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Abstract

®

CrossMark

Artificial intelligence techniques, particularly machine learning, are increasingly being
employed to reduce the computational cost of high-fidelity fusion simulations. In this work,
nonlinear gyrokinetic simulations are performed to systematically scan the plasma gradient
parameter space relevant to HL-2A discharge #27055 plasmas, generating a database of
electrostatic drift-wave turbulence for the development of transport surrogate models. A local
surrogate model for turbulent transport is first constructed using a feedforward neural network
(FNN) trained on 4267 nonlinear local simulation data points, achieving coefficients of
determination of up to R? ~ 0.9 for key transport coefficients. Building upon this, a
second-stage global surrogate model based on support vector regression (SVR) is developed to
map local transport predictions to global turbulent transport, trained on 40 global gyrokinetic
simulation cases. The resulting global surrogate model is subsequently coupled to an reduced
transport solver, which successfully reproduces the steady-state plasma profiles in good
agreement with experimental observations. This study provides a practical workflow for
predicting global turbulent transport using local surrogate models and machine learning
techniques. The proposed approach offers an accurate and computationally efficient strategy for
integrated transport simulations, with potential applications in scenario development and
control-oriented real-time simulations for present and future fusion devices.

Keywords: turbulent transport, surrogate model, machine learning, integrated modeling

(Some figures may appear in colour only in the online journal)

1. Introduction

Efficient, accurate and reliable integrated modeling [1] is
essential for both the design and the operational control of
magnetic confinement fusion devices. Among the various
physical processes involved, turbulent transport [2] remains
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one of the most challenging components to predict, owing
to its intrinsically nonlinear, multiscale and kinetic nature
[3-10]. In present integrated modeling frameworks, turbu-
lent transport is typically evaluated using theoretically derived
quasilinear models [11, 12], empirical or semi-empirical
formulae [13], or numerical simulations using reduced models
[14]. While these approaches enable practical applications,
they generally rely on quasilinear theory or gyrofluid model [9,
15-17], which may not adequately capture key kinetic effects
in strongly driven or multiscale turbulence regimes and may
also neglect important global physics effects.

Nonlinear gyrokinetic simulations are widely regarded as
the most physically self-consistent and reliable framework
for modeling turbulent transport in fusion plasmas. However,

© 2026 The Author(s). Published by IOP Publishing Ltd on behalf of the IAEA
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their extremely high computational cost severely restricts their
direct use in integrated simulations of plasma profile evolu-
tion, particularly in scenarios relevant to real-time plasma con-
trol. This limitation motivates the development of reduced-
order or surrogate models that retain the essential physics of
gyrokinetic turbulence while achieving orders-of-magnitude
reductions in computational expense.

In recent years, artificial intelligence (AI) and machine
learning techniques have been increasingly explored
in fusion research, including applications to disruption
prediction [18], magnetohydrodynamic instabilities [19, 20],
microinstabilities [21, 22], and turbulent transport [2, 14].
Most existing transport surrogate models, however, are trained
on data generated from experimental data [23], quasilin-
ear transport model [24, 25] or reduced fluid model [26].
Surrogate models directly based on nonlinear gyrokinetic tur-
bulence simulations remain scarce, primarily due to the pro-
hibitive computational cost of high-fidelity global simulations
and the effectively infinite degrees of freedom associated with
plasma profile variations, which render brute-force parameter
scans impractical.

Local gyrokinetic simulations offer a partial remedy by
reducing dimensionality and enabling systematic parameter
scans. Nevertheless, a substantial gap remains between local
and global gyrokinetic simulations, and the direct application
of local-transport-based surrogate models often leads to sig-
nificant discrepancies when global profile evolution is consid-
ered. Bridging this local-global disparity therefore represents
a key challenge in developing reliable gyrokinetic-data-driven
transport models.

In this work, we propose an methodology that establishes
a quantitative mapping between turbulent transport obtained
from local profile-setting simulations and that from global
profile-setting simulations. This approach enables the con-
struction of a computationally efficient surrogate model that
preserves the essential global gyrokinetic physics while reduc-
ing the effective computational cost of turbulent transport pre-
diction from millions of CPU-hours to the millisecond level.
The methodology provides a practical pathway for incorporat-
ing high-fidelity gyrokinetic information into integrated trans-
port modeling and may also offer guidance for the system-
atic use of reduced-model or local-simulation data in global
applications.

