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TOPICAL REVIEW — Plasma disruption

Recent progress on deep learning-based disruption prediction
algorithm in HL-2A tokamak

Zongyu Yang(杨宗谕)1,†, Yuhang Liu(刘宇航)1, Xiaobo Zhu(朱晓博)1, Zhengwei Chen(陈正威)1, Fan Xia(夏凡)1,
Wulyu Zhong(钟武律)1,‡, Zhe Gao(高喆)2, Yipo Zhang(张轶泼)1, and Yi Liu(刘仪)1
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Disruption prediction and mitigation is a crucial topic, especially for future large-scale tokamaks, due to disruption’s
concomitant harmful effects on the devices. On this topic, disruption prediction algorithm takes the responsibility to give
accurate trigger signal in advance of disruptions, therefore the disruption mitigation system can effectively alleviate the
harmful effects. In the past 5 years, a deep learning-based algorithm is developed in HL-2A tokamak. It reaches a true
positive rate of 92.2%, a false positive rate of 2.5% and a total accuracy of 96.1%. Further research is implemented
on the basis of this algorithm to solve three key problems, i.e., the algorithm’s interpretability, real-time capability and
transferability. For the interpretability, HL-2A’s algorithm gives saliency maps indicating the correlation between the
algorithm’s input and output by perturbation analysis. The distribution of correlations shows good coherence with the
disruption causes. For the transferability, a preliminary disruption predictor is successfully developed in HL-2M, a newly
built tokamak in China. Although only 44 shots are used as the training set of this algorithm, it gives reasonable outputs
with the help of data from HL-2A and J-TEXT. For the real-time capacity, the algorithm is accelerated to deal with an input
slice within 0.3 ms with the help of some adjustments on it and TFLite framework. It is also implemented into the plasma
control system and gets an accuracy of 89.0% during online test. This paper gives a global perspective on these results and
discusses the possible pathways to make HL-2A’s algorithm a more comprehensive solution for future tokamaks.

Keywords: macroinstabilities, tokamaks, neural networks, magnetic confinement and equilibrium
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1. Introduction
Disruption places the tokamak-based fusion power plant

a dilemma. The ignition condition and economical efficiency
call for large-scale devices and high parameter plasma,[1]

while in these conditions the risk of thermal load, electro-
magnetic force and runaway electron beam during disruptions
could be unacceptable.[2] Disruption prediction and mitigation
techniques take the responsibility to resolve this conflict. By
accurately predicting the disruptions and mitigate them in ad-
vance, their harmful effects can be distinctly alleviated.[3,4]

In experiment, disruptions could be induced by various
of causes and event chains, e.g., mode locking, radiation col-
lapse and MHD instabilities.[5] The complexity of their pre-
cursors makes the prediction a tough task. There are mainly 2
pathways to solve the problem. One is to design a dedicated
framework to monitor disruption-related events and analysis
the evolution of event chains, which leads to some representa-
tive programs like DECAF (disruption event characterization
and forecasting).[6] The other way is to use data-driven algo-
rithms, such as deep learning, to build an end-to-end model
by learning from labeled disruptive and non-disruptive data.
In recent years, many data-driven algorithms have been de-

veloped on various tokamaks, such as DIII-D, JET, C-Mod,
J-TEXT and EAST.[7–14]

The data-driven method has been tried in HL-2A at
around 2010. A multi-layer perceptron model is built to pre-
dict the disruptions according to the evolution of signals from
bolometer array.[15] However, the ability of machine learning
to comprehensive analysis multi-diagnostic signals is not very
mature then. The performance of algorithm is limited since
only a part of the disruptions will be accompanied with pre-
cursors on bolometer array.

Since 2018, deep learning method is tried in HL-2A. A
disruption prediction algorithm based on 1.5 dimensional con-
volutional neural network and long short-term memory re-
current neural network (1.5D CNN+LSTM) is proposed and
shows great performance by combining information from 25
disruption-related signals.[16] Therefore, a series of subse-
quent researches are implemented around this algorithm, such
as the interpretation of algorithm,[17] real-time implementa-
tion in plasma control system (PCS),[18] cross-tokamak pre-
diction and data-physics dual-driver algorithm.[19] These re-
searches aim to make the disruption prediction algorithm a re-
liable, regular operated and operator friendly module in the
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PCS and provide a possible solution for future large-scale
tokamaks. In this paper, we give an overview on the progresses
about deep learning-based algorithm in HL-2A and discusses
the possible pathways to further promote the algorithm.

