emulators 
in inference 

• Broadly applicable beyond 21cm 

• We demonstrated that we can accurately 
recover posteriors even with  for 21cm 

• arXiv:2503.13263 

• https://github.com/htjb/validating_posteriors

ϵ̄ ≈ 0.2σ

Conclusions
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