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7L Data in fusion: a challenge in itself

® Tokamaks are one of the most complex system in nature...

® Massive amount

of data (Big data -
2PB/day at ITER,
high bandwidth
diagnostics)

" High-dimensionality
(many diagnostics
measuring various
plasma properties)

" Multi-scales, multi-
physics (integrated
tokamak modeling)

® Heterogenous (various
formats, facility dependent
m Swiss data ecosystem)
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=PFL Advancing fusion by leveraging Al and ML

® Assisting experimental
design, large dataset
discovery exploration

Scientific

® Reduced &

Surrogate Vodel " Information

models reduction Boosted extraction,

diagnostics .
data fusion

" Plasma state ® Disruptions,

H H . Data- H
monitoring & Rea|-tm?e e transient
control contro prediction events
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£PFL Control augmentation in modem Plasma Control Systems

REF: [F. Matos et al. NF 2020]
. . REF: [F. Matos et al. NF 2021]
= M agn etic contro | via DRL REF: [G. Marceca et al. NeurlPS 2021]

REF: [FJ. Degrave, F. Felici et al. Nature 2022]

= plasma state monitoring and ..... N T
forecasting for control EvenT DeTecTioN
augmentation

Deep learning models

* lLongterm
dependencies in
confinement state
temporal dynamics

= Detection of off-normal events to
react with specific control tasks in
real-time

= Proximity to operational limits
REF: [Pau et al IEEE-TPS 2018
REF: [Pau et al NF 2019]

Tokamak

i Bicnosno ...combination & integration of:
SN

= Physics-, model- & ML-based

[ Plasma Control System ]47 approaches
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=PFL Event detection and plasma state classification

" Plasma confinement states [ =Low; D=Dithering; H=High]

SXR core (au)
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time [s]
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Plasma thermal energy

LHD phases from validated-labeled file
A total of 138 ELMs were found in the loaded data
A total of 249 ST_MDs were found in the loaded dat

Zl Time [s]
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ﬂ:{) An experiments have potentially hundreds of events....

® Plasma can evolve in one of several
possible confinement states (typical
categorization in | =Low; D=Dithering;
H=High).

" By applying sufficient heating power, the
plasma spontaneously transitions from a
low to a high confinement state

" H-mode: improved energy confinement
state with reduced particles and energy
transport outwards formation of an edge
transport barrier (ETB) and a cyclic MHD
instability called Edge Localized Modes

(ELMs). \
H-mode
[y _ profile
., Transport |
L-mode . barrier
profile  *
o
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Machine Leaming foundations

How can we formulate
a control problem
leveraging ML?
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=P'L  Formulation of the learning problem

: trigger for the
Unknown target function detection of a

fi X oY generic event

Training examples ﬁ

D: (x1; }’1); (XZ, )’2); ey (xNi yN)

Learning
Algorithm

A

Historical data from experiments

~| Final Hypothesis
(g=f)

Learned model for
event detector

Hypothesis Set
H

Plasma Bag of candidates models

Center

APau =~
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=P'L  Formulation of the learning problem

Learning
Algorithm

Bag of candidates models

Hypothesis Set
H

Simple generic linear hypothesis: %
Functional form h(x)

d
h(x) = sign zwi-xi + 1 °
i=1

Linear decision boundary
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=P'L  Formulation of the learning problem

Learning
Algorithm

Bag of candidates models

Non-linear decision
boundary

9
s
©
o
<
o
<
[
1S
©
X
C
2
—
5]
c
2
S
©
@
o
O
°
S
©
°
=
S
S
O

Hypothesis Set

H
-4
Simple generic linear hypothesis: i P % »
Functional form h(x) et ¥
Oowy e
d LA
. o] ~\\
h(x) = sign E w;x; |+b o _ %
=1 ©o o \\
o] : X5 05 05
X4
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=PrL

Fun

Formulation of the leaming problem

ctional form h(x) -> perceptron

d
h(x) = sign ZWL- -x; |+ b
i=1

If the problem is linearly separable:
« Setofw= (wy,w,,..,wy),and b
such that h(x) =y is satisfied for all

train

ing samples.