The rest part consists of 5 sections. Section 2 intro-
duces the backbone of HL-2A’s disruption prediction algo-
rithm. Then the backbone model is modified or combined with
supplement modules to solve three key problems for disrup-
tion prediction in future fusion reactors, i.e., interpretability,
real-time capacity and transferability. In Section 3, an inte-
grated disruption prediction and mitigation system is devel-
oped in HL-2A. It realizes the real-time prediction and mitiga-
tion during online experiment, which could be a solution for
the problem of real-time capacity. Section 4 gives the method
and main results of model interpretation, which answers the
question of interpretability. Section 5 focuses on the issue of
transferability, i.e., how to develop an algorithm with limited
data on future tokamaks. And three possible solutions will
be introduced with preliminary implementation examples. Fi-
nally, a summary and outlook is given in Section 6.

2. Disruption prediction backbone: 1.5D CNN
+ LSTM
Disruption prediction task can also be seen as a pat-

tern recognition of disruption precursors, which is a classical
problem for machine learning techniques. Previous machine
learning-based disruption prediction algorithms often use vec-
tors consist of scalar features as their input.[7,8,10] Therefore
they are not so good at dealing with high dimensional, tempo-
ral and multi-diagnostic signals, which should contain much
more information. This problem is solved by deep learning
recently. Fusion recurrent neural network (FRNN) introduces
the profile data to promote its performance.[13] And the hy-
brid neural network in DIII-D proves that temporal informa-
tion is pretty helpful for disruption prediction task.[14] In HL-
2A, a disruption predictor based on 1.5D CNN+LSTM is de-

veloped, which takes signals from lots of different diagnostics
with possibly different sample rates. Dedicated structure is
designed to solve the numerical instability when training with
data from different sources. Finally the algorithm gets an ac-
curacy of 96.1% on testing set, which mainly benefits from the
wide range of input signals.[16]

In this part, Subsection 2.1 introduces the HL-2A dis-
ruption prediction dataset. Subsection 2.2 presents the data
pipeline and neural network structure of HL-2A’s algorithm.
Subsection 2.3 shows the accuracy of algorithm and discusses
the design philosophy of 1.5D CNN+LSTM.

2.1. Dataset

Three aspects are selected here to give a global presenta-
tion of HL-2A’s disruption prediction dataset, i.e., shot num-
bers, input signal lists and typical disruption shots.

Table 1 shows the shot numbers used for the training, vali-
dation and testing of neural network. Almost all the shots after
2013 are used without any intended selection, unless some of
the input signals are lacked or obviously abnormal. Therefore
the dataset consists of many types of disruptions that ever ap-
peared in HL-2A, such as density limit, mode locking, and low
safety factor on boundary.

Table 1. Shot numbers used for training, validation, and testing of the
HL-2A’s disruption predictor.

Disruptive shot Non-disruptive shot
Training 1134 3157

Validation 284 721
Testing 475 1271

Table 2 gives the main information of the algorithm’s 25
input signals. These signals are selected to cover the basic
plasma parameters and disruption precursors as completely as
possible. An important fact is that the signals have different
statistical distributions and sample rates. This leads to a series
of pre-processing methods and special neural network struc-
tures, which will be introduced in the subsequent part.