High-fidelity turbulence data are generated using the global
gyrokinetic code GTC (Gyrokinetic Toroidal Code) [27],
based on experimental configurations of the HL-2A tokamak
[28]. As a massively parallel particle-in-cell code, GTC has
demonstrated excellent scalability and predictive capability in
simulations of a wide range of micro- and macro-instabilities
in toroidal plasmas, including ion temperature gradient (ITG)
mode [29], trapped electron mode (TEM) [30, 31], kinetic bal-
looning mode (KBM) [32], toroidal Alfvén eigenmode (TAEs)
[33], and internal kink mode [34]. The code consistently cap-
tures essential nonlinear physics such as turbulent fluctuation
characteristics [35], zonal-flow-turbulence interaction [27, 29]
and neoclassical effects [36], and has shown good agree-
ment with experimental observations across multiple tokamak
regimes [37, 38].

To construct the surrogate models, two widely used
machine learning approaches are employed: neural networks
(NNs) and support vector regression (SVR) . Neural networks
provide flexible nonlinear function approximation through
multi-layer architectures optimized via backpropagation [39],
while SVR, grounded in statistical learning theory , offers
strong generalization capability in high-dimensional and
limited-sample regimes through kernel-based mappings and
structural risk minimization [40].

Based on HL-2A plasma parameters [28], a dataset com-
prising 762 nonlinear simulation cases is generated using local
nonlinear gyrokinetic simulations with systematic plasma gra-
dient scans. In this work, within the parameter space of HL-
2A discharge #27 055, we construct and validate a surrogate
model for turbulent transport using simulation data gener-
ated by the first-principles global gyrokinetic code GTC. To
the best of our knowledge, this is the first surrogate model
trained on first-principles global gyrokinetic simulation data.
To address the discrepancy between local and global simula-
tions, an SVR-based local-to-global mapping is constructed,
enabling reliable prediction of global turbulent transport from
local inputs. The resulting transport surrogate model is fur-
ther coupled to transport equations to form an reduced trans-
port code. Using particle and heat source profiles inferred from
experimental measurements as prescribed inputs, the reduced
transport code evolves the density and temperature profiles to a
converged steady state that qualitatively agrees with the exper-
imental observations.

The remainder of this paper is organized as follows.
Section 2 describes the HL-2A simulation setup and the
construction of the local and global gyrokinetic databases.
Section 3 presents the neural-network-based surrogate model
for local turbulent transport and its validation. Section 4 intro-
duces the SVR-based local-to-global mapping and evaluates
its performance. Section 5 applies the surrogate transport
model within an reduced transport solver to predict plasma
profile evolution. Finally, section 6 summarizes the main
results and discusses implications for future integrated mod-
eling efforts.

2. Simulation parameters

We perform GTC gyrokinetic turbulence simulations for a
variety of plasma profiles based on the plasma parameters of
Shot 27 055 from the HL-2A tokamak [28]: on-axis density
no = 3.0 x 10" /m?, on-axis temperature 7, = T; = 1.5 keV,
on-axis toroidal magnetic field B, = 1.77, major radius R =
1.65 m, minor radius a = 0.40 m. The safety factor profile,
electron density, and ion and electron temperature profiles
within the core region at 675 ms in this experiment are shown
in figure 1. In this work, the GTC simulations employ a circu-
lar cross-section tokamak model, which is sufficient to handle
the geometry in the core plasma of HL-2A [41, 42]. We per-
form gyrokinetic GTC simulations that include kinetic elec-
trons to study ITG and TEM turbulence. Collisions, electro-
magnetic effects, equilibrium flow and the influence of fast
ions are also not considered in this work, as we aim to study
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Figure 1. The fitted safety factor g profile (a) and the profiles of electron density #n., ion temperature T, and electron temperature 7 (b) at

675 ms in shot 27 055 on the HL-2A tokamak.

electrostatic drift-wave turbulence in the low beta plasmas
of HL-2A. We establish a three-dimensional plasma gradi-
ent space by varying the length scale for the three plasma
profiles that crucially determine the drift wave instability,
i.e. normalized density gradient R/L, = —RdIn(n)/dr and
normalized temperature gradients R/Ly; = —RdIn(T;)/dr and
R/Lr. = —RdIn(T.)/dr, while keeping other plasma param-
eters unchanged. For each simulation, we calculate the flux-
surface average of turbulent transport coefficients at eight
equidistant radial points |, r,, .. .rg , which represent the trans-
port fluxes at these radial positions. To reduce statistical fluc-
tuations of turbulent transport, a temporal average is applied
during the saturated phase of nonlinear simulations.