Iterative procedure:

Il Swiss
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w(t+1)=w(t) +y(t) - x(t)

D: (xly 3’1); (XZ, }’2), ey (xNI yN)

Training examples

Linear decision boundary

=
o
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=PrL

Training data

D: (xll Y1); (xz, }’2)» ey (xN' yN)

Batch Learning:

« training on a fixed dataset entirely
available to the learning algorithm,
with model's parameters being
updated after each iteration through
the data.

» typically more computationally
efficient, but less flexible to adapt
to new data distributions.

Il Swiss
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...Type of leaming: Supervised Leaming

Active learning:

« the learning algorithm is able to interactively
guery an information source to obtain the
desired outputs on new data points (most
informative data points to learn from)

« often used when there is a limited amount
of labelled data available: selecting which
data points to learn from, the model can
learn more effectively and efficiently.

Online Learning:

« the algorithm receives one example at a
time, with model’s parameters being updated
incrementally as new data comes in.

« Useful in case of limitations on computing
and storage

[y
[y
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=PrL

...1ype of leaming: Reinforcement Leaming

Reinforcement learning:
* an “agent” learns to make decisions by
continuously interacting with an environment and

o receiving feedback in the form of rewards or

(input, output, reward/penalty)| « The goal of reinforcement learning is to learn a

Il Swiss
Plasma
Center

“policy”, which is a mapping from states to

actions, that maximizes the cumulative reward the

agent receives over time.

« Training data consists of sequences of states, actions, and rewards.

« Learning by trial-and-error, where the agent takes actions, receives rewards,
and updates its policy based on the observed rewards until convergence to an
optimal solution

=Y
N
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=rL __.Type of leaming: Unsupervised Leaming

Unsupervised Learning:

« useful to discover patterns or structure in the
data, with no labelled data. The learning algorithm

o task is to identify structure in the data, such as

Training data grouping similar examples according to a well

defined metric.
(xg,...), (x5, .0), o, (Xpy, o) —

« Some common unsupervised learning techniques:

- » « Clustering: grouping of similar examples into

‘2,:32.«':-, @«: clusters,

R R . Sape o « dimensionality_reduction: projection of the

. W S data into a lower-dimensional space while
S s, .-.',,,"‘ﬂ o preserving as much of the structure of the data
. *b. ¥ ) as possible

J .‘::‘;' b - e « anomaly detection: identification of examples

that are significantly different from the majority

W Swiss of the data (...novelty detection).

Plasma
Center
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=PrL - |..Typical Machine leaming workflow

® Massive volume of data

IMAGE PROCESSING

| REGRESSION |
| PROB. ESTIMATION |

TIME SERIES FORECASTING

" High-dimensional; P — &
) |
=
| REINFORCEMENT ] =~
| @ B
: LEARNING : AGENT ENVIRONMENT
" DATA PREPARATION | Rttt b | I
] | MACHINE LEARNING MODEL 1| PLASMA CONTROL & SIMULATORS
DATA " i I
PROCESSING : | | UNSUPERVISED LEARNING ] DATA VISUALIZATION
I | . '
- |  |[LDATA/DIM-REDUCTION | |, PATTERN RECOGNITION
EATURE ||:: |
EXTRngION : | CLUSTERING GENERATIVE MODELS
ENGINEERING ! '
I : ﬂ ANOMALY DETECTION
|
————————————— 1 1
 Human | : | SHEERMISEDLEARNIRS EVENT/OBJECT DETECTION
1
A i ! CLASSIFICATION
L l | I
|
|
|
|

® Heterogenous

" multiple timescales
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=PFL ML foundations: fitting/training a model

Unknown target function
f:X-Y

Model fitting, or training:

 Learn the unknown target function describing the mapping f(x,0) — y

« find the set of parameters 8 that best describe the mapping between the input
and output variables in the data.

« A good fitting enables the model to generalize from the training data to new,
unseen data.

