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Tarantola’s  approach  to  Bayes:  
Conjunction  of  states  of  
information	


Prior  *  Likelihood  =  Posterior	




Ø  Explicit  modeling  assumptions	

Ø General  framework  for  non-­‐‑linear  
problems	


Ø Handles  uncertainty  in  a  natural  manner	

Ø  Embodies  Occam’s  razor	

Ø Given  enough  data,  priors  don’t  maNer	

Ø  Priors  are  objective  (non-­‐‑informative)  or  
subjective  (informative)  and  sometimes  
improper	


The  essence  of  Bayesian  
inference	




Ø Assume  Gaussian  distributions  and  
linearity  à  Explicit  expressions	


Ø  Sampling  the  posterior  directly  
(Neighbourhood  Algorithm,  
Metropolis-­‐‑Hastings)	


Ø  Sampling  the  prior  and  predict  the  
posterior  (Neural  Networks)	


The  technicalities    
of  Bayesian  inference	




Ø  Subjective  prior  and  sampling  the  
posterior  (Neighbourhood  
Algorithm,  Metropolis-­‐‑Hastings)	


Ø  Informative  prior  and  sampling  of  
the  prior  only  (Neural  Networks)	


Our  pragmatic  approach  
to  Bayesian  inference  
à  The  inference  is  relative:  
knowledge  gained  from  data  
is  added  to  prior	




Minimize	

	

	

which  gives  a  least-­‐‑squares  solution  for  the  most  
likely  (mean)  model  together  with  the  posterior  
covariance	


Explicit  expressions  using  Gaussian  statistics	

(e.g.  Tarantola  2005)	


Anisotropic  phase  velocity  maps  
(Visser  et  al.,  2008)	






Perturbations  are  typically  100-­‐‑250  m/s  from  PREM  	


0ψ	


2ψ	




Neighbourhood  Algorithm  (Sambridge,  1999)	


Stage  1:  Guided  sampling  using  Voronoi  cells.  	

	
For  each  sample  the  likelihood  is  evaluated.	


	

Stage  2:  Importance  sampling  (Gibbs)  of  the  	


	
posterior  using  the  Voronoi  approximation.	


Seismic  models  from  
probabilistic  tomography  
(Mosca  et  al.,  2012)	






Metropolis  -­‐‑Hastings	


Using  100,000  thermochemical  models  sampling  
variations  of  T  (2300-­‐‑4800K),  Pv  (60-­‐‑100%),  Fe  
(0-­‐‑20%),  Al    and  Si  (0-­‐‑15%),  together  with  Perplex  
(Connolly,  2009),  we  match  the  seismic  pdfs  at  
each  point.	


Thermo-­‐‑chemical  structure  from  
probabilistic  tomography  
(Mosca  et  al.,  2012)	






Neural  Networks	


Earth  structure  or  
source  parameters	


Travel  times,  free  
oscillations  or  waveforms	


A  set  is  generated  from  the  prior  distributions  to  train  
the  neural  network  parameters.  Once  trained,  the  
network  predicts  the  marginal  conditional  probability  
of  a  chosen  parameter  given  the  real  observation.	




Monte  Carlo  versus  
Neural  Network	


MCMC	
 NN	

probability  space	
 joint	
 marginal	

sampling  space	
 posterior	
 prior	

assumption	
 n/a	
 smoothness	

misfit  function	
 required  

(likelihood)	

n/a	


interpolation	
 n/a	
 general	

zooming  around  
high  likelihood	


yes	
 no	


tuned  to  specific  
data	


yes	
 no	


tuned  to  specific  
model  parameter	


no	
 yes	


repeatability	
 no	
 yes	




Prior  models	
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