Table 2. Signals in HL-2A used as the input of disruption predictor. Their sample rate, statistical features and physical meanings are also listed here.[16]

Channel Sample
rate (kHz)

Mean/Std Physical meanings Reason of selection

Iplasma, target 1 146/20 Target plasma current Basic plasma parameter
Iplasma 1 145.6/19.5 Plasma current
∆Iplasma 1 –0.04/0.03 Relative difference between Iplasma and Iplasma, target Correlated to plasma current limit
Bt 1 1.34/0.004 Toroidal magnetic field
qa,EFIT 1 4.41/0.82 Safety factor at plasma boundary given by EFIT
PECRH 1 0.09/0.25 Power of ECRH heating The abnormal or inappropriate heating

power could introduce disruptions
PNBI 1 0.12/0.25 Power of NBI heating
IOhm coil 1 –0.005/6.84 Current in Ohmic field coil
GasPuffFB 1 0.084/0.52 Gas injection (feedback) To monitor unscheduled density increasing

or decreasing
GasPuffFF 1 22/21 Gas injection (feedforward)
Dα,div 10 0.4/0.15 D-α ray at divortor To distinguish L/H mode and divertor/limiter

plasma
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Table 2. (Continued).

Channel Sample
rate (kHz)

Mean/Std Physical meanings Reason of selection

SoftX 100 4.38/3.69 Soft-x ray Correlated to large sawtooth induced disrup-
tions

rEFIT 1 0.376/0.044 Minor radius given by EFIT The loss of control on plasma position and
shape could lead to disruptions.

REFIT 1 1.654/0.02 Radial position of geometric center given by EFIT
ZEFIT 1 0.002/0.02 Vertical position of geometric center in the EFIT
We 10 7.85/10.22 Stored energy The abnormal increasing or decreasing of

stored energy could lead to disruptions
Ne,fir 1 1.13/0.78 Electronic density Correlated to density limit
nGreenwald 1 3.34/0.61 Greenwald density limit
Pradiation 1 168.7/40.4 Power of radiation measured by bolometers The abnormal increasing of plasma radiation

power could lead to disruptions
MirPol04 100 0.0078/0.226 A pair of poloidal probes located at the symmetric po-

sition
Correlated to mode locking induced disrup-
tions

MirPol13 100 0.0025/0.226
MirTor04 100 –0.0039/0.113 A pair of toroidal probes located at the symmetric po-

sition
MirTor09 100 –0.0008/0.113
HX0∼5 MeV 100 0.0044/0.02 Power of hard-x ray(0–5M eV) To monitor runaway electrons, which might

lead the loss of control on plasma current
HX0∼10 MeV 100 0.02/0.18 Power of hard-x ray (0–10 MeV)
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Fig. 1. The evolution of main plasma parameters, (a) plasma current, (b) line averaged electron density, (c) plasma stored energy measured
by diamagnetic method, (d) magnetic perturbation measured by Mirnov probe, (e) spectrogram of the magnetic perturbation signal, during
a m/n = 2/1 mode locking-induced disruptive shot in HL-2A. The left subfigures plot the evolution during the whole shot. And the right
subfigures plot the evolution close to disruption. A mode-locking process can be found on the Mirnov probe signal in the right bottom
subfigure, which takes place at about 15 ms before the disruption.

Figure 1 presents a mode locking-induced disruptive shot
in HL-2A. The plasma current in HL-2A is normally 150 kA
and the line averaged electron density is normally 0.5×1019–
3×1019 m−3. The time scale of mode locking process in HL-
2A is around 15 ms. During disruptions, the slope of plasma
current is around 10 MA/s, which leads to a current quench
time of 5–20 ms. Many types of disruption precursors can be
found in HL-2A’s experimental data, including but not lim-
ited to mode-locking, density limit, plasma displacement, ra-
diation collapse and low safety factor. The variety and short
timescale of disruption precursors make the disruption predic-

tion a tough task.

2.2. Data pipeline and neural network structure

The working cycle of HL-2A’s disruption predictor is de-
termined as 1 ms by the PCS. During each cycle, the algo-
rithm takes the signals in past 20 ms from the channels given
in Table 2. After that, pre-processing is taken to make these
signals into structured and normalized matrix. Then the neural
network takes the matrix as input and returns a possibility of
disruption as output. Finally the PCS decides if disruption mit-
igation techniques should be triggered according to the output.
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The pre-processing consists of 3 steps.
(a) Resampling all the signals into 100 kHz.
(b) Reducing data from each channel in Table 2 by the

channel’s mean value, and dividing them by standard devia-
tion.

(c) Replacing the values larger than 10 with 10 and values
smaller than −10 with −10.