Sensitivity analysis is a crucial step in the construction of
surrogate models [18, 19, 43]. Owing to limited computational
resources, the present sensitivity analysis is performed in the
vicinity of the reference operating point. Specifically, we vary
the density gradient scale length R/L,,, electron temperature
gradient scale length R/Lr., ITG scale length R/Lz;, temper-
ature ratio 7, safety factor g, device size Ry, and magnetic
shear § (reference shear versus reversed shear). For all param-
eters except §, five values are considered: 0.5x, 0.75x, 1.0x,
1.25%, and 1.5x the reference value. As shown in the figure
2, the three gradient scale lengths exert the strongest influence
on the predicted global transport coefficients near the refer-
ence operating point, whereas the effects of the other parame-
ters are comparatively weak. This trend is physically reason-
able, since the gradient scale lengths directly provide the free
energy that drives microinstabilities and turbulent transport,
making them the most important features for accurate global
transport predictions. Although the present study does not pro-
vide an exhaustive exploration of the full parameter space,
this local sensitivity analysis nevertheless offers useful insight
into the relative importance of different input features around
the reference operating point. A more systematic parameter
scan and expansion of the training database will be pursued in
future work.

m R/L,,
& RIL;,
8 ® R/Ly;
g * 5
X +gq
*x T
5 RU
n
I
]
1
L2 ‘ ¢ oo; ‘
1 1.5 2 2.5 3 3.5 4
xi{Dgp)

Figure 2. Sensitivity test performed by varying parameters near the
experimental reference point. The GTC nonlinear simulation results
are shown for the x; and .. The scanned parameters include
R/Lye,R/Lre,R/Lri,5§,q,7, and Ry. Arrows in the figure indicate the
direction of increasing parameter values.

Two methods are used for setting up the plasma profiles
in the GTC gyrokinetic simulation, namely the local simula-
tion setting and the global simulation setting. For this local
simulation setting, a super-exponential profile [44] R/L,; =
Aexp[—((r—ry)/w)®] is adopted for the scale lengths of
plasma density and temperature profiles, as shown in figure 3,
to eliminate boundary effects in the simulation. With this local
setting, the sole degree of freedom for the profile variation is
the height of the flat top of the plasma gradients. We select
8 values uniformly from 2.2 to 9.9 in the directions of the den-
sity gradient and the electron temperature gradient, and select
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Figure 3. Radial profiles of plasma temperature/density scale
length employed in the local gyrokinetic simulation. The vertical
dotted line marked the simulation domain.
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Figure 4. The plasma gradient space used for local simulation scan,
with each point represents one particular nonlinear gyrokinetic
simulation.

12 values uniformly from 2.2 to 14.3 in the direction of the
ITG, forming a 3D plasma gradient space comprising 768 sam-
ple points (8 x 8 x 12), as shown in figure 4. For the selected
sample points, some simulation cases turn out to be stable
and thereby are excluded from the simulation dataset. The
final number of the effective simulation cases is then found
to be 762.

For the global simulation setting, the HL-2A experimental
plasma profiles are approximated by the function A(¢)) = 1+
¢ (tanh((cy — 1)) /c3) — 1) distributions, where A = ne, T;, Te,
and 12) is the normalized poloidal magnetic flux, cl, c2, and
c3 are the fitted values to be determined. The corresponding
plasma gradient profiles are shown in figure 5. The fitted

R/L

—exp. fit
—peak value variation
—peak position variation

. ‘
0 0.2 04 0.6 0.8 1
IE]

Figure 5. Representative radial profiles for the plasma temperature
and density gradients employed in the global GTC gyrokinetic
simulations.

