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Al for fusion

Introduce Al to serve the future burning plasma research

Simulation
Heavy calculation
burden, difficulty to
balance accuracy and
speed

Theory
Multiscale and
nonl inear physical
processes

Exper iment
Chal lenging
engineering, and
inconsistent data

Burning plasma:

More complex physics,

Greater computation burden,
Incomplete data,

Unclear physical processes,



@ Multimodal

ASIPP

diagnhostic data on EAST tokamak

Layout of diagnostic systems on EAST tokamak
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(2;7 Intel ligent processing of multimodal diagnostic data
on EAST tokamak
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Types of fusion data

Safety and device
protection

Plasma operation and
control

Advanced plasma
physics research
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Core requirements

Accurate, fast, efficient

Reliability, Availability

Robustness

self-consistency

Interpretability

Error propagation analysis

O Improve reliability and availability of data:
» Real-time data cleaning
» Phase jump correction

O Improve speed and accuracy of data processing:
» Density profile inversion
» CTS spectral analysis

O Data consistency and uncertainty quantification:
» Multi-system data fusion
> VVUQ




@ Real time data cleaning — Improve data reliability
ASIPP

* Data cleaning: accurately identify the useless data
 Apply RT-TDGS to EAST POINT system (accuracy: 0.9891+*0.0038; time delay: 4.75 ms )

RT-TDGS (Real-Time Time-domain Global Similarity) Results of 99997 @ -0.97 s.
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@ Automatic phase jump correction - Enhance availability
ASIPP

A model based on supervised learning was established, which can detect and correct the
phase jump in density measurement.

This work provides a reference for data correction

in other diagnostic systems.

Feature 2
o
(4]

Feature 2
o
(8]

Before the SMOTE

* Fringe jump

* No fringe jump
* Uncertain

(@)

.;U L
&'-3. ..
0
0 05

Feature 1
After the SMOTE

* Fringe jump

* No fringe jump

* Uncertain

v (d)

LA M NP

0 0.5 1
Feature 1

] Before the SMOTE

* Fringe jump
* No fringe jump
* Uncertain

Feature 3
o
(4]

., (b)
0 o :' . . .
0 0.5 1
Feature 1
After the SMOTE

* Fringe jump
* No fringe jump
* Uncertain

Feature 3

0 0.5 1
Feature 1

Wang Y., et al., PPCE 2023, 65: 065001.

Feature 3

Before the SMOTE

* Fringe jump
* No fringe jump
* Uncertain

Feature 2
After the SMOTE

* Fringe jump
* No fringe jump

. * Uncertain
0.5 L T 4
e ¥y
\‘ .
‘ (f)
-
0
0 0.5 1
Feature 2

Y. F. Wang

—Chord 8 (before correction)

4 L. ——Chord 8 (after correction)
— ——Chord 7
(\Il ——Chord 9
&=
o 2
o
b
X
vOJ O
c
-2 1 A
2 4 6
Time (s)




@ Density profile inversion — Improve processing speed
ASIPP

* BPNN model calculates density profile from the 11-channel integral measurement of POINT.
» Compared with park—matrix method, BPNN model is ten times faster.
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Robustnhess optimization

of BPNN

Inversion model

Training with noisy data
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Density profile inversion using PIDP-KAN model

Kolmogorov-Arnold network (PIDP-KAN) model captures complex nonlinear relationships using spline functions.

PIDP-KAN structure:

Consists of four KAN Linear layers parameterized by

B—splines.

Input: 11-channel POINT line integral density data.

Output: Plasma density profile with 129 dimensions.

By utilizing the adaptive mechanism based on
spline functions, KAN method effectively fitted
the complex nonlinear relationships.

Compared with Park matrix method and MLP and
BERT models, the proposed method demonstrates
better performance in accuracy and speed.
Calculation time is 2 milliseconds, meeting the

feedback control requirements.
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ASIPP

Performance of PIDP—KAN model

Precision:

® MSE distribution of PIDP-KAN
and BERT models.

is highly concentrated,

® All MSE are less than 0. 035,

Robustness:

® Under 5% random noise, the prediction error still remains within
demonstrating strong noise resistance.

