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Introduction

References
 Documentation  Leverages Bilby components

> https://dingo-gw.readthedocs.io/ * Priors, detector information, bilby_pipe automation
« Community Discord server * Key papers

1. https://arxiv.org/abs/2002.07656 : 5D toy model with
normalizing flows

2. https://arxiv.org/abs/2106.12594 : Amortized
inference with noise conditioning

oho

e Code 3. https://arxiv.org/abs/2210.05686 : Importance
sampling
> https://github.com/dingo-gw/dingo 4. https://arxiv.org/abs/2305.17161 : Flow matching
> Available as dingo—gw package from pip 5. https://arxiv.org/abs/2407.09602 : Binary neutron

and conda. stars
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Introduction
Key steps

1. Generate training datasets

a. Intrinsic waveforms (polarizations), specified by masses, spins, inclination, and phase.

b. Noise power spectral densities, with a distribution often corresponding to an observing run. N
Specified by

YAML config files

a. Construct network based on specified configuration.

b. During training, sample extrinsic parameters (sky position, distance, time of coalescence)
and noise realizations, and construct simulated data.

3. Perform inference |
Use Dingo API or

a. For (observed or simulated) data, draw posterior samples from the trained network. INI file

b. Optionally importance sample to true posterior. Gives Bayesian evidence.



ype: FrequencyDomalin
1: 20.0
: 1024.89
: 0.125

Generating training data

Waveform Dataset ot 20.

° YAML flle COmponentS: ' * bilby.core.prior.Constraint(minimum=18.0, maximum=128.0)
ass_2: bilby.core.prior.Constraint(minimum=10.0, maximum=120.0)
] . chirp_mass: bilby.gw.prior.UniformInComponentsChirpMass(minimum=15.0, maximum=150.0)
® Doma|n (f_mln, f_max, etC_) ass 0: bilby.gw.prior.UniformInComponentsMassRatio(minimum=0.125, maximum=1.0)
phase: default
a_1: bilby.core.prior.Uniform(minimum=0.0, maximum=0.9%)
® Waveform generator (apprOXimant, etC.) t -: billZZW.c:z;i.prior‘.Uni-Fomn(minimumz@.0, maximum=0.99%)
2: default
. . . . phi_12: default
* [ntrinsic prior (Biloy format) phi_JL: default

1. default

* Size of dataset
 Compression un_sanples: 5000088

« dingo_generate_dataset —> HDF5 file.

les: 50000

: Ol . 18008
1ing: aLIGO_ZERO_DET_high_P_asd. txt




WavefO rm dataset wid- domair _
<dingo.gw.domains.FrequencyDomain at ©9x107705d50>

I nte ra Ct i Ve u Sa g e wfd.domain.sample_frequencies

array([0.0000e+00, 2.5000e-01, 5.0000e-01, ..., 5.1150e+02, 5.1175e+02,
from dingo.gw.dataset import WaveformDataset 5.1200e+82], dtype=float32)

wfd = WaveformDataset("waveform_dataset.hdf5") wfd.polarizations.keys()

Loading dataset from waveform_dataset.hdf5. dict_keys(['h_cross', 'h_plus'])
— — ’ -

wfd.settings
g wfd.polarizations ["h_cross"|.shape

{'domain': {'type': 'FrequencyDomain®’,

'f_ max': 512.49,

'delta_f': 0.25}, wfd (0]

'waveform_generator': {'approximant': 'IMRPhenomXPHM',

:f_ref': 20.0{ ' {'parameters': {'chirp_mass': 64.41381314230478,
spin_conversion_phase': 0.0}, '‘mass_ratio': 0.47177577838693513,

"intrinsic_prior': {'mass_1"': 'bilby.core.prior.Constraint(minimum=10.0, maximum=120.0)", ‘phase': 5.763232159969959
'mass_2': 'bilby.core.priaor.Constraint(minimum=10.@, maximum=120.Q)', 15 10 6.032@7803325955646'
'chirp_mass': 'bilby.gw.prior.UnifarmInComponentsChirpMass{minimum=15.0, maximum=150.0)"', 'a—2" 0.3098953412457675 ’
'mass_ratio': 'bilby.gw.prior.UniformInComponentsMassRatio(minimum=0.125, maximum=1.0) "', 'tzlt.l': 1 3834749678369;73

phase’: 'default’, "tilt_2': 2.165452272815846,

'a_l': 'bilby.core.prior.Uniform(minimum=8.0, maximum=0.99)",
'a_2': 'bilby.core.prior.Uniform(minimum=0.0, maximum=0.99)",
"tilt_1': ‘'default’,
"tilt_2': 'default’,