analytical gradient profiles exhibit at least 2 degrees of free-
dom, e.g. peak amplitude and peak position. We note that
the variation in the width of the plasma gradient profile is
ignored for simplicity. A more extensive exploration of global
profiles is left for future work. Consequently, we generated
a dataset of global gradient profiles comprising 50 nonlinear
simulation cases by randomly varying the peak amplitudes
and positions. The real experimental profiles may be more
complex than these analytical global profiles. Therefore, it
is useful to build a mapping between the transport from the
local simulation and that from the global simulation. In this
way, we may use the transport from the local simulation to
predict turbulent transport in the global simulation. We note
that the local-profile and global-profile simulations consid-
ered in this work have comparable computational costs, since
both involve nonlinear GTC simulations. The purpose of intro-
ducing the two-stage surrogate is not to reduce the cost of
individual simulations, but to decompose a high-dimensional
global learning problem into two lower-dimensional learn-
ing tasks. This hierarchical strategy provides a practical route
for constructing surrogate models that incorporate global
physics while mitigating the curse of dimensionality associ-
ated with arbitrary global profile variations. It is conceptu-
ally related to the pretraining framework proposed in [45], in
which a simpler model is used to facilitate learning of a more
complex one.

3. Surrogate model for transport in local simulation

In the beginning, eight radial positions are sampled in
each local simulation, with dimensionless parameters
(R/Ly,R/L7i,R/Lre,r/a,q) as input variables and transport
coefficients i, xe,D; as target variables. This strategy gener-
ates a dataset with a total of 762 x 8 = 6096 data points, where
all transport coefficients are normalized by the GyroBohm
unit Dgg = (p;i/Ro)(Te/eB). Following common practice in
machine learning [46], the dataset is randomly split into train-
ing, validation, and test sets in a 7:1.5:1.5 ratio, corresponding
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Figure 6. Training history of the loss function on the training and
validation datasets for the local profile transport simulation
surrogate model.

to 4267, 914, and 915 data points, respectively. The vali-
dation set is employed to iteratively evaluate model perfor-
mance, mitigate overfitting, optimize hyperparameters, and
identify the optimal convergence state. This plays a critical
role in ensuring the generalization performance of the surro-
gate model. A local transport surrogate model is constructed
and optimized using a feedforward neural network (FNN) for
the 1D transport coefficients Y, xe, and D;. The FNN has an
input dimension of 5 and an output dimension of 3, with four
hidden layers, each containing 535 neurons. A ReLU acti-
vation function is employed, together with a dropout rate of
0.033 15 for regularization. To ensure generalization and guard
against overfitting, training and validation losses were moni-
tored throughout the process, and their evolution is presented
in figure 6. An early-stopping strategy was applied to retain the
checkpoint with the lowest validation loss. Hyperparameters,
including architectural choices and optimization settings, were
tuned using a Tree-structured Parzen Estimator within the
Optuna framework, with the validation loss as the objective.
The consistent convergence of the two loss curves, together
with the strong performance on an independent test set, sup-
ports the reliability of the trained model. As shown in figure 7,
the FNN model achieves a regression coefficient R*> > 0.9 for
all target transport coefficients in the test set, demonstrating
that the model can accurately predict turbulent transport from
local GTC gyrokinetic simulations.

In particular, figure 8 compares the transport levels pre-
dicted by the local surrogate model, indicated by red triangles,
with those obtained from local gyrokinetic simulations using
the GTC code, shown by blue solid curve. The predicted trans-
port exhibits excellent agreement with the simulated results,
as shown in figure 8, thereby further validating the reliability
of the local surrogate model. The mean absolute percentage
error (MAPE) quantifies the prediction error for a given case
or sample point, which is defined as

i — il
b’il

- I
MAPE (y,§) = -3 (1

where N; is the number of radial points, y; denotes the sim-
ulated value at the ith radial point, while y; represents the

corresponding predicted value. The MAPEs in figure 8 are
found to be consistently below 8% for all three transport coef-
ficients, demonstrating the high accuracy of the local surrogate
model.

4. Local-global mapping

Next, a machine-learning-based mapping scheme is proposed
to extend the local surrogate model to global transport pre-
diction for arbitrary plasma profiles. The workflow, illustrated
in figure 9, consists of the following five steps: (1) perform a
sufficient number of local gyrokinetic simulations to generate
the training dataset for the FNN-based local surrogate model,
as described in Sections 2-3; (2) carry out global gyrokinetic
simulations to produce a smaller dataset covering a range of
global plasma profiles; (3) identify the essential input fea-
tures; (4) establish the local-to-global mapping using SVR,
with global GTC transport coefficients as the target outputs;
(5) verify the accuracy of the local-to-global mapping using
an independent test dataset.