» The quality of the model fit depends on a number of things:
* choice of model;
« quality of the input data (and labelling in supervised settings);
B Swise « choice of optimization algorithm used to fit the model.

Plasma
Center
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=P7L When leamingis feasible...

=

Training examples

D: (x1,¥1), (x2,¥2), o, Xy, YN)

Unknown input

Historical data from experiments

Learning
Algorithm

A

Hypothesis Set
H

Bag of candidates models

Il Swiss
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: Final Hypothesis

trigger for the distribution
Unknown target function | ,.icction of a p (x)
f: X->Y generic event ﬂ
< le, ey xN / X
g(x) = f(x)

g=f1)

Learned model for
event detector

Hoeffding Inequality upper bound

P([E;nh(x) — Epyh(x)] =€) < 272N forany e >0

=
-]
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=PFL  When leaming s feasible

Hoeffding Inequality upper bound
P([Eiph(x) — Eyyeh(x)] = €) < 2e~2€°N  for any € >0

Unknown input

distribution
P(x) ﬂ_
4 _ h is fixed before generating
X1y ey XN H =1, hu} > g the dataset, g is our final
| hypothesis given D
4 I
g(x) = f(x) P([E;nh(x) — Epyh(x)] = €) < 2Me™2€°N forany € > 0

l

Vapnik-Chervonenkis (VC) dimension: measure of the complexity of a learning problem.

* used to derive bounds on the generalization error of learning algorithms, and to
B Swiss compare the expressive power of different families of functions or models.

Plasma
Center
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=PrL

% *
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00
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Underfitting

Overfitting

Low bias

High bias _ :
High variance

Low variance

Test error
generalization

Error

~ . Training error
Optimal point._ + =
Tl

—
—

T o —

Model capacity or complexity

Il Swiss
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Underfitting and Overfitting: bias/variance trade-off

0 is a “point estimator”
(predicted “target”)

Bias[@] = E[@] -0

E|[8]is evaluated over
the training sets

Var|6]| = E[6?] — (E[6])?
Var|8] = [(E|8] — 8)?]

=
>
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EPFL  Underfitting and Overfitting: bias/variance of the squared eror
true function f
BiaS[f(x)] = E[f(x)] — f(x) Yz f(x) T~ noise error ¢ with mean 0 and variance c?2

Var[f(x)] = [E[f ()] = F(x))?] ﬂ true target (label) y

Error on unseen training data x
Err(x) = E[ = £
ﬂ model learned f

Bias/variance decomposition of the squared error [derivation]
Err(x) = (Bias[f(x)])? + Var|f(x)] + &2

Irreducible error

How far the learned model Changes when the

W Swiss is from the true function model is trained on
Cantor different data samples

Center

[y
0

A.Pau
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https://en.wikipedia.org/wiki/Bias%E2%80%93variance_tradeoff#Derivation

=PFL  Underfitting and Overfitting: bias/variance trade-off

« Classical machine learning operates  Modern machine learning operates
in the under-parameterized regime in the over-parameterized regime

Over-parameterized
regime

Under-parameterized
regime

Error

Test error

~ ;I'rilnlng error

i

" Interpolation threshold

—
— NN NN =

Model capacity or complexity

Phenomenon known as: “double descend”
|  Model-wise double descend
o e  Epoch-wise double descend

Center
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=PFL ML foundations: fitting/training a model

Model fitting, or training:

« Learn the unknown target function describing the relation f(x,0) — y

« find the set of parameters 0 that best describe the mapping between the input and
output variables in the data.

« Given the input data D, solve a optimization problem in terms of minimization of a
objective or loss function

Training examples Loss function

—~~

D:X1,X5, ..., Xy 0 = argmin L (D|0)
g

« We call inference the procedure with which we quantify the uncertainty or
W Swiss confidence in the estimate

Plasma
Center

N
=
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=PFL ML foundations: linear neurons & Perceptron

bias term m
Inputs y=o (Z Wi * X;

) ) =1
Activation

Wy function D: (x[l],y[l]), (x[z],y[Z]), (x[N],y[N]) € jRm

@W) O y

output E A

Net input
Wm

weights
Convex loss function

L(w,b) = z (;7[7] _ y[j])2

>+b =o(x"w + b)

_ J
Il Swiss
Plasma
Center
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=PrL

ML foundations: leaming « modes »

On-line mode;

m
Learning faster but more noisy (shuffling y=o z wi-x; | +b | = o(xTw + b)
each epoch) .

