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Overview

1. Data integration and sensor fusion



Fusion plasmas: a hard measurement problem
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the plasma state is
needed now, with its
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Data integration

Magnetic
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Prior knowledge:

physics, smoothness Physics studies
l (off-line)
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@ Data integration (off-line) <+ sensor fusion (real time)
@ Application areas: aerospace, autonomous driving, medical imaging,
radio astronomy, ...



Digital twins

Physical asset Digital twin
Data integration: diagnostics —
Bayesian inference — plasma state
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Video fallback (mp4)
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pulse design and plasma-facing components



Bayesian inference: the framework

Bayes’ rule: p(0|d) o p(d|0) p(0) posterior « likelihood x prior
Data shrink the uncertainty: broad prior — narrower posterior, pulled towards the data

___________________________________________________ >

Prior p(6) Likelihood p(d | 0) Posterior p(6 | d)
Narrow
X o -~ Likelihood
Broad Prior _

>

0 0
Degree of belief before the How probable are the mea- Belief after the data: a com-
data: physics, previous sured data d if the model

promise between prior and
data, narrower than either

measurements, smoothness

has parameters 6? (for-
ward model + noise)

Likelihood: data vs. model Bayesian computation: getting the posterior out
d| Model f(x;0) Linear model, Otherwise, Or approximate Or learn it:
""""""""" Gaussian prior: sample it: it: variational neural-network
Other 6 analytic posterior, Markov chain inference, fast surrogate,
> X one matrix solve Monte Carlo; but approximate milliseconds
p(d|6): how well the predic-

exact, but slow
tion for 6 fits the noisy data



Gaussian process priors for spatial correlation

@ Local quantity € (emissivity, current density,

Me, ...) on a grid of n pixels Prior on one pixel p(e;):

mean };, variance oy

@ Gaussian process (GP) prior: a continuous, SXR cameras
multivariate normal: /\

ple) = N(peo Zeo),
2
(Zeo)ij = k(ri, 1’]') = 0_f2 exp [_HT‘Z—T']H]

@ Two hyperparameters: amplitude o and
correlation length 0y (smoothness)

€i

@ Linear forward model + Gaussian likelihood
— Gaussian, analytic posterior:
fast tomography with uncertainties

Pixels i with emissivity €;; neighbours
within ~ ¢ correlated through k(r;, ;)



Gaussian processes impose smoothness

Squared-exponential kernel

Correlation with one pixel

1.01 Correlation length 07 = g cm
0.6
0.8 2 0.4
o k(r) = o} exp (—2:7_)
<
= 029
= 0.6 -
£ E 00
= N
g 041 021
o
—0.4
0.2
06
0.0 T T T T T
0 20 40 60 80 2.00

Distance between pixels r (cm)

225

250
R (m)

275

3.00

0.0

Random image from the prior

Emissivity (a.u.)

2.00

225

250
R (m)

@ Correlation length oy: how far a pixel ‘’knows” about its neighbours

@ 0y, 0y: hyperparameters to be inferred
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Overview

2. Bayesian data integration at WEST
@ Equilibrium and kinetic profiles



The current-beam model

@ Plasma current and poloidal o
field coils: grid of toroidal
beams

Vacuum vessel

/ (torus sector shown)

Biot-Savart (pre-computed):
Bj =Y, gjii atcoil j

@ Each beam carries uniform
current J;

@ Field and flux linear in beam
currents (pre-computed
Biot-Savart resp Onse) Pick-up coils outside the vessel:

B measured by small pick-up coils

@ Iron core segments:

free currents
. Toroidal current beam i
@ Coils: known currents (uniform current J;)



Model definition

Model quantities Magnetics Linear forward models

Current densities

Plasma J,, (GP) ]

> dpu:GguIP+G}I)Cu]IC+G}§u]C+€

[ Iron core Jic (GP) ] dﬂ:Gng+...+€

[ Coils Jc (known) ] dse = GE. Jp+...te

lBiot—Savart Orange: inferred; grey: known input
€: measurement noise

Magnetic equilibrium

7> (R, Z), flux surfaces

1
! seometry dint = Ly ne + € Line integrals
Y
Kinetic profiles
dyo) = Pyne+e€ neB) dI (Faraday)
‘ ne(®), Te(y) pol = Pyriete Jnehy Y

dpcg = Eyp T + € Resonance ¢ B(R)

' Grad-Shafranov
- force balance
| (soft constraint)




Equilibrium and kinetic profiles

6 — Reconstructed
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Synthetic test: flux surfaces, Ppol
prior band vs. posterior and truth WEST pulse: 1. and T, profiles with 0, £20 bands

J. De Rycke et al., J. Instrum. 21, Co4064, 2026; EPS 2026
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Comparison with NICE and VacTH

. . nfe -dri ft djustment
@ NICE: WEST’s Grad-Shafranov - = NICE driven afer scjustment
12 mmm Original NICE reconstructions

equilibrium code

@ VacTH: independent boundary
reconstruction from toroidal

RMSE (cm)

harmonics
° Bayesian X-point Closer to Shot 59900 Shot 60000 Shot 60001 Shot 60730 Shot 60740 Shot 60750
VacTH than NICE RMSE of X-point position vs. VacTH

(RMSE ~ 1 cm)

