i-nessai Training Workflow for PTA Analysis

PHASE 1: Data Preparation

Performance Metrics

Load PTA Data

—

» ToA measurements

* Pulsar ephemerides

* Observation metadata
« Error estimates

Enterprise Model Setup

« Define PTA object

« Set signal models

« Configure noise models
« Define likelihood function

Prior Configuration

—]

Reparameterization Config

« Set parameter bounds

« Define prior types

« Uniform/Gaussian priors
« Log-uniform for scales

* Physical — Unit hypercube
« Bijective transforms
« Periodic parameters
* Log transformations

i-nessai Sampler Init

« Set n_live points (12000)
« Configure flow settings

« Set pool size

« Parallelization strategy

Wall-clock Time

Single pulsar: minutes
10 pulsars: ~13 hours

Likelihood Evaluations

~2.68x fewer than nessai
~13.3x fewer than dynesty

PHASE 2: Normalizing Flow Architecture Setup

Speedup Factor

RealNVP Architecture

« Affine coupling layers
« Triangular Jacobian

« Fast inversion

« Stable gradients

* Number of blocks: 8
« Permutation strategy
» Mask configuration
« Block composition

> Coupling Blocks Configuration —————>

Neural Network Layers

—

Flow Initialization

« Layers per block: 6

» Neurons per layer: 128
* Activation: ReLU

« Batch normalization

« Weight initialization

« Base distribution: Gaussian
» Parameter count

» GPU allocation

1-3 orders of magnitude
vs PTMCMC

Parallelization Efficiency

Near-linear scaling
with pool size

Key Hyperparameters

PHASE 3: Nested Sampling Training Loop

Iteration Loop (until convergence)

1. Train Flow on Live Points

2. Generate Proposals —> 3. Transform to Physical

>

« Current live points

* Flow optimization (Adam)
* Max epochs: 500

« Early stopping

* Loss: KL divergence

« Sample from trained flow
* Meta-proposal mixture
 Importance weights

« Batch generation

« In hypercube space

« Inverse reparameterization
« Hypercube — Physical

« Check prior bounds

« Jacobian correction

4. Evaluate Likelihood

« Call Enterprise PTA

« Parallel pool evaluation
» Compute log-likelihood
» Cached computations

Continue until dlogZ < threshold

—

* Update live points
» Compute log Z increment
« Track posterior samples

. 6. Check
5. Update Evidence —> Convergence
* Accept/reject samples « dlogZ < 0.1

» Max iterations
» Sampling efficiency

n_live_points: 1000-20000

flow_blocks: 8

layers_per_block: 6

neurons_per_layer: 128

pool_size: 12 (for parallelization)

max_epochs: 500 (flow training)

dlogZ_threshold: 0.1

learning_rate: 1e-3 (Adam)

batch_size: varies with n_live

importance_sampling: enabled

reparameterization: to_unit_hypercube

checkpoint_interval: 1000 iterations

PHASE 4: Results & Post-Processing

Evidence Computation

Posterior Generation Parameter Estimation

« Final log Z
* Uncertainty estimate
« Bayes factors

Diagnostics

« Weight posterior samples
« Generate distributions
« Compute statistics

* Mean, median, mode
« Credible intervals
« Correlations

Visualization

» Sampling efficiency
* Flow training curves

 ESS (Effective Sample Size)

« Corner plots
« Trace plots
* SGWB constraints