=1

Batch mode:

Slower but less sensitive to noise D: (x[llly[l]), (x[z]:y[z])» (x[N]»y[N]) € R™

Mini-batch mode (typically used in DL)

Il Swiss
Plasma
Center

— 2
In between the previous two: with respect to Lt Lwb= z ()’U] - y[j])
batch settings, the update is done for each J
“mini-batches”.
Vectorization
Less noisy than online-mode & learning
faster than batch

Other training paradigma:

« Stochastic Gradient Descend (SGD)
« Batch Normalization (BN)

N
w

A.Pau
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=PFL ML foundations: fitting/ Gradient Descent (GD)

L ? too small learning rate «
adaptive learning rate «

L1 /

k 4

/ 7

[ %+ toolargelearning rate a
>

Wi

Convex Loss function

o Lw,b) = z (ﬁ] _ y[j])z

Plasma

Center J

Wi

\ 4

nN
I
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Machine Leaming foundations

Fit/Train of ML
models...

ation of Tokamaks  A.Pau
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=PFL ML foundations: fitting/training a Perceptron

bias term m
y=o (ZWi-xi>+b =o(x"w+b)
Activation =1
Wy function Given atraining set:
A . 1 1 2 2 N N
e} 9 D: (211, y[11), (212, y121), ., (M, y[NT) € ym
output
Net input

W On-line mode with Stochastic Gradient Descent

1. Initializew,b

weights 2. for every training epoch:
Inputs 1. forevery (xUl,yUl)in D: (or over mini-batches)
Convex |oss function 1. yUl = o(w'xUl + b) compute prediction
L(w,b) = z ( Ul — [j])2 = . .
o Swice ’ . y y 2 VW,bL = (y[]] — y[]]) . x[]] (Wlth X[O] = 1f0r b)

Plasma j)

Center 3 wb=wb+a-(-V,,L) (aisthelearningrate)

A.Pau
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=PFL ML foundations: Linear Regression (Least-squares)

bias term m E;
y=('5 ZWi-xi + b =G(xTW+b) g
Activation =1 S
1) function Given a training set: g
N A +[1] ]2 2] [2 N] [N
G 5 D (el yl), (121, y12T), . (xIV, y M) € e
output
Net input
Wm Optimization problems with Least-Squares
weights « We have to fit basically a linear regression model

 Analytical solution (normal equation): w = (X7X) X7y

Inputs

« Sometimes matrix inversion computationally expensive (large
datasets)

Il Swiss

Plasma * We can learn this parameters iteratively, fitting neural networks...

Center



=PFL ML foundations: Linear Regression (Least-squares)

bias term
Inputs | | | |
On-line mode with Stochastic Gradient Descent
N 1 — -\ 2
e | or _ asm))
Wl ’ an' B aWi

O y
output

Net input
Wm

weights

Convex Loss function

£Lw,b) = 5 z (MSE)

Il Swiss
Plasma

Center =o(xTw+ b) (prediction)

A.Pau
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=PFL ML foundations: Linear Regression (Least-squares)

bias term
Inputs
P On-line mode with Stochastic Gradient Descent
Activation or 6(%21-(31’[7]—31[1'])2)
»: function 1. =
1 ow; ow;
g 1 1 . a2
O y oL 6(5 3 i2-(o(wTxlil)—ylily )
output 2. =
. an' an'
Net input
Wm (chain rule for f(c(h(w))) f=(c—v)?
weights of(cthw))) _ 3f 9G  dh where o =1(h)
ow; ~ 90 oh awl h = wlxUl
Convex Loss function s aw T el
3 —Z,(G(h) —yUly. =
£Lw,b) = 5 z (MSE) ‘
_ oL _ T..[j ' [/j]
ol 4 5= 8wl - y”]) X