After pre-processing, the input signal for each cycle will

be uniformed into a 25 channels, 20 ms long and 100 kHz ma-
trix, whose size should be 2000×25.

The structure of neural network is presented in Fig. 2,
which consists of convolutional layers, LSTM layers and fully
connected layers. The cell number of the last fully connected
layer is 2, therefore the neural network will output 2 values
for each cycle, representing the possibility of disruption and
non-disruption.

Fig. 2. Structure of 1.5D CNN+LSTM. This figure is adapted from Fig. 3 in Ref. [16], where only the 1.5D CNN is presented. LSTM is merged into
the figure after adaptation.

2.3. The performance of 1.5D CNN + LSTM

The performance of disruption prediction algorithm is of-
ten evaluated by two indicators, i.e., true positive rate (TPR)
and true negative rate (FPR). The former refers to the pos-
sibility that the algorithm accurately gives an alarm during a
disruptive shot. And the latter refers to the possibility that the
algorithm gives a false alarm during a non-disruptive shot.

In this research, the deep learning disruption predictor has
a TPR of 92.2% and a FPR of 2.5%, which is a pretty good re-
sult. A key promotion is brought by its design to separately
deal with signals from different diagnostics at first and merge
them in the middle layer of neural network. The structure is
more suitable for fusion data, which is an array consists of
many heterogeneous parameters with various statistical distri-
butions and waveforms, rather than a structured matrix like
images or sentences. Table 3 gives the result of ablation exper-
iment for this design, where 2D CNN means to merge signals
from different diagnostics at the first layer of neural network,
and 1D CNN means to deal with signals separately all the time.
It is obvious that the 1.5D CNN gets the best performance.

Table 3. Shot numbers used for training, validation, and testing of the
HL-2A’s disruption predictor.

TPR (%) FPR (%)

1.5D CNN+LSTM 92.2 2.5
1D CNN+LSTM 70.7 5.8
2D CNN+LSTM 74.6 9.0

3. Real-time disruption prediction and mitiga-
tion in HL-2A
To implement the disruption prediction algorithm in the

PCS, two main adjustments should be made on the version

described in Section 2. Firstly, the principle to select input
signals in Section 2 is to cover the disruption precursors as
completely as possible. But not all these signals can be ac-
quired in HL-2A’s PCS due to some engineering limitation of
data acquisition system (DAS). Therefore the input signal list
will be kind of different from the one in Table 2, which might
be harmful to the algorithm’s performance. Secondly, some
adjustments on neural network structure are required to accel-
erate its calculation speed into 1 ms per cycle. The detailed
description about these updates can be found in Ref. [17].

After that, the integrated disruption prediction and miti-
gation system can be built based on the real-time algorithm.
Figure 3 shows the framework of this integrated system. The
DAS gathers all the needed diagnostic signals and sends them
to the PCS. These data are firstly used to do the position and
shape control, in which process some secondary signals are
produced. Then these secondary signals, together with the
raw diagnostic signals, are sent to the disruption prediction
module. In HL-2A, the PCS is mainly developed in C lan-
guage while the disruption prediction algorithm is developed
in Python, so a cross language interaction is required. Thus,
there is a C-based disruption prediction module, which orga-
nizes the input data and calls the Python-based disruption pre-
diction module. Finally, the prediction result is sent back to
the C-based module to decide whether or not a trigger signal
should be sent to the disruption mitigation system.

To validate the reliability of the integrated system,
open-loop online testing is tried in 382 shots during shot
Nos. 38650–39347. A TPR of 95.8% and a FPR of 22.5%
are got during the online testing, which is acceptable but not
as good as the result in Subsection 2.3 due to the limited input
signal list and the unpredictable interference in DAS.
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Fig. 3. Design of the real-time disruption prediction and mitigation system.[18]

Fig. 4. A demo shot of real-time disruption prediction and mitigation. A vertical displacement takes place after 800 ms due to the improper
control parameters of the upper divertor coil, as indicated in the second subfigure. The output of algorithm increases rapidly when the vertical
displacement amplitude becomes too large. Then the SMBI system is triggered to implement the disruption mitigation, as shown in the third
subfigure. Finally a mitigated disruption occurs. Rapid decline can be seen on signals of plasma current, plasma density and bolometer
radiation.[18]