As elaborated in the aforementioned workflow, the
SVR approach is adopted to establish a Local-Global
mapping that bridges the local simulation outputs and
global simulation results. For the SVR Local-Global map-
ping, we choose the input features as radial coordinates,
plasma gradients, and transport quantities predicted by the
local surrogate at the eight fixed radial sampling posi-
tions, i.e. R/Ln(’.'/')vR/LTl (r./')vR/LTe(’.'i)’ rj/a7q(rj)v Xi,local(rj)7
Xe,local (), Di tocat (r7) for j =1,2,..,8. Correspondingly, the
output targets are defined as the radial transport coeffi-
cients obtained from global GTC gyrokinetic simulations,
i.e. Xi,global (1j); Xe,global (7j), and D; giopa (7;). Different from
the training strategy employed in the local surrogate model,
the present method incorporates all eight radial sampling
points from each global profile case as a single integrated
training sample, which enables the model to better character-
ize the physical correlations across radial locations. In total,
50 global profile simulation cases are utilized to build the SVR
Local-Global mapping, among which 40 cases are allocated to
the training set and the remaining 10 cases form the indepen-
dent test set. The SVR model employs a radial basis function
(RBF) kernel with hyperparameters C = 6, ¢ = 0.05, and -y set
to the ‘scale’ option implemented in the scikit-learn library.
As illustrated in figure 10, the constructed global surrogate
model using SVR mapping achieves satisfactory predictive
accuracy for global transport coefficients over the test set with
R? > 80%.

Although the regression performance on the full gyroki-
netic dataset is not particularly high compared with datasets
derived from fluid simulations or quasilinear theory [2, 24], the
model nevertheless provides relatively accurate predictions of
the transport coefficients, both qualitatively and quantitatively.
Figure 11 presents a representative comparison in which the
transport coefficients predicted by the global surrogate model
at eight preselected radial locations are evaluated against
results from global GTC simulations. The global surrogate
model predictions (red dots) show excellent agreement with
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Figure 7. Regression surrogate model for transport coefficients xi, Ye,and D;, of local simulation with R> > 0.9 for all the quantities.
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Figure 8. Transport predicted by the local surrogate model (red triangles) is compared to that given by the GTC local simulation in the test
dataset (blue solid curve) for transport quantities (a) xi, (b)Xe, (¢)D;.
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Figure 10. Regression for transport coefficients i, xe, Di from global surrogate model using the global surrogate model.
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Figure 11. Comparison of transport coefficient predictions from surrogate models with results from global gyrokinetic simulations for a

representative case.

the global simulation results (blue curves). For all three trans-
port coefficients, the MAPEs are around 10%, indicating the
high predictive accuracy of the global surrogate model.

By contrast, predictions obtained using the local surro-
gate model alone (green dots) exhibit substantial deviations
from the simulation results, with MAPEs exceeding 100%, as
shown in figure 11. These results not only validate the effec-
tiveness of the proposed mapping model but also, more impor-
tantly, reveal a pronounced discrepancy in turbulent trans-
port characteristics between local and global simulations, even
when evaluated at identical radial positions with identical gra-
dient scale lengths. This discrepancy is physically reasonable,
as global transport inherently involves nonlocal effects and
complex global physics, such as turbulent spreading [29]. The
observed differences therefore clearly demonstrate both the
necessity and the efficacy of developing the proposed mapping
workflow.

We progressively increased the number of samples in the
training set and evaluated the corresponding regression perfor-
mance of the transport coefficients on the test set. As shown
in figure 12, the coefficient of determination (R?) converges
when the training set size reaches approximately 35, indicat-
ing that a large number of global gyrokinetic simulation sam-
ples is not required to effectively reproduce the essential global
transport characteristics. This result strongly supports the fea-
sibility of constructing a global surrogate model using only a
small number of global gyrokinetic simulations in combina-
tion with the local surrogate model.

