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Problems with modern large scale 
scientific experiments.

Drowning in data?

Solutions: Better data aquisitionsystems, databases etc.

Drowning in complexity.

Solutions: ?



How is scientific inference currently  
handled?
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A top-down view on our inference 
problem.
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The Minerva analysis infrastructure
SςPhysics state {ne, Te, B etc}
NςNuisance parameters
DςData from one/mult. diagnostics
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...

Minerva

ÅA fully modular inference infrastructure (separating diagnostic 
models/combinations, physics assumptions, inversions, forward models etc)

ÅBased on Bayesian Graphical Models
(handles modularity of complex pdf:s)

ÅHandles all dependency management (keeps track of every single 
parameter/option that can change), so user

never needs to think about data flow, this also makes automatic caching 
possible.

ÅCan fully declare a scientific model in a complex experiment.

ÅWritten in Java

ÅMachine independent
(used at JET, MAST, W7-X, H-1?)



ÅA combination of graph theory and probability theory.

ÅMakes it easier to handle complex probabilistic systems (like our systems!).

ÅNodes represent variables: stochastic or deterministic.

ÅEdges represent dependencies

p(a,b,c)=p(a|c)*p(b|c)*p(c)

Probability Engineering:
Bayesian Graphical Models: 

p(a,b,c,d)=p(d|c)*p(c|a,b)*p(a)*p(b)
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KG1 (interferometry)

KG10 (reflecometry)
KE3 (LIDAR)

...

Minerva
Example graphs

Magnetics ,PF
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-> Can be used for understanding a diagnostic/
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experimental planning etc

Minerva
Prediction



Minerva
Inversion

MAximum Posterior

Markov Chain Monte 
Carlo

Linear Inversion

...others

Model Description/
Definition Model Inversion

Gradient Descent
Conjugate Gradients
Coordinate Descent

Hooke & Jeeves
Nelder-Mead

Genetic Algorithms
...

Random Walk
Independent Chain
Adaptive step size

Adaptive covariance
...

Automatically finds 
linear coefficients. 

Produces full 
posterior.

Drop in



Extract temperature from Doppler broadening of spectral line:
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Bayesintro: An inference example



BayesTheorem
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Inference on toroidal current distribution
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ÅJ Svensson, A Werner, Current Tomography for AxisymmetricPlasmas, Plasma Phys. Control. Fusion50No 8, 2008
ÅG von Nessiet al, forthcoming
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Maths for current tomography
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Prior: Multivariate Normal over free currents

(prior covariance imposes e.g. smoothing between nearby beams)
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Likelihood: Gaussian noise
CIMD +=

Pred

Ý Posterior: Multivariate normal over free currents
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where

Forward function:

MAP

(MAximum Posterior)



ne with uncertainty in mapping
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