Fig. 5. Comparison on the current quench and thermal quench processes between shot 39303 (mitigated) and shot 39301 (unmitigated). The
thermal quench process is observed by upper bolometer array with 16 channels.[18]
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After the system validation, closed-loop testing is im-
plemented. Figure 4 presents a demo shot, i.e., shot 39303,
where a vertical displacement-induced disruption is predicted
and then mitigated by SMBI, showing the system’s ability to
real-timely predict and mitigate the coming disruptions. Fig-
ure 5 compares the thermal quench and current quench pro-
cess between shot 39303 and an unmitigated disruption, shot
39301. During shot 39303, the thermal energy of plasma is
released by radiation within a longer time range and the peak
value is clearly lower than in the unmitigated one.[18]

4. Prediction with interpretability and cause
recognition
In most situations, deep learning is considered as an end-

to-end black-box algorithm, which takes the disruption related
signals as input and returns a probability of disruption with-
out any explanation. Such an opaque system is difficult to
accept for a fusion reactor with high safety requirements. In
this section, an interpretation method is proposed to crack the
black box. Subsection 4.1 gives the detail of the interpretation
method. Subsection 4.2 shows the result of interpretation on
single shot or from statistical point of view. Subsection 4.3 de-
scribes a preliminary disruption reason recognizer developed
on top of the interpretation method. These results show that
deep learning has the potential to realize high accuracy and
interpretability at the same time.[17]

4.1. Interpretation method

The interpretation method is based on the 1.5-D CNN
structure. In this structure a special node exists, as marked
with red box in Fig. 2, where the input signals have been dealt
with by several neural network layers and will be concate-
nated in the next layer. On this node, a Gaussian noise could
be added on data from each input channel to eliminate their
contribution to the output. Then a distribution of correlation
between each input channel and the algorithm’s output could
be generated by perturbing the channels in turn and recording
their contributions.

4.2. Interpretation results

Figure 6 gives the result of interpretation on 2 exam-
ple shots. The 2 heatmaps are temporal evolution of correla-
tion between algorithm’s output and each input channel. The
brighter color means the corresponding input channel on y-
axis is more related to disruption. In shot 35104, an obvi-
ous mode-locking phenomenon can be observed in the Mirnov
probe signals before the disruption, as shown in the left bot-
tom subfigures. And the rows in the left heatmap correspond-
ing to the Mirnov probes are brighter as expected. In shot
35240, the plasma density gradually increases and approaches
the Greenwald density limit before disruption. And the row
corresponding to the electronic density in heat map turns to
be the brightest one. The result of single shot interpretation
seems to be consistent with the physical expectation.

Fig. 6. Result of interpretation algorithm and related input signals of example shots. The left one is a lock-mode induced disruptive shot and
the right one is a density limit induced disruptive shot. The figure is adapted from Fig. 3 in Ref. [17].
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Fig. 7. Averaged correlation distribution of input signals on each disruption type in HL-2A. Each subplot corresponds to a type of disruption.
The x-axis is the input signal list and the y-axis is the averaged correlation between the input signal and a certain type of disruptions.[17]

Statistical analysis isalso implemented to further validate
the method. As a support, 613 shots in HL-2A are manually
labeled into 6 disruption types, i.e., horizontal displacement,
vertical displacement, radiation collapse, density limit, mode
locking and low safety factor on plasma boundary. The aver-
aged correlation distribution on each disruption type is calcu-
lated and shown in Fig. 7. As expected, the most important sig-
nals for vertical displacement, lock mode, radiation, low safety
factor on boundary and density limit induced disruptions are
ZEFIT, Mirnov probes, Pradiation/SoftX, qa,EFIT and ne,fir, respec-
tively. The result of horizontal displacement seems to be kind
of complex. It is suspected that other causes might also result
in horizontal displacement, which calls for a further investiga-
tion.