'‘phi_12': 4.266047153805945,
‘phi_j1': 5.3780213552081301,
'theta_jn': 2.2850745797311984,

‘phi_12': 'default’, "luminosity_distance': 100.0,

'phi_j1': 'default', 'geocent_time': 0.0},

'theta_jn': 'default’, 'wavefarm': {'h_cross': array([ 0.00000000e+00+0.00000000e+00j, ©0.00000000ec+00+0.00000000e+007,

'luminosity_distance': 100.0, 0.00000000e+00+0.00000000e+00]j, ...,

'geocent_time': 9.0}, 1.03684256e-25-7.56307764e-26], -2.04143358e-26-1.33733413e-25],

'num_samples': 100000, 0.00000000e+00+0.00000000e+00]]),

'compression': {'svd': {'size': 1@0, 'h_plus': array([ 2.00000000c+00+0.00000000c+00j, 0.00000000c+00+0.00000000e+007,
'num_training_samples': 50040, 0.00000000c+00+0.00000000e+007, ...,
‘num_validation_samples': 1000}, -7.59414876e-26-1.04618327e-25], -1.30488144e-25+3.92787044e-26],

‘whitening®: "alLIGO_ZERO_DET_high_P_asd.txt'}} 0.00000000c+00+0.00000000e+007 1) }}




Generating training data
ASD Dataset

 Executed with dingo_generate_asd_dataset

 Downloads LVK data from GWOSC and generates
PSDs using Welch method.

* Key parameters:
> Observing run
> Set of detectors

> Time between PSDs / max number of PSDs




data:
waveform_dataset_path: training_data/waveform_dataset.hdf5
traln_fraction: 0.95
window:
- - type: tukey
f_s: 4096
[raining
roll_off: 0.4
= domain_update:
Overview _nin: 20.8
f_max: 1024.0
svd_size_vupdate: 200
detectors:
- Hl

* Training carried out using dingo_train (or - [

extrinsic_prior:

dingo_train_condor) dec: defautt

ra. defavlt

geocent_time: bilby.core.prior.Uniform(minimum=-0.10, maximum=0.10)

psi: default

g YAML Config file SpeCifieS further data SettlngS, luminosity_distance: bilby.core.prior.Uniform(minimum=100.0, maximum=1000.0)
neural network configuration, training plan, and

inference_parameters:
additional local settings (e.g., number of cores). S
- chi_1l

> Produces regular checkpoint files (. pt), as well as - theta_dn

training history information. e
: 35§§EZ§£:$TZistance
- psi

model:

posterior_model_type: normalizing_flow

posterior_kwargs:
hum_flow_steps: 30
base_transform_kwargs:
hidden_dim: 1024

num_transform_blLocks: 5

activation: elvu



Training

Network configuration

posterior_model_type: normalizing_flow

posterior_kwargs:

num_flow_steps: 30

* Specifies architecture and size of the NN e
HUH-tP;HSf;Pm blocks: S
* Currently supported: spline flows, flow matching, activation: ely

r]. dropout_probability: 0.0
E;(:C)rea rT]Eit(: |r]§; batch_norm: Truve
hum_bins: 8

base_transform_type: rg-coupling

* First embedding net layer is initialized with SVD
(computed automatically). embedding_kvargs:

output_dim: 128
hidden_dims: [1024, 1024, 1024, 1024, 1024, 1024,

 Extension to new architectures is straightforward 512, 512, 512, 512, 512, 512,
. " e . . | I | l | 6'
(requires modification of Dingo code) 256, 256, 256, 256, 256, 25

128, 128, 128, 128, 128, 128]
activation: elu
dropout: 0.0
batch_norm: True
svd:
num_training_samples: 50600
num_validation_samples: 10080
size: 200




Training

Training plan

» Specifies training configuration (epochs, batch I ottt/ iducial asde. hafs
size, optimizer, learning rate schedule) reeze_rb_layer: True
e: adam
* TJraining stages L 00003

e: coslne
ax: 300
: 4096

 Stage 0: use fixed ASD per detector.

