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*also known as Simulation-Based Inference
(SBI) or Likelihood-Free Inference (LFI)
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An all-in-one framework for implicit inference in astronomy.
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*includes undergrads
orjunior grad students

LtU Implicit Likelihood Inference [1tu-ili]
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*GRAND Cosmic Rays

arxiv:2508.15991

Realistic Simulator (ZHAireS)
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*Labeling Progenitors for
Galactic Archaeology
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[ll: Validation

Measuring Reionization
with JWST
arxiv:2405.09720

*Fitting Stellar
Populations of Galaxies
arxiv:2511.10640
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LtU Go Big! Mock Simulator
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My models extract all of
the information.

Observations

Wide, flat priors are

Training Simulations

uninformative and well-
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Hyperparameter SBI p(6]x)
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Observations

2x Training Data v

“My models extract all of the
information”

Noise-padding degradation
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/ Changes from default ltu-ili / sbi \

* -Turn off EarlyStopping & weight
reloading

* + Optuna hyperparameter tuning
* + Noisy data augmentation

* + CosineAnnealing learning
scheduler

k + ‘Funnel’ embedding networks /

“My models extract all of the
information”
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Uniform vs Reference
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“Posterior coverage sufficiently captures uncertainty.”

1.0~

0.8

0.6

0.4+

0.2+

0.0 T 1 0.0 T | T 1 T : T !
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0
True True True True True

1.0+ 1.0 1.0 1.0 1.0
o 0.8 0.8 0.8 1 0.8 1 0.8
=
(=4
[}
£ 0.6 0.6 - 0.6 0.6 0.6
g
©
Qo4 0.4 0.4 4 0.4 0.4
— 7
Qo
£ f
w 7

0.2 0.2 0.2 1 0.2 4 0.2 4

95% (calibrated)
68% (calibrated)
0-0 T 1 0.0 T 1 0.0 T 1 0.0 T ¥ 0.0 T 1
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0

Predicted percentile

Predicted percentile

Underconfident!

Predicted percentile

Predicted percentile

Predicted percentile

Multivariate Coverage

1.0
-=-- ideal
== TARP (joint, 5 params)
0.8
0]
o
e
g 0.6
3 2?7
9] e o o
go!
g
8 0.4
Q
X
i
0.2
"’
0.0 T T 1 T 1
0.0 0.2 0.4 0.6 0.8 1.0

Credibility level

TARP Lemos+2023
arxiv:2302.03026



/]

“Posterior coverage sufficiently captures uncertainty.
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Building a Pipeline for Observational ILI

Observations

Training High-Fidelity

Blinded Data

Simulations Simulations

Do my models
y Are there Am | robustto
converge? Are my models : :
catastrophic model design?
Do my models robust?
errors? Do my
scale? How much .
Are there predictions
Are my error can | . , . .
I things I’m not align with
uncertainties tolerate? .
, modeling? others?
calibrated?




Conclusion

--------------------------------------------------------------------------------
* *

] . : * ModelAis consistent with observations
ILl is extremely powerful, but requires i« P(8]x) are plausible parameters

careful validation. O, i

Even with best practices, we can’t assume that: Hidden Technical Debt in Machine Learning Systems
* Our models extract all the information.

* Qur training suites are optimal.
D. Sculley, Gary Holt, Daniel Golovin, Eugene Davydov, Todd Phillips

d POSteI’IOI’ Coverage |S SUff'C'Gnt. {dsculley, gholt, dgg, edavydov, toddphillips}@google.com
i i i i i Google, Inc.
* Robustness to high-fidelity simulations oogle, Inc
guarantees observational robustness. Dietmar Ebner, Vinay Chaudhary, Michael Young, Jean-Frangois Crespo, Dan Dennison

{ebner, vchaudhary, mwyoung, jfcrespo, dennison}@google.com
Google, Inc.

Similar to the explicit likelihood community, we
should continue to build methodology to test and Data Machine o

. Verification Resource R
guarantee assumptions.

. Management
Configuration Data Collection Serving

Infrastructure
Code Analysis Tools

Model A Font
6a u_re Process
7] Extraction Management Tools
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