4.3. Disruption cause recognizer

An important application of interpretable disruption pre-
diction is the active disruption avoidance. As a sanity check
of this technique routine, a disruption cause recognizer is de-
veloped based on the previous interpretation method. When
a trigger signal is sent by disruption prediction algorithm, the
recognizer will take the correlation distribution within the last
30 ms as input and try to classify the disruption types listed
in Subsection 4.2. Note that the data from type of low safety
factor on plasma boundary are too few to support the training
of model, so this type is abandoned here. The rest dataset con-
tains 605 shots and 5 disruption types. A naive Bayes classifier

is trained on this dataset. It can classify the 5 types of dis-
ruptions with an accuracy of 71.2% in 5-fold cross validation.
Figure 8 gives the algorithm’s confusion matrix during 10-fold
cross validation. According to the result, it seems possible to
develop a disruption cause recognizer and take measures to
eliminate the disruption causes and avoid the disruptions in
the future.

Fig. 8. Confusion matrix of the disruption cause recognizer. The x-axis rep-
resents the manually labeled disruption cause. And the y-axis refers to the
predicted cause. So the numbers in the blocks on the diagonal line from top
left to bottom right are the shot numbers that are correctly predicted, and vice
versa.[17]
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5. Few-shot learning on future devices
Since disruption prediction techniques are investigated to

solve the problem of future fusion reactors, the challenge of
few-shot learning becomes extremely important. Consider-
ing the unacceptable result of disruptions, future devices can
only provide very limited amount of data to support the de-
velopment of disruption prediction algorithm.[20] There are
mainly two pathways to solve the problem within the deep
learning paradigm. One is to develop a transferable algo-
rithm, which learns data from existing tokamaks and can be
adapted to future devices. Examples for this routine could
be the adaptive learning algorithms,[21] FRNN with a glimpse
of future device,[13] scenario adaptive learning[22] and open
world learning.[23] In Subsection 5.1, a new method called
device adversarial neural network (DANN) is tried and per-
forms well when it is trained on HL-2A, J-TEXT and adapted
to HL-2M. The other routine is to train a reliable algorithm
with as fewer training data as possible, with the help of physi-
cal prior knowledge, some examples has been implemented in
DIII-D[24] and J-TEXT.[25] Subsections 5.2 and 5.3 propose
two possible physical inductive biases, i.e., plasma equilib-
rium equation and disruption related instabilities, that could be
integrated into the disruption prediction algorithm. The future

works in HL-2A will focus on these two inductive biases and
preliminary works are implemented to validate the feasibility
of these methods.

5.1. Device adversarial neural network

The researches in Refs. [13,14] prove that training with
mixed dataset, which consists of a large amount of data from
‘existing’ devices and a few data from ‘future’ devices is a
possible way to develop a cross-tokamak algorithm. DANN
makes a further step on top of this method, which uses adver-
sarial training strategy to extract transferable features on mul-
tiple devices on purpose. Figure 9 demonstrates the structure
of DANN. The main difference between DANN and normal
neural networks is that it has two output branches. One branch
will predict the disruptions as normal, and the other branch
will recognize the source device of the input data. Note that
there is a gradient reversal layer in the second branch, which
will opposite the gradients back propagated from the second
branch during the training of neural network. Therefore the
neural network will try to predict the disruptions as accurately
as possible and try to recognize the source device of data as
inaccurately as possible. In other words it will recognize the
disruptions by common features among the multiple devices.

Fig. 9. Structure of the device adversarial neural network. The array size of input, output and middle nodes are marked with red texts. The
neural network layer parameters are marked with black texts. The position of gradient reversal layer, which is the key of DANN, is marked
with blue texts. The idea is based on the research in Ref. [26].

DANN is trained on HL-2A/J-TEXT/HL-2M mixed
datasets. The main information of the mixed dataset is shown
in Tables 4 and 5. The algorithm gets an accuracy of 88.9%
with only 44 training shots from HL-2M.[19] However, the
testing set provided by HL-2M is pretty limited now, 27 shots.
More data are required to implement a reliable enough test on
DANN.