 Stage 1: use multiple ASDs per detector. s 18
— ASDs could cover an entire observing run o Fimeeonine
— Learning rate should be reduced (~0.1x) e o T e

1: [/path/to/asds.hdf5

e adam
: 0.00003

* Training stages may also be used without B
changing the ASD dataset c: cosine

ax: 150
1ze: 4096




Inference

Overview

* We will supply trained networks for common configurations (e.g., Zenodo).

 Two options for inference:
> Sampler APl — useful for injections, experiments
> dingo_pipe — based on bilby_pipe

* After inference, typically importance sample to true posterior.



from dingo.core.posterior_models import NormalizingFlowPosteriorModel
from dingo.gw.inference.gw_samplers import GWSampler

from dingo.gw.injection import Injection

from dingo.gw.noise.asd_dataset import ASDDataset

model_path = "/Users/stephen/Documents/Research/dingo—gw/networks/npe_xphm_03/model_225.pt" I nfe re n ‘ e
asd_path = "/Users/stephen/Documents/Research/dingo-gw/asd-datasets/asds_03.hdf5"

pm = NormalizingFlowPosteriorModel(model_filename=model_path, device="cpu")
sampler = GWSampler(model=pm) Sa m p I e r AP I

injection = Injection.from_posterior_model_metadata{pm.metadata)
injection.asd = ASDDataset(asd_path, ifos=["H1", "L1"])

inj = injection.random_injection() . .
A 1. Load model using PosteriorModel class

Putting posterior model to device cpu.
Setting spin_conversion_phase = 0.0. Using this value for the phase parameter for conversion to cartesian spins.

Loading dataset from /Users/stephen/Documents/Research/dingo-gw/asd-datasets/asds_03.hdf5. 2 Place mOdel |n GWSampIer

{'parameters': {'chirp_mass': 57.2780874855581515,
'mass_ratio': 0.6151457796358613,
'phase': 1.0997257154960403,
'a_1': 0.32634736401417636, GS
'a_2': 0.3557619934382651, .
"tilt_1': 1.1511341101132335,
"tilt_2': 0.97485804749508054,
'phi_12': 5.4260642925173945, . . -
‘phi_j1': 4.43955174105639, Injection as dict 4. Execute GWSampler.run_sampler()
"theta_jn': 1.181696796407354, -
'geocent_time': 0.06186530755855896,
"luminosity_distance': 331.4908286977259,
‘ra': 2.4748760116443944, sampler.context = inj

‘dec': 0.08157802486421703, sampler.run_sampler(10@, batch_size=50)

'psi': 2.772987885824801, int 1 les)
'Hl_time': 0.06723323238328562, printisampler.samples

Prepare injection and place in sampler

'L1_time': 0.0607709721894040961, Running sampler to generate 100 samples.

'extrinsic_parameters': {}, Done. This took 0.7 s

'waveform': {'H1': array([ 9.00000000ec+00+8.00000000e+00@], éhirp nass m;ss ;atio 3 1 dec bsi log prob
660 boeiite ge G tosionsa i ©  76.068756  ©.641365 0.291859 ... -0.065704 1.120585 2.366869
2.07851918e-23-1.69062288e-237, 1 74.916054 P.703768 @.103938 ... 0.054271 2.879373 5.380791
-2.32579040e-23+1.33809684e-237, 2 72.652740 9.591754 0.324786 ... —0.015465 2.522037 4.834624
1.09820335e-23-5.69711902e-2441), 3 74.191132 9.529014 @.312044 ... 0.022786 0.414739 -1.557718

'L1': array([ 0.00000000e+00+0.00000000e+00j, 4 71.489929 P.598537 @.016802 ... -0.045194 2.B87955 2.665492
0.00000000c+08+0. 00000000 +007, N
0.00000000¢+00+0.000000002+00], ..., 95 68.453186  0.488925 0.087389 ... -0.010306 1.778464 3.435484
i s 96  67.645164  0.461319 0.022716 ... -0.020204 1.926357 4.476946
4:98571141e—23+2:88698180e—23ji}}, 97 71.413193 9.651810 @.075135 ... -0.062583 1.685776 2.043992