Center =o(xTw+ b) (prediction)

N
0
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=PFL ML foundations: Linear Regression (Least-squares)

Back-propagation (Jacobians)

On-line mode with Stochastic Gradient Descent

or O (ﬁ %,(yUl-y U])Z)

1' an' - an'
1 1 . -2
oL a(ﬁ 2 (0w =) -yl )
2. =
ow; ow;
(chain rule for f(c(h(w))) f=(—-y)?
[nput layer af(c(hw))) _ of 9G  an where c =1(h)
ow; 90 0h Ow; h = wTlxUl
Convex Loss function .
o, 3 g =5 Zj(o(h) =yl - 2 FE
Lw,b) = —z (y[f] - ym) (MSE) ' '
- 2N £ 4 25 1y (owTxl]) — ylily . xU]
Pglssns“la ’ ow; n<J y l

Center y =c(wlx+b)  (prediction)

[
=]
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=PFL Reconstruction of T, profile from TS

LSTM

LSTM

[

i

il i
gkt

I
e

H E H i H
(PO FT [T ILFa[FET [T o
(B (" () @isg (¥q ¥q €&
LSTM( time,32) LSTM(time,16 LSTM(8 LSTM(ti 8 LSTM(time,16) LSTM(time,32) .
(bsize, tine, input_ch) (bsizg,fi‘;J;) (bsize,t(imz,lsl (bsizte,ﬂ:;,)s) (bsize, tine,8) (bsize,tine, 16) Dense target_ch) 700 4
I , ) Timeuistrinuted()l 600
ENCODER DEO';DER 500 A
3
Lo 400
« Encoder-Decoder: embedding of high-dimensional 200 |
space and reconstruction in the original input space -
« Learning of short & long-range dependencies of the 100
temporal dynamics of the profile evolution; .

Il Swiss
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REF:[Cristina Venturini: Master Thesis]

Reconstruction of T, profile - Model 1da
Shot 71254, Time 0.4232 s

—— Original
—— Reconstructed

0.2

0.4 0.6 0.8 1.0
Space coordinate p

w
=

A.Pau
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=Pl Magnetic equilibrium reconstruction (LCFS)

EAST shot: 84330, time: 0.49

" magnetic equilibrium reconstruction:

* complex time-varying, non-linear, multi-scale...

* Modeling sequences with large variations in
the time scales... “attention is all you need”!

* ..one-step ahead prediction of the magnetic
field evolution in time (Last Closed Flux
Surface)

SWTB
Transformer
Block

SWTE
Transformer
Block

Sequence

Linear Embedding
Linear Embedding

Relative position

I
[
|
|
|
|
|
|
|
|
|
|
|
|
|
\

Transformer ,z N 7 =
i 2] | ® | |
5 | o i | = 1 |
= | SWTB 8 SWTB 2|1 plasma
Sequence E I Transformer 5 : t Transformer 5 i A
E i Block ﬁ i i Block 5 i ZI;)OLOO
| S0 5 |
_ A D3 RN D2 / 0
B Swiss
Plasma

Center REF:[ C. Wan, A. Pau, O Sauter et al 2022 (in review)]

Wiy
Iy
il
Il
Ny
Iy

LCFS
— target

prediction

(%3
N

A.Pau
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Machine Leaming foundations

33

ation of Tokamaks  A.Pau
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A probabilistic
perspective
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ML foundations: fitting/training a model

We call inference(® the procedure with which we quantify of the uncertainty or

—~

confidence in the estimate 8. 0 = argmin £ (D|0)
6

On a probabilistic perspective we reason in terms of Probability Density Estimation
for the joint probability distribution of our dataset D (a sample from the population)

Under i.i.d assumption (training examples sampled independently and identically
from the population representing the input domain D):