Table 4. Shot numbers for training, validation, and testing of HL-2M’s DANN
disruption predictor. D means disruptive and ND means non-disruptive.[19]

Device
Training Validation Testing

D ND D ND D ND

HL-2A 1532 4317 364 470 – –

J-TEXT 1477 4091 415 1221 – –

HL-2M 25 6 17 6 18 9
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Table 5. The input signal list of HL-2M’s DANN disruption predictor.[19]

Signal name Sample rate (kHz) Physical meanings
Signal tag

HL-2M J-TEXT HL-2A

Ip 1 plasma current IP 2M ip IP
Target Ip 1 target plasma current ccIP 2M oh set ccIP

Bt 1 toroidal magnetic field BT1 2M bt Bt
Density 1 density of electrons AMW INT1 02 LIN DEN CH06 Density1

Dh 1 horizontal displacement dh 2M dx FluxDh
Bolometer 1 power of bolometer radiation DBOL 10 AXUV CA 08 BOLU10

Mir Probe A 10
a pair of symmetric poloidal Mirnov probes

Mpol 17 24 MA POL CA01T Mpol 04
Mir Probe B 10 Mpol 17 51 MA POL CA19T Mpol 13

5.2. Parameter evolution equations

Another possible way to relieve the lacking of training
data on future devices is to introduce more physical informa-
tion. In deep learning paradigm, the physical information can
be seen as the prior knowledge in the neural networks. And the
research in this chapter aims to make plasma equilibrium equa-
tions into the neural network’s prior knowledge. This purpose
can be realized by two steps. Firstly, train a plasma parameter
prediction algorithm, based on the parameter evolution equa-
tions. Secondly, embed the information hidden in parameter
prediction algorithm into the disruption prediction algorithm.

The plasma parameter prediction algorithm predicts the
evolution of electron temperature (Te), electron density (Ne)
and horizontal displacement (Dh) of HL-2A according to the
control target, control actuators and the plasma state. Table 6
shows part of the input and output list of the algorithm, three
empirical equilibrium equations are hidden in the design of
the signal list, such as the equation for Te given here. The in-
put and output lists of Ne and Dh are designed with similar
principles. By training the neural network to do the parameter
prediction task, the equation can be embedded into the neu-
ral network, and could possibly be brought into the disruption
prediction algorithm in the future.

Table 6. The hidden equation for electron temperature of the parameter prediction algorithm.

Input Explaination Hidden equation Output

Iplasma Basic plasma parameter

dTe
dt = k dne

dt Tpuffing

+λ (Pohm +Paux −Prad −Ptrans)

Te

(electron temperature measured by ECE,

normalized to [−1,1])

PECRH
PNBI
PLH
IOhm coil

Ohmic and auxiliary heating powers, which
should be positively related to the electron
temperature

Pradiation
MirPol13

Two main loss mechanism of thermal energy,
namely, radiation and transport. The radia-
tion power is measured by bolometer array,
while the transport process is kind of hard
to measure. Therefore, Mirnov probe signal
is used as a compromised alternative, which
could be indirectly related to the transport
level through the MHD physics.

Gaspuffing,FF
Gaspuffing,FB
GasSMBI,FB

Gas puffing and supersonic beam injection
brings cold density source into the plasma
and thus is related to the equilibrium of elec-
tron temperature, too.

REFIT
ZEFIT
Bt
ne,fir

The election temperature is measured by
Electron Cyclotron Emission (ECE) diag-
nostic, whose data is also influenced by
plasma’s position and shape, toroidal field
and electron density.

The algorithm is based on a encoder–decoder model. The
encoder extracts the characteristics of the inputs and con-
verts the inputs into the intermediate state matrix. The de-
coder reconstructs the intermediate matrix and restores the en-
coder outputs to the signals to be predicted. The algorithm is
trained by 1500 shots and tested with 200 shots. The mean
absolute errors (MAE) of Ne, Te and Dh on the testing set

are 0.0393 (baseline: 0.1036), 0.0359 (baseline: 0.0561) and
0.0506 (baseline: 0.0738) respectively, while the baseline is
evaluated by the difference between actual parameters and the
delayed parameters in the inputs. The typical result is shown
in Fig. 10, the output of algorithm is very close to the actual
signals. It seems that the neural network model has correctly
learned the plasma equilibrium equations.
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Fig. 10. Panels (a), (b) and (c) are electron density, electron temperature and horizontal displacement, respectively. On the left is the comparison
of algorithm inputs and target outputs, where an obvious delay of ∆T can be observed. Here ∆T is 30 ms for Ne and Te, while it is 10 ms for
Dh. On the right is the comparison of predicted parameters and target outputs, they are much closer than the situation in the left subfigures.