J. De Rycke et al,, J. Instrum. 21, Co4064, 2026



Overview

2. Bayesian data integration at WEST

@ Soft X-ray emissivity and tungsten concentration



Impurity transport: soft X-ray tomography and tungsten

o Tungsten (W) from wall
radiates strongly: key quantity
to monitor

@ SXR tomography with GP
priors: 2D emissivity +
uncertainty

@ + interferometry 4+ ECE —

joint posterior over (cw, te, Te)
by MCMC

@ Validated on synthetic and
real data (WEST, HL-2A)
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Tungsten: truth and posterior mean (two GP kernels)

H. Wu et al., Plasma Phys. Control. Fusion 67, 085001, 2025
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Overview

3. Accelerating inference



Markov chain Monte Carlo: exploring the posterior

Posterior p(0| d) and the random walk Marginal posterior from the samples
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Parameter 6; Parameter 6;

Video fallback (mp4)

@ Nonlinear forward models — non-standard posterior
@ Sample posterior with random walk

@ 10*-10° evaluations for a converged chain: hours per pulse for tomography



Routes toward real-time inference

From hours to milliseconds

Neural-network Variational Full Bayesian
surrogate inference MCMC on CPU
~ms (after training) ~1 min ~1 h per pulse
t t t f t t _—
1ms 10 ms 0.1s 1s 10 1 min 10 min 1h 10h
Real-time control (ms to s) Between pulses / off-line (min to h)

Vectorised + GPU (JAX)

Time per analysis (log scale) 2.8x faster, same posterior



Variational inference: optimisation instead of sampling

Posterior p(6 | d) and Gaussian q(6)

Optimisation instead of sampling

Marginal: fast, but approximate
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. TO7MUELS3 . Gaussian q(61)
=2 05
3 5 —4 2
o ‘s 0.4
T 2 a3 5
2 =6 -1
g g2 £o03
£ ! 3 s z
& 2 £
0 [ £o02
-10
-1
1 01
2 ELBO = —KL(q] p)+ const
, —14 . . , , 00 , , , .
—4 -2 0 2 4 100 200 300 400 —4 -2 0 2 4
Parameter 6; Tteration Parameter 6;

Video fallback (mp4)

@ Optimise tractable q(0) (e.g. Gaussian): minimize KL(q || p)

@ Gradient steps vs. random walk: minutes vs. hours
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Learning the whole inference chain

Training (off-line, once): learn the map from data to posterior profile

Samples from the prior Synthetic measurements Neural network
ne(p) (line-integrated density) data — profile
Prior n, profiles Synthetic line-integrated density
]
]
L]
[ ]

Targets: the sampled profiles (regression loss)

. M d dat:
Deployment (real time): ‘ (WES;ai;ltl::feroiniter) }~ - - | Trained network

Inferred ne profile vs. reference (NICE)

@ Trained entirely on synthetic data from prior and forward model

@ Replaces whole inference chain

H. Wu et al., J. Fus. Energ. 43, 9, 2024
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Overview

4. Bayesian experimental design
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Which sensors do we really need?

@ Design #: e.g. number and position of sensors (before measurement)
o Utility = information gain:

p(0lx,n, 1)
Uy (x, 7 /p (6]x, 1, )logip(ﬂﬂ) de

@ Expected utility = mutual information (MI) x vs. #:

— [ plxln, 1) U, 7) dx

@ Gaussian linear model — Bayesian D-optimality:
1 X

|Zprior|
@ Reconstruction quality evaluated with predictive density (NLPD) and RMSE
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Greedy sensor removal

: Check
cor sot S Score each candidate P ke i accuracy
Sensor set S — Remove the least of key .quantltles
(start: all sensors) EU(S \ {s}) informative sensor s* (position, X-
point, gaps)
| Target
Target still met: repeat with S\ {s*} not met

Stop: final layout
(accuracy target
no longer met)

@ One sensor at a time: the one whose removal costs the least information

@ Control-relevant quantities (plasma current, position, X-point, gaps)
monitored at each step

@ Repeated over many pulses — layout robust to plasma scenario
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Sequential coil removal

Pick-up Coil System on WEST Tokamak

®  Pick-up Coils
®  Dropping coil

Mutual Information
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Click image to play (555s)
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WEST pick-up coil optimization

Shot
- 60000 60001 - 60740
1.00 1 I 50000 WEE G070 W GOT50

)
I
=
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I, Z, R. X-point

Error on inferred quantities after removal

@ Greedy removal (similar results with genetic algorithm)
@ Marginalized over 6 WEST pulses
@ 1/3 of pick-up coils can go:

o I, within 0.5%

e Centroid and X-point within 0.5 cm

Y. Zhang et al., Plasma Phys. Control. Fusion 68, 065038, 2026
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Overview

5. Conclusions and outlook
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Take-home messages

@ Bayesian data integration: one probabilistic model for all diagnostics,
with uncertainty on every inferred quantity

@ Gaussian processes: flexible priors, analytic posteriors for linear problems
@ Validated at WEST: equilibrium, kinetic profiles, impurity concentration

@ Toward real time: vectorisation and GPUs, variational inference,
neural-network surrogates

@ Bayesian experimental design: fewer sensors, same information

@ Applications in many other scientific areas

28



@ Open software suite for Bayesian and ML-based data integration
@ Benchmarking of acceleration strategies against full posterior

@ Bayesian 3D equilibrium reconstruction

@ Uncertainty propagation to actuators and controllers

@ Diagnostic design for next-step devices

29
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