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The Epoch of Reionization (EoR)

The Evolution of the Intergalactic Medium (IGM)

Billions of years ago
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* Adapted from Brant E. Robertson, Richard S. Ellis, James S. Dunlop, Ross J. McLure, and Daniel P. Stark, Early star-forming galaxies
and the reionization of the Universe, Nature 468, 49 (2010).



Modeling the Lya forest

During the EoOR

Gas Density 2 Temperature

20

zua="T.1, Az=22, A, —8.3, AT, =9600 K

 Abundance Matching Box
for the EOR (AMBER; Trac et
al. 2022) creates user-
defined reionization fields.

* Nyx (Almgren et al. 2013;
LukicC et al. 2015) to model
the IGM.

 Simulation outputs can be
used to model observables.
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Modeling the Lya forest

During the EoOR

Gas Density

20
zua="T.1, Az=2.2'A, — 8.3, AT.. = 9600 K

 Abundance Matching Box
for the EOR (AMBER; Trac et
al. 2022) creates user-
defined reionization fields.

* Nyx (Almgren et al. 2013; e TV ® 11 000D
Luki¢ et al. 2015) to model
the IGM.

 Simulation outputs can be
used to model observables.
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Parameter Estimation
With a Gaussian Likelihood
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Parameter Estimation

The Mean Power Spectrum

 Bayesian framework with a
summary statistic (hamely, the
1D power spectrum).

e (Gaussian likelihood.

 Forward-modeled flux skewers
are used to compute mean
power spectra and covariance
matrices.
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Parameter Estimation

The Covariance Matrix N
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Inference on Synthetic Observations

With the Gaussian Likelihood Assumption (Gonzalez-Hernandez et al. 2025a)
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Coverage Tests

To Test the Posterior Calibration
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1.00
—— DRP /
= Blydst | HPD - -
o0
=
@ (o0 =
3
<)
2> .
0.00 . . . .
0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0 0.0 0.5 1.0
Credibility Level Credibility Level Credibility Level Credibility Level

* Adapted from Lemos, P.,, Coogan, A., Hezaveh, Y., & Perreault-Levasseur, L. Sampling-Based Accuracy Testing of Posterior Estimators
for General Inference. ICML, 20283.



Uncalibrated Posterior Estimates

Using a Coverage Test (Gonzalez-Hernandez et al. 2025a)
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Using Simulation-Based Inference (SBI)

To address this challenge

 Balanced Neural Ratio Estimation (BNRE; Delaunoy et al. 2022) is cheap, and it specifically
allows you to tune the calibration, allowing for rapid iteration.

Neural Posterior - Estimates the posterior directly . .

. . . . . - Density Estimator
Estimation (NPE) - Does not require a sampling algorithm
Neural Likelihood - Estimates the likelihooad . .

. . . . . - Density Estimator
Fstimation (NLE) - Requires a sampling algorithm

Neural Ratio - Estimates the likelihood ratio (likelihood over evidence) .

. . . . | - Classifier
Estimation (NRE) - Requires a sampling algorithm




Using Balanced Neural Ratio Estimation

Solves the problem (Gonzalez-Hernandez et al. 2025b)
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Using Balanced Neural Ratio Estimation

Solves the problem (Gonzalez-Hernandez et al. In Prep.)
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Parameter Estimation on Observations

Beyond Summary Statistics
— i O Z {
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analytical likelihood for Lya Damping
Wings observed in quasar spectra.
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The First Step

Towards Parameter Estimation on Flux Observations

 (Consider forward-modeled Lya flux skewers, with no quasar continuum, and missing data
chosen via a missing completely at random (MCAR) mechanism with up to 10% of missingness.
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Embedding Networks

To process raw observations

* Embedding Networks are used to
process observations and learn a
representation of them. This
representation is then used by a given
estimator.

 Lueckmann et al. (2017) uses MLPs,
Gloeckler et al. (2024) uses transformers
and score diffusion, Verma et al. (2025)
uses neural processes, etc.

Embedding Network

Only applied to observations
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Using a Transformer

As an embedding network

Transformer Embedding Network

Tokenization (observations only) Processed Tokens (length T)
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USing a TranSfOrmer Tokenization (observations only)

A S|mp|e TOkeﬂlzathﬂ 1D Observation (length T)
Observation Y1 Yz Y3 Y11 2l
Mask ms m; M3 M1 my
Token at position i Vi m;
Value Mask
* Only observations are tokenized. ;
_ _ Linear Projection
 Raw input tokens are observations
and masks.

* Learnable linear projection with
sinusoidal positional encoding. U

Sinusoidal Positional
Encoding
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Using a Transformer

Attention and Transformer Blocks

* Processed tokens as input.

* Missing values dictate the attention
mask.

 Mean pooling only uses observed
values.

* Learned representation.
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Using a Transformer
The Ratio Estimator Ratio Estimator Head

Parameters and Embedded Observation

S 0, O: Z(X)

|

Feed Forward
Neural Network

 Learned representation of
observation and parameters are

concatenated.

* A simple feed-forward neural
network predicts the likelihood {

ratio.
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Using a Transformer

Overview

Transformer Embedding Network
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The Implementation
Of this method

Y . ¢

oy )

e JAX backend for fast Hamiltonian
Monte Carlo.

 Simple MLP for the classifier and a
simple transformer for the
embedding network.

* A standard dataset contract that
allows for a coding agent to run a
full experiment (as a lab assistant).




Results: Single Observation

arameter Estimation
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Results: Single Observation

Calibrated Posteriors
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Results: Multiple Observations
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Parameter Estimation with 10
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Results: Multiple Observations

Calibrated Posteriors

IIIIIIIIIIIIIIIII 10 ———m—————————7————
- —=-- Ideal
- —— BNRE + soft hull, hard references
08 Soft-prior sanity check

O
o)

—
™~

Expected coverage probability

0.2

04 06 08 10
Credibility level




Transformer Embedding Network

, ? Processed Tokens (length T)
a S n eX €1 € €3 er er
H

/ \\XN

Data-Aware ’ Multi-Head
Mask ] Self-Attention

* Include QSO continuum reconstruction ERRER T
* Improvements to multiple observations

_/

Neural Network

 Use a hi-res simulation dataset e g
* Extend to other types of estimators SRR e

‘ Mask-Aware Mean Pooling ’
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Thank you!

Questions?

Diego Gonzalez-Hernandez | dgonzalezhernandez@ucsb.edu
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