The second step, namely, to embed the prior knowledge
in parameter prediction algorithm into the disruption predic-
tion algorithm is still ongoing. A simple implementation is
to concatenate the intermediate matrix given by encoder into
the inputs of disruption prediction algorithm. With this auxil-
iary input, the AUC of disruption prediction algorithm could
be promoted by 4%.

5.3. Disruption related instabilities

Plasma instabilities are also helpful prior knowledge for
disruption prediction.[2] Therefore, researches on recognizing
instabilities with neural network are also implemented in HL-
2A. For example, an CNN+LSTM neural network is devel-
oped to recognize fishbone mode. The algorithm takes the sig-
nal of magnetic fluctuations measured by Mirnov coil during
a 1 ms window with sample rate of 1 MHz, i.e., a 1000 length
vector. The vector is firstly dealt with by mean-std normaliza-
tion. Then a Fourier transformation with frame length of 1000
and frame step of 100 is implemented to get a 501×91 spec-
trum. Since the fishbone in HL-2A usually has a frequency
between 5–35 kHz, only the spectrum in this frequency range
is reserved. Finally the 30× 91 spectrum is fed into a neural
network as shown in Fig. 11. After training on 770 shots, the
neural network can real-timely recognize if there is a fishbone
instability in the plasma with an accuracy of 95.1%. Figure 12

presents the algorithm’s output during an example shot. Sim-
ilar works has been implemented on tearing modes, sawtooth,
ELM and other instabilities. Future works will focus on com-
bining these modules into the disruption prediction algorithm
and check if this could alleviate the algorithm’s demand for
training data.

Fig. 11. Structure of the fishbone recognition neural network.
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Fig. 12. An example shot of fishbone instability recognition algorithm.

6. Summary and future works
The deep learning-based disruption prediction algorithm

has proved its powerful ability in HL-2A tokamak. With dedi-
cated neural network design, optimized training strategy and
novel interpretation method, the algorithm can realize high
accuracy, good interpretability and priliminary cross-tokamak
adaptation at the same time. Real-time disruption prediction
and mitigation experiment is taken in HL-2A to validate the
algorithm and the result proves its reliability. In general, deep
learning can be considered as a sophisticated solution for dis-
ruption prediction in ‘existing’ tokamaks, both from a research
and engineering perspective. Therefore the future works will
go beyond the ‘prediction on existing tokamaks’. There are
mainly 2 pathways, i.e., ‘prediction on future tokamaks’ and
‘prevention on existing tokamaks’.

To predict the disruption in ‘future’ tokamaks, the prelim-
inary research in Section 5 will be carried on. Domain adapta-
tion techniques and physical inductive bias will be introduced
to alleviate the algorithm’s demand for training data. HL-2M,
a newly built tokamak which has realized the first plasma in
2020, has promoted its plasma current to 1 MA recently and
will provide a great testing platform for these researches.

The other pathway is to prevent the disruptions based on
interpretable disruption prediction algorithm. A correlation
analysis has been realized on HL-2A’s algorithm in Section 4.
However, the method needs to go beyond the correlation and
realize causality analysis to find the root cause from a bunch
of correlated phenomena. A cause-and-effect diagram needs
to be designed with consideration of the callable control actu-
ators. Therefore, the root cause can be matched to the control
measures to support the disruption prevention.

In general, deep learning provides a potential solution for
the disruption prediction, prevention and mitigation on future
tokamaks. The basic feasibility has been proved in HL-2A
and many other tokamaks in recent years. Some bottleneck
problems, such as cross tokamak adaptation, disruption cause
recognition still exist, but are being investigated and prelimi-
nary solved. It can be expected that there will be more break-

throughs in this direction in the next few years.
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