Speed:

® Predict density profiles within 2 milliseconds, more efficient

traditional methods and has real—-time computing capabilities.
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— Improve accuracy

Spectrum analysis of Collective Thomson Scattering (CTS)

Fitness function of genetic algorithm

I.RMSE: f =exp (—\/(Smeal_vssimV)

2. Construct a new fitness function by the random

weight method

Multi-Feature of Scattering Spectra Fitness Function
(MFESS) :

1) Dice Loss

f = exp _l 2SmeaSsim
! N £ Stoq + G

sim

2) Scattering spectrum slope

fz = exp <_ 5mea - asim >
Omea
3) Scattering spectrum width
f3 = exp <_ (mea - Csim )
Cmea

f=vifi tv2fz +vsfs

The weights of each individual's fitness function are
randomly generated and satisfy ),;y; = 1

Normalized S(k,w)
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Spectrum analysis of CTS
ASIPP

* Real-time measurement of ion temperature
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@ Bayesian data fusion - Enhance consistency
ASIPP

* Obtain distributions with higher accuracy and reliability than single diagnosis
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Bayesian—based data fusion of POINT and DPR data

Quantify uncertainty and enhance the consistency between diagnhostic systems
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CNN-based data fusion of POINT and HCN data

* Not dependent on EFIT input, and robust against missing data.

multi—task learning

Lan T., et al., PPCFE 2022, 64(12): 124003.

f Conv1d+ReLU
' Maxpool ing

Densy W |y

Density(1019/m3)  Density(1019 /m3)

Dcnsily(l()19/1r13)

Shot

Input missing

:77999; Time:3.0 s

== True value
I Prediction
CI95%

7.5 F
50 F

25 F

0.0 k

T
snvi) 1k
KL:0.00971

snvi9p JF
KL:0.01071 £

)
SNV[9 11] 3
KL:0.0107]

75 F

50 F

2.5 F

0.0 E

L) IIIIIIIIII II- -II
SNVL09 1117
KL:0.01259

LI I LI I LI I- LI
SNV[06911] 1F
KL:0.01431

LILBL I L] IIIIIIII_
SNVL067911]]
KL:0.016 7

7.5

5.0

25

0.0

SNV[ 056791117 F

KL:0.03287

V0135679 11]7
KL:0.04677

15



&

ASIPP

Comparison of fusion methods

Bayesian inference
Advantage:

* Describes quantities and uncertainties
in a probabilistic manner

* Provide an intuitive data fusion
framework

Disadvantage:

« The priors significantly affect the
posterior results

o Sampling process may take a relatively
long time

Deep learning

Advantage :

VS

Reduce method uncertainty brought by fusion
mode |

Fast, suitable for online data processing

Disadvantage:

Model training is time consuming

Require fusion strategy design for data
with varying principles, attributes, and
features

16



@ VWUQ analysis - Quantify uncertainty

ASIPP

* VVUQ goal: quantify uncertainty, minimize errors, optimize diagnostic system and data processing

VVUQ of POINT VVUQ analysis is performed by:

11 chords of POINT * Verifying code quality and results.

* Validating the model against experimental data.
1 = ,
* Quantifying uncertainties from design, environment, and analysis.
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@ VVUQ of magnetic equilibrium BN A\

ASIPP

Separatrix Z {m)

[U—

The influence of the internal plane position on the balance reconstruction accounts for 65%.
2.  Among the poloidal field coils, the 10th coil (1.13679, -1.94092) has the greatest impact on q profile.
3. The influence ranking on q profile: toroidal current, plasma current (core part); R coordinate of X point,
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on EAST tokamak

Intel ligent processing of multimodal diagnostic data
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 data

Data + physics
data-driven Phy

Core requirements

Accurate, fast, efficient

Reliability, Availability

Robustness

self-consistency

Interpretability

Error propagation analysis

—_ physics 2

Physics driven

Combine physics with Al can enhance the generalization ability of

Al models and improve the understanding of physical

| aws.
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