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Crucial and case dependent.
But before that...
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Example

Fiducial model: Y ~  Gaussian(,)

Priors:  -2.0 <  < 4.0  and  0.1 <  < 5.0

Distance:  

Y

11.2

15.3

200.0

0.5

14.3



  

Example: distance preview



  

Example: particle system evolution

http://cosmoabc.readthedocs.org/en/latest/

http://cosmoabc.readthedocs.org/en/latest/
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For z and 

 +  total number of objects

Distance

http://cosmoabc.readthedocs.org/en/latest/
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See frames in the pdf arxiv (open with Adobe Reader)
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Summary

✔ Good alternative when likelihood is not available.
✔ Becomes more attractive with faster simulations. 

✗ Definition of distance function/summary statistics

Promising perspective Promising perspective 
as it gains momentum as it gains momentum 
inside the astronomical inside the astronomical 

community! community! 



  

Thank you!



  

Examples of ABC application

...The obvious class of problems is population studies that use population 
synthesis (i.e., simulating an astrophysical population). The earliest work I know 
of using ABC-like ideas is a thread of papers from the late 1990s/early 00s by 
Zaven Arzoumanian, David Chernoff, and Jim Cordes, using population 
synthesis (including Galactic orbital dynamics) to simulate the pulsar population 
in order to constrain the initial kick distribution. If you do an ADS search on 
Arzoumanian and Chernoff you'll find the string of papers. It culminated in this 
paper, which has had a big impact:

The Velocity Distribution of Isolated Radio Pulsars
http://adsabs.harvard.edu/abs/2002ApJ...568..289A

Tom Loredo, ASAIP Bayesian forum

http://adsabs.harvard.edu/abs/2002ApJ...568..289A


  

Examples of ABC application

The hidden Potts model (used, e.g., in image segmentation
Algorithms). 

The model is easy to write down
statistically in terms of a simple relationship between adjacent
pixels, and it's easy to Gibbs sample from pixel-by-pixel at a fixed
temperature (for which the normalization constant is unnecessary), BUT
to perform inference of the temperature parameter too we need the
proper likelihood which requires computation of the normalization
constant (a sum over a huge combinatorial space) at each given
temperature. When the image size is above ~1000x1000 pixels we simply
don't have the computational power to make this calculation multiple
times (as for an MCMC algorithm) so we consider the likelihood
Intractable.

See section 4 of http://arxiv.org/pdf/1403.4359.pdf

Ewan Cameron, private communication

http://arxiv.org/pdf/1403.4359.pdf
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