N N
p(D|0) = np(yn|xn, 9) LL(D[0) £ logp(D|6) = Z P nlxn, 0)
n=1 =

n=1

Therefore the optimization problem can be seen as maximizing a probability

0 = argmaxp (D|0)
]

inference® in the deep learning community refers to predicting p(y,|x,,, 0)

"
=

A.Pau
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N
NLL(D|0) £ —logp(DI6) = = > p(nl¥n, 6)

ML foundations: fitting/training a model

Therefore the optimization problem translates in maximizing the Log-Likelihood (LL),

—

N
LL(D|@) £ logp(D|@) = z P (Y |xn, 0) 0 = argmax LL (D|0)
g
n=1

Which can be also seen as minimizing the Negative Log-Likelihood (NNL):

0 = argmin NLL(D|0)
0
n=1

Estimating the probability density function (high uncertainty if the sampling distribution
Is small) is usually done with two common approaches:

« Maximum Likelihood Estimation (MLE)
« Maximum a Posteriori (MAP):

[
(2]

A.Pau
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=PFL ML foundations: fitting/training a model

« Maximum Likelihood Estimation (MLE): frequentist approach for estimating the
set of parameters 8 of a model by finding the values that maximize the log-
likelihood LL(D|0).

* Interpretation: LL(D|0) describes the probability of observing the data given the
model parameters 8. The likelihood function is known if data are i.i.d.
0 resulting from MLE are the most probable values given the data.

« Maximum a Posteriori (MAP): Bayesian approach for estimating the values of the
parameters 8 that maximize the posterior probability,

* Interpretation: MAP describes probability of the parameters given the data, and
allows incorporating prior knowledge about the parameters into the estimation
process. This prior knowledge is specified as a probability distribution and allows us
to account for uncertainty in the data.

Il Swiss
Plasma
Center
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=PFL  Bayesian inference

* Bayes' Theorem that describes how to update the probability of a event (or hypothesis)
based on new evidence or information.
*  What do we mean with Bayesian Inference?

Given a dataset:
D- (x[l],y[l]), (x[z]’y[Z])’ (x[N],y[N])

Likelihood Prior 0 is an unknown

Posterior P(D|O) - P(@) — " random variable
P(6|D) = (D16) - P(6)

P(D) Evidence or Marginal
* The posterior gives an indication of the uncertainty
P(Dl@) ’ P(H) about our fitting parameter @ given the data D,

- f P(D, 9/) p(e’)de’ according top the prior knowledge we have.

* Extremely powerful for online learning:

* P(0|Dy.t) x P(D1.410) - P(0]Dq.1—1)

Il Swiss
Plasma
Center
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| | ||
=PFL  Bayesian inference: event-detection problem
E 1 -‘h“- detection )
Sosl, ™ .
8 Mg flockedMote)
040 - 45 50 i} 55

* We have a RT-detector for Locked Modes
(LM - common disruption precursor:

* The detector works very well:
* It has an accuracy of 99% (correct
detection when there actually is a LM)

* It has a very low false positive rate 0.1%

* In our sampling distribution 2% of the
discharges exhibits a Locked Mode

Il Swiss
Plasma
Center

time [s]

P(D|0) - P(8)
P(D)

P(B|D) =

*  Consider the case where we run a discharge and the locked mode
detector triggers an alarm.

* What is the probability that there was actually a
locked mode?

[
€3
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=PFL  Bayesian inference: event-detection problem

5 1@ - .
@ \ detection
5
48' 0.5 R \\ ]
g i f(LockedMode)
0 - T s R TR WG A TR ST
40 45 50 55
time [s]
e We have a RT-detector for Locked Modes 0.99 0.02
(LM - common disruption precursor: _ P(detect|LM) - P(LM)
P(LM|detect) =
P(detect)

* The detector works very well:
* It has an accuracy of 99% (correct
detection when there actually is a LM)

* It has a very low false positive rate 0.1%

* In our sampling distribution 2% of the
discharges exhibits a Locked Mode

B Swiss * What is the probability that there was

Plasma

Center actually a locked mode?

