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Explicit 
Likelihood Inference

Implicit 
Likelihood Inference*

*also known as Simulation-Based Inference 
(SBI) or Likelihood-Free Inference (LFI)

Observed Data 𝒙

Simulator Machine 
Learning

Parameters 𝜽
Observed Data 𝒙 Parameters 𝜽

Analytic
Likelihood
ℓ 𝑥 𝜃

MCMC



An all-in-one framework for implicit inference in astronomy.
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𝑥

𝜇𝑦

𝜎𝑦

Approximate Bayesian Neural Networks

LtU Implicit Likelihood Inference [ltu-ili]

Validation Metrics

MH + 2024, arxiv:2402.05137
https://github.com/maho3/ltu-ili

Embedding Networks Exhaustive Benchmarking
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*GRAND Cosmic Rays
arxiv:2508.15991

*Labeling Progenitors for 
Galactic Archaeology

arxiv:2502.14972

Measuring Reionization 
with JWST

arxiv:2405.09720

*Fitting Stellar 
Populations of Galaxies

arxiv:2511.10640

LtU Implicit Likelihood Inference [ltu-ili]
*includes undergrads 
or junior grad students



SBI  Ƹ𝑝 𝜃 𝑥

Mock Simulator
x 𝜃

Training Simulations
D = 𝑥𝑖 , 𝜃𝑖 i=0

𝑁

Prior 𝑝(𝜃)

High-Fidelity 
Simulations

Hyperparameter 
Tuning

Assumptions

My models extract all of 
the information.

Wide, flat priors are 
uninformative and well-

distributed.

Posterior coverage 
sufficiently captures 

uncertainty.

OOD robustness ensures 
that my model learns the 

correct physics.

Observations

Posterior Predictions

LtU Go Big! 
CMASS 
Emulator



“My models extract all of the 
information”

Observations

ILI  Ƹ𝑝 𝜃 𝑥

Ω𝑚, 𝜎8

2x Training Data

Optuna hyperoptimization
• Embedding Depth, Width
• # Flows
• Learning Rate
• Batch Size
• Regularization

PCA,

FCN,

CNN,

Attn.

MH, Bartlett, LtU + in prep



“My models extract all of the 
information”

ILI  Ƹ𝑝 𝜃 𝑥

Ω𝑚, 𝜎8

Changes from default ltu-ili / sbi
• - Turn off EarlyStopping & weight 

reloading
• + Optuna hyperparameter tuning
• + Noisy data augmentation
• + CosineAnnealing learning 

scheduler
• + ‘Funnel’ embedding networks

MH, Bartlett, LtU + in prep



“Wide, flat priors are uninformative and 
well-distributed."

Tirapongprasert, MH+2026
arxiv:2601.17120, + longer 
paper in prep

GOOD

BAD

Uniform Latin Hypercube
C2ST 
Error 
Metric



“Posterior coverage sufficiently captures uncertainty.”

Multivariate Coverage

Underconfident!

???

TARP Lemos+2023
arxiv:2302.03026



“Posterior coverage sufficiently captures uncertainty.”

Symbolic Regression

Marginals can hide higher-order degeneracies!
• Degeneracy Distillery (Makinen+2026– arxiv: 

2606.23838)
• Degeneracy Detector (Tirapongprasert, 

MH+in prep)



“OOD robustness 
ensures that my model 
learns the correct 
physics.” Incl. assem

bly + 
velocity bias 

Train on: Quijote + HOD galaxies 
Test on: Abacus + HOD galaxies
Using: 𝑃0(𝑘) w/ RSDs

Even gravity-only simulations 
disagree with each other!

MH, Bartlett, LtU + in prep



Building a Pipeline for Observational ILI

ILI  Ƹ𝑝 𝜃 𝑥

Training 
Simulations

High-Fidelity 
Simulations

Blinded Data
Observations

• Do my models 
converge?

• Do my models 
scale?

• Are my 
uncertainties 
calibrated?

• Are my models 
robust?

• How much 
error can I 
tolerate?

• Are there 
catastrophic 
errors?

• Are there 
things I’m not 
modeling?

• Am I robust to 
model design?

• Do my 
predictions 
align with 
others?



Conclusion

ILI is extremely powerful, but requires 
careful validation.

Even with best practices, we can’t assume that:
• Our models extract all the information.
• Our training suites are optimal.
• Posterior coverage is sufficient.
• Robustness to high-fidelity simulations 

guarantees observational robustness.

Similar to the explicit likelihood community, we 
should continue to build methodology to test and 
guarantee assumptions.

Model A
𝜃

• Model A is consistent with observations
•  𝑃 𝜃 𝑥) are plausible parameters

ltu-ili


	Slide 1: Productionizing Machine Learning Inference for Modern Cosmological Surveys
	Slide 2
	Slide 3
	Slide 4: LtU Implicit Likelihood Inference [ltu-ili]
	Slide 5
	Slide 6
	Slide 7: “My models extract all of the information”
	Slide 8: “My models extract all of the information”
	Slide 9: “Wide, flat priors are uninformative and well-distributed."
	Slide 10: “Posterior coverage sufficiently captures uncertainty.”
	Slide 11: “Posterior coverage sufficiently captures uncertainty.”
	Slide 12: “OOD robustness ensures that my model learns the correct physics.”
	Slide 13: Building a Pipeline for Observational ILI
	Slide 14: Conclusion


  𝒙


  𝜽


  𝒙


  𝜽


  ℓ  ( x | 𝜃 )


  x


   𝜇 y


   𝜎 y


   p ^  ( 𝜃 | x )


  x  ( 𝜃 )


  D =    {   (   x i ,    𝜃 i ) }  i = 0 N


  p ( 𝜃 )


   p ^  ( 𝜃 | x )


   (   Ω m ,  𝜎 8 )


   p ^  ( 𝜃 | x )


   (   Ω m ,  𝜎 8 )


   P 0 ( k )


   p ^  ( 𝜃 | x )


  𝜃


  P  ( 𝜃 | x )