5. Prediction of plasma profile evolution

Building upon the established global surrogate model, this
study develops an reduced transport solver to predict plasma
profile evolution. The solver employs coupled transport
equations in cylindrical coordinates for the density N(r), elec-
tron temperature T,(r), and ion temperature 7;(r) . Turbulent
transport coefficients derived self-consistently from the global
surrogate model are incorporated into the transport equations,
as shown in equations (1)—(3). The formulation is simi-
lar to that adopted in the neoclassical transport theory of
[47]. The particle source Sy(r), electron and ion heat source

Test si;e =10

0 10 20 30

Train size

40

Figure 12. Coefficient of determination (R?) of global transport
coefficients with the size of the training dataset, shows some
convergence when training set size reaches 35.

Spe (), Spi(r) are implemented to sustain the prescribed plasma
pressure profile. Order-of-magnitude estimates indicate that
collisional time-scale processes—such as Ohmic heating, neo-
classical transport, collisional heat exchange, and viscosity—
are approximately one order of magnitude smaller than tur-
bulent transport in the core region(r/a < 0.8). Therefore, the
present solver retains only turbulent transport effects. A cir-
cular cross-section magnetic configuration is assumed, which
justifies the use of approximate cylindrical coordinates. In
addition, magnetic flux surfaces are taken to remain stationary
over the time scale of interest. Consequently, this work focuses
primarily on the influence of turbulent transport and external
heat sources on plasma profile evolution.

The transport solver adopts the energy flux formulation
used in the GTC code,

O = —Nx0,T+3/2I'T,

where Qg is the radial energy flux, and the particle flux is
expressed as I' = —DO,N.
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Based on the preceding physical considerations and discus-
sion, the transport equations can be written as follows:

ON 10 ON
ot ror <r (r) 6,,) S (r) 2a)
3,0 3. ON 10 aT. 3 ON
27 or ETiE ror < Nxi (r) ar Tl (r) E) = Spi
(2b)
N, + “5 " 75 ( rNxe (r) 5= +r§TeD(r)E) = Spe.
(2¢)

In the preceding equations, the heating source profiles are
computed with the NUBEAM [48] Monte Carlo code using
HL-2A experimental inputs such as neutral beam injection
(NBI) parameters and plasma profiles. The particle source,
which is difficult to determine directly from diagnostics or
simulations, is instead derived inversely: given the transport
coefficients from GTC simulations, the particle source is
adjusted such that the density profile reaches a steady state.
The source profiles are shown in figure 13. Owing to the com-
plexity of edge physics, which lies beyond the scope of the
present study, the experimental measurements are imposed as
fixed boundary conditions. Spatial discretization is performed
using a second-order central difference scheme, while tem-
poral advancement is treated implicitly. The resulting finite-
difference form of the transport equation is given as follows,
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Figure 13. The particle source profiles Sy(r) inferred

from both experimental and simulation data, along with the
NUBEAM-simulated NBI power deposition profiles Pxgi(r) on ions
and electrons based on the experimental profiles, were provided by
the experimental group.

where n denotes the time-step index and j the radial grid index.
Here, At and Ar represent the temporal and spatial step sizes,
respectively. The notation fi/, is defined as (fi1; +f;)/2,
where f'denotes an arbitrary physical quantity.

As shown in figure 14, the simulated steady-state den-
sity, electron temperature and ion temperature profiles
obtained using the global surrogate model exhibits good
qualitative agreement with the experimental measurements.
Quantitatively, the deviation between the predicted and mea-
sured profiles remains within an acceptable range MAPE~
10%, thereby demonstrating the predictive capability of the
reduced transport solver. In contrast, the local model employed
in figure 15 produces pronounced deviations from the experi-
mental data in the evolution of the ion and electron temper-
ature profiles, while the density profile shows slightly bet-
ter agreement. Overall, the local model exhibits poor numeri-
cal convergence. Notably, even without incorporating complex
edge physics, the global surrogate model successfully repro-
duces the essential transport characteristics in the plasma core
region, highlighting both its physical reliability and the numer-
ical robustness of the transport scheme.

Nevertheless, discrepancies persist between the simulated
profile evolution and the experimental observations. These dif-
ferences are primarily attributed to incomplete experimental
input. In the present study, only the heat deposition profile
associated with NBI was available, whereas particle fueling
was not included.