?%

[
0
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Bayesian inference: event-detection problem
E ' -‘h‘.‘ detection |
5
E 0.5 F ‘\\ =
8 o o e i A fllockedMode) .
0 e L 4
40 45 50 55
time [s]
We have a RT-detector for Locked Modes 0.99 0.02
(LM - common disruption precursor: P(LM|detect) = P(detect|LM) - P(LM)
P(detect)

The detector works very well:
* It has an accuracy of 99% (correct
detection when there actually is a LM)

* It has a very low false positive rate 0.1%

* In our sampling distribution 2% of the
discharges exhibits a Locked Mode

* What is the probability that there was

Plasma

Center actually a locked mode?

?%

P(detect) = P(detect | LM) - P(LM) + P(detect | ~LM) - P(~LM)

=
o
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=PFL  Bayesian inference: event-detection problem

o - .
& \ detection
5
48' 0 5 R \\ ]
g T f(LockedMode)
0 - NI & e e RN R AR ity T s e S P A
40 45 50 55
time [s]
* We have a RT-detector for Locked Modes 0.99 0.02
(LM - common disruption precursor: _ P(detect|LM) - P(LM)
P(LM|detect) = B(detecD)
* The detector works very well: etec 2%
* It has an accuracy of 99% (correct
0.99 0.02 0.001 1-0.02

detection when there actually is a LM)
* It has a very low false positive rate 0.1%

* In our sampling distribution 2% of the
discharges exhibits a Locked Mode

B Swiss * What is the probability that there was

Plasma

s actually a locked mode? 95%

P(detect) = P(detect | LM) - P(LM) + P(detect | ~LM) - P(~LM)

0.99 0.02

P(detect|LM) - P(LM)
P(LM|detect) = P(detect) = ~0.953
0.0208

E -
[=Y
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=PFL  Event detection and plasma confinement state classification

F-]
w

A.Pau

" Deep Learning model based on a s | FIRREREERRRERERRRER |7 R R
convolutional-RNN (LSTM) g N

" Probability of the plasma of being in
a given confinement state
(accounting for temporal evolution)

[ Convinputi | [ Convinput2 | [ Convinputi1 | Conv Input n

Feature
Extraction n

Convolutions +
Max Pooling +

Feature Feature Feature
Extraction 1 Extraction 2

" RT implementation (nice example of
integration with physics-based
models in the framework of off-

Extraction 11

Control and Operation of Tokamaks

e & doruption & W - A
normal events handling & disruption 3 i)
avoidance
Sl I e B Il B B N R R T I e e Tl <l sl s
S| &5 & S EE 5L g ==
HNNNNNNNNNN$$$N¢$$ ﬁtﬁtﬁt&ﬁt
1.0 REF: [Matos et al NF 2020]
—=-Y||— PD s
E —— FIR
g0.8 — N
90.6] — P
=] Low
G0.4 Dither
High
€0.2 -
W Swiss n
Plasma 0.0 I -~ I I I I I I | I
Center 0.0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8
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=PFL  Event detection and plasma confinement state classification

UTIME MODEL:

= SEQUENCE 2 SEQUENCE MODEL:

* Model not constrained to have same
source/target resolutions.

* Decoder was extended with an attention layer to
capture larger context of long input sequences.

N
N
o
N
=1 27 windows, 300 sowrce steps
< { { \ N 'd ™\
g L R T TN 4
5
= Subseq. 1\, ,'Ms‘eq-l J \& Subseq.n )
N ! 1 i
—_ H v i
4 | Overdap=g60 T 5'"""""" }
s Encoder i B — -
[} ': \I ’,’ ‘\‘ /!
Q Convnet Convnet
< ™ | sT™
z = -
E N )
3 ,: th X ' 3, T
= 14 s ! 4
— T : — — 4 — '
f . ‘ ¥
Decoder | | Atention | : I BiE
| ™ .- ! s et
T . —1
P Ho rd
L Y | O O . VA I |
Block size =
Lot |62] . [oss[ossfmon] .. [mass] | | |techower
Il Swiss
Efr?trgf REF: [Matos et al NF 2021]

10000

1666

Multi-scale convolutional structure allows to capture
patterns at different scales present in the plasma.

processing the whole signal at once (offline) with the
ability to see at a wider contextual information.