‘asds': {'H1': array([1.00000000e—20, 1.00000000c-20, 1.00000000e—2@, ..., 98 78.013023  0.776698 @.474594 ... -0.020065 1.708209 1.2236E9
1.112302100223, 1.028007860-23, 1.02797209e-23]) 99  71.692337  0.530850 0.070898 ... 0.024096 3.099460 2.456547

‘'L1': array([1.00000000e-20, 1.00000000e-20, 1.00000000e-20, ...,
8.22632321e-24, 9.35929613e-24, 1.61833873e-23])}} (100 rows x 15 columns]




Inference

Result class

» (Contains functionality for post-processing
Dingo samples:

» Saving / loading

> Plotting

» |Importance sampling / calculating evidence
> (Generating synthetic phase

> Training new flows based on samples

o Stores all precursor settings (e.g., network
settings, training, and event data).

result = sampler.to_result()

result.to_file("dingo_samples.hdf5")
Saving dataset to dingo_samples.hdf5

result.plot_corner()




local =

accounting =

MOSt Settings (deteCtorS, request ZDJ; importence-sampling =
etc.) are taken from the e it -
Dingo mOdel. extra-lines =

sinple-subnission =

Inference
dingo_pipe

nodel-init =

* Automates inference tasks, including downloading of GW data. Specified by rode? -
INI file: device =

nun gnpe iterations

nun-samnples =

batch-size =

> JOb SmeiSSion recover-Log-prob =

mportance-sample =

prior-dict =

> Sampler: specify DINGO models, number of samples, GNPE iteration,
data/prior updates for importance sampling, ...

Label =

> Data generation: specify GPS time, point to frame files (or gwosc), point ragentine -
to PSDs gets-dict -

channel-dict =
psd-dict =

> (Optional) Add calibration marginalization
(only works with importance sampling)

> (Optional) Make corner plot and diagnostic plots for importance T
Sampllng spline-calibration-envelop2-dict =

spline-calibration-nodes =

spline-calibration-curves =

e Saves a Result HDF5 file in the end, which can also be read by PESummary.

pLot-corner =

plot-weights =

plot-Log-probs =



plt.figure(figsize=(12,6))

plt.plot(ufd(), wf_ufd["h_plus"].real, label="uniform")

| |
M u Itl - ba n d I n plt.plot(mfd(), wf_mfd["h_plus"].real, ".", label="multi-banded")
plt.plot(mfd(), wf_decimated("h_plus"].real, ".", label="decimated")
plt.xscale("log")
plt.xlabel('f (Hz)")

plt.legend()
plt.xlim((20, 1024))

plt.show()
from dingo.gw.domains import FrequencyDomain, MultibandedFrequencyDomain le—22
from dingo.gw.waveform_generator import WaveformGenerator | —— uniform
from dingo.gw.prior import build_prior_with_defaults 1.5 « multi-banded

* decimated

ufd = FrequencyDomain(f_min, nodes(-1], delta_f_initial)
mfd = MultibandedFrequencyDomain(nodes, delta_f_initial, ufd) 1.0

! |

mfd.domain_dict
0.5
{"type': 'MultibandedFrequencyDomain',
'nodes': [20.0, 26.0, 34.0, 46.0, 62.0, 78.6, 1038.4],
'delta_f_initial': 0.0625, 0.0
'base_domain': {'type': 'FrequencyDomain',
'f_min': 20.9,
'f_max': 1037.9375, —0.5
'delta_f': 0.0625,
'window_factor': None}}

—e -

' a
wfg_ufd = WaveformGenerator("IMRPhenomXPHM", ufd, 20.0) -1.0 1
wfg_mfd = WaveformGenerator('"IMRPhenomXPHM", mfd, 20.0)

-1.5

102
f (Hz2)

Much more efficient waveform representation.



Interactive tutornal

o https://qgithub.com/annalena-k/tutorial-dingo-introduction



https://github.com/annalena-k/tutorial-dingo-introduction

