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Problems with modern large scale
scientific experiments.

Drowning in data?

Solutions Better dataaquisitionsystems, databases etc.

Drowning in complexity.

Solutions ?



How Isscientific inferenceurrently
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A top-down view on our Inference
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The Minervaanalysisnfrastructure seed

Minerva

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

ABased on Bayesian Graphical Models
(handles modularity of complgxdf:s)

AHandles 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 WZ}
possible.

AcCan fullydeclarea scientific model in a complex experiment.
AWritten in Java

AMachine independent
(used at JET, MAST, W7H17?)

observa...
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Probability Engineering:
Bayesian Graphical Models:
AA combination of graph theory and probability theory.
AMakes it easier to handle complex probabilistic systems (like our systems!).
ANodes represent variables: stochastic or deterministic.

AEdges represent dependencies

p(a,b,c)=p(alc)*p(b]c)*p(c)

p(a.b,c.d)=p(dic)*p(cla,b)*p(a)*p(b)
-

N
"D Generally  P(N,n,, N, ) = O p(n | par(n))
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Minerva
Inversion
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Definition Model Inversion



Bayedantro: An inference example

Extract temperature from Doppler broadening of spectral lin
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BayeslTheorem

R_pm 2= 2dIDp(D)

p(d)




Inference orntoroidal current distribution

CT magnetics
2 Pulse No: 75050, t=62s
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Maths for current tomography

Forward function: D' "= M| +C
Likelihood: Gaussian noise
(0" 1) =—————expt- Z(Mi +C- D")'So (M1 +C- D"™)
(Zp) Np/2 SD

Prior: Multivariate Normal over free currents
(prior covariance imposes e.g. smoothing between nearby beams)
=-1 _ __

py=— 1,2exp<-§<l‘ m)TS (- m))
(2p)™"2[s

Y Posterior: Multivariate normal over free currents
MAP

(MAximum Posterior)

— —Ma 1_ _ =-1 _ _
p( |D" )= ——exp- Z(1-m'S (I - m)
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n, with uncertainty in mapping
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