) Conv 5x1 + BN
MaxPool 6x1 + DP
* MaxPool 4x1 + DP
MaxPool 2x1 + DP

Up-Conv 2x1 + BN

* Up-Conv 4x1 + BN
Up-Conv 6x1 + BN

— Crop and copy + DP

Conv 5x1
=  ZeroPad+AvgPool+Conv

1x1

32 186 18 3

—_ 1B} -

9984

.
[!'l L

REF: [Marceca et al NEURIPS 2021]
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=F7L  Disruptions: a complex physics picture

; REF: [P. de Vries et al. NF 2011]
Tearing Modes

Ac!:TrFr)wllJJrliet])tlion Beta Limit

(radiation) Radiaflve S212P<8, = Wide plethora of physics

Edge Cooling,, .. et id

NTM and technical cause
LOCked MOde (systems failure, etc.)
Impurity Accumulation

DenS|ty |||ﬂ;°i?mmk9dMcde = ... loss of control and

Impurity Influx potential damages to the
Technical Failure machine.
VDE N\

2 Locked Mode
0
Locked
modes Vertical

0.05 0.1 0.15 0.2 0.25 i
(MHD) Locked Mode Dlsgace{nent
ventis

0.21 0.22 0.23 0.24

Il Swiss time [<]

Plasma
Center SRR
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=L Disruption prevention in a nutshell
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-]

g
<
A I DISRUPTION PREVENTION | / DISRUPTION g
| £
|« > 1 [
I REFERENCE | ppoximiry conTROL | “ACTIVE” ! MITIGATION &
Ip : SCENARIO :k .: AVOIDANCE , 5
| Flattop phase | S
[ B
' 7 7 g
= PLASMA STATE MONITORING o l : / ; Z S
7% o
& DISRUPTION PREVENTION & | | % I ©

o | /: 1
) QQ : } OPERATIONAL LIMIT ///// ////// %% o %
a key requirement for plasma < | i "'""_'_ %%; ©

. | | . =
control throughout the entire Qg@ | REF. TARGET | :’%%
. . L
evolution of the discharge | | % \29.
- /
| [ /
REF: I | %/% X
: [A. Pau et al EPS 2022] i ! %

REF. SCENARIO

= keep the target
scenario stable
again disturbances
o Swice (ST, ELM, MHD
Plasma modes, etc.)

Center

: PROXIMITY CONTROL

: = keep stability while

| pushing performance by
: regulating proximity to
 stability & controllability
' boundaries

Time (s)
R R CONTROL—
I I

ACTIVE AVOIDANCE | EMERGENCY SHUTDOWN
I

I
= asynchronous | = Fast controlled

boundaries (danger
levels)

response when : shutdown
i i | I
crossing operational e mitigation
|
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=PFL Feature Engineering & Generative models

(towards model transparency and
interpretability)

A.Pau

Generative Topographic Mapping

Control and Operation of Tokamaks

§ REF: [Bishop et al IEEE 1998]
| : " Trajectories over a low-
Plasma | Posterior dimensional latent space encode
trajectories | probability different disruption paths
j 2 (Bayes!)over 2D . ) )
boundar % latent space " Clustering of plasma regions with
y X, : : : ;
; different risk of disruptions to
REF: [Pau et al IEEE-TPS 2018 unveil boundaries

REF: [Pau et al NF 2019]

Flat-top start
Ramp down (IPLA < 1MA)

*

x Disruption ImpAcc
2D Manifold key physics quantities distributions R
w

Disruption Undefined

Radiation pea&ng [a.u.] Internal Inductance [a.u.]

: | as
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‘ 3
- % 12
‘ 25 3
. . X
- o 2 X2
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Il Swiss X1 REF:[Andrin Biirli: Master Thesis]
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