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Introduction
References

• Documentation


‣ https://dingo-gw.readthedocs.io/ 


• Community Discord server 
 
 
 
 

• Code 

‣ https://github.com/dingo-gw/dingo 


‣ Available as dingo-gw package from pip 
and conda.


• Leverages Bilby components 

• Priors, detector information, bilby_pipe automation


• 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


3. https://arxiv.org/abs/2210.05686 : Importance 
sampling


4. https://arxiv.org/abs/2305.17161 : Flow matching


5. https://arxiv.org/abs/2407.09602 : Binary neutron 
stars

https://dingo-gw.readthedocs.io/
https://github.com/dingo-gw/dingo
https://arxiv.org/abs/2002.07656
https://arxiv.org/abs/2106.12594
https://arxiv.org/abs/2210.05686
https://arxiv.org/abs/2305.17161
https://arxiv.org/abs/2407.09602


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.


2. Train the network 

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 

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


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

Specified by 
YAML config files

Use Dingo API or 
INI file



Generating training data
Waveform Dataset

• YAML file components:


• Domain (f_min, f_max, etc.)


• Waveform generator (approximant, etc.)


• Intrinsic prior (Bilby format)


• Size of dataset


• Compression


• dingo_generate_dataset —> HDF5 file.



Waveform dataset
Interactive usage

Contains contents of YAML config

Domain object

Compressed (SVD) polarizations

Indexing gives dict with 
parameters and 

(decompressed) waveform



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



Training
Overview

• Training carried out using dingo_train (or 
dingo_train_condor)


‣ YAML config file specifies further data settings, 
neural network configuration, training plan, and 
additional local settings (e.g., number of cores).


‣ Produces regular checkpoint files (.pt), as well as 
training history information.



Training
Network configuration

• Specifies architecture and size of the NN


• Currently supported: spline flows, flow matching, 
score matching


• First embedding net layer is initialized with SVD 
(computed automatically).


• Extension to new architectures is straightforward 
(requires modification of Dingo code)



Training
Training plan

• Specifies training configuration (epochs, batch 
size, optimizer, learning rate schedule)


• Training stages


• Stage 0: use fixed ASD per detector.


• Stage 1: use multiple ASDs per detector. 
 ASDs could cover an entire observing run 
 Learning rate should be reduced (~0.1x)


• Training stages may also be used without 
changing the ASD dataset

→
→



Inference
Overview

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


• Two options for inference:


‣ Sampler API — useful for injections, experiments


‣ dingo_pipe — based on bilby_pipe 


• After inference, typically importance sample to true posterior.



Inference
Sampler API

1. Load model using PosteriorModel class


2. Place model in GWSampler


3. Prepare injection and place in sampler


4. Execute GWSampler.run_sampler()Injection as dict



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


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



Inference
dingo_pipe

• Automates inference tasks, including downloading of GW data. Specified by 
INI file:


‣ Job submission


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


‣ Data generation: specify GPS time, point to frame files (or gwosc), point 
to PSDs


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


‣ (Optional) Make corner plot and diagnostic plots for importance 
sampling


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

Most settings (detectors, 
etc.) are taken from the 

Dingo model.



New feature
Multi-banding

Much more efficient waveform representation.



Interactive tutorial

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

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