Despite these limitations, the proposed global transport
model demonstrates considerable promise in capturing macro-
scopic transport behavior. Future work will aim to develop a
unified and fully integrated simulation framework that cou-
ples the present transport model with additional physics mod-
ules calibrated against a broader set of experimental measure-
ments. In particular, the enhanced framework will incorporate
multiple heat and particle sources consistent with experimen-
tal conditions, together with neoclassical and radiative trans-
port effects, and will be systematically benchmarked against
other integrated simulation codes. These developments will
further improve the model’s physical fidelity and strengthen
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Figure 14. Evolution of (a) the electron density 7., (b) the electron temperature 7., and (c) the ion temperature T; relative to their respective

experimental profiles, obtained from the global surrogate model.
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Figure 15. Evolution of (a) ne, (b) T¢, and (c) T relative to the experimental profiles, evolved with the local surrogate model in the reduced

transport code.

its quantitative predictive capability across an expanded range
of operating regimes.

Our surrogate transport model can be integrated as a drop
in replacement for empirical models in a real time frame-
work like RAPTOR [49]. At each time step, it evaluates
local profiles Te,Tj,n. and returns i, Xe,D; in microsec-
onds, advancing the transport PDEs. The solver runs inside
a state estimator such as an extended Kalman filter [50],
fusing predictions with diagnostics; the estimated state then
drives model based controllers. This preserves the existing
loop while improving the physical fidelity of the transport
model.

6. Conclusion and discussion

This study presents a practical surrogate modeling approach
for predicting turbulent transport in HL-2A tokamak plas-
mas by integrating high-fidelity gyrokinetic simulations with
machine learning techniques. A two-stage modeling strat-
egy is proposed to bridge the gap between the large free-
dom in plasma profiles and accurate global transport predic-
tions. Specifically, a neural-network surrogate is developed
for local simulations, achieving R> > 0.9. An SVR-based sur-
rogate model is then constructed to map local transport to

global transport. This two-stage modeling strategy effectively
overcomes the limitations inherent in purely local and purely
global surrogate models.

The proposed methodology offers substantial computa-
tional advantages by significantly reducing reliance on compu-
tationally expensive full-fidelity gyrokinetic simulations while
preserving essential physical accuracy. The local surrogate
model is trained, validated and tested on 762 nonlinear simu-
lation cases, while the training and testing of the global surro-
gate model requires only 50 nonlinear simulation cases, high-
lighting the efficiency of this methodology and its potential for
accelerating integrated simulation workflows. The significant
differences between the turbulent transport results from local
simulations and those from global simulations demonstrate
the necessity of developing global surrogate model, which can
incorporate global turbulent effects such as turbulence spread-
ing. The reduced transport code based on the global surro-
gate model exhibit good agreement with experimental mea-
surements on the steady-state plasma profiles, particularly in
the core region where turbulent transport dominates, as shown
in figure 14. This agreement supports the physical relevance of
the global surrogate model, despite simplifications such as the
neglect of neoclassical transport, the latter being justified by
its contribution being at least one order of magnitude smaller
in the core plasmas.
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Although the machine learning models demonstrate good
predictive performance, further developments could enhance
their physical interpretability. Future work may incorporate
physics-guided constraints or symbolic regression to extract
underlying transport scalings and physical relationships.
While the current models perform reliably within the explored
parameter space, extrapolation to significantly different oper-
ational regimes may present grand challenges. Active learn-
ing strategies could be employed to improve model robustness
and generalization. The proposed surrogate modeling method
also shows promises for real-time applications, although addi-
tional validation over broader operational regimes is war-
ranted. Extensions of the parameter space, including varia-
tions in the safety factor profile ¢(r) and magnetic shear s,
as well as the inclusion of electromagnetic effects to address
high-8 scenarios, represent important directions for further
research. The present surrogate model is limited to HL-2A
discharges resembling shot #27 055. Given the narrow oper-
ating range of HL-2A (concentric core flux surfaces, lim-
ited variations in magnetic field, density, and pressure), we
expect that the model would perform similarly for other typical
HL-2A discharges or other devices, with possible differences
easily mapped using the proposed Local-Global approach.
Extension to other devices and scenarios is left for future work.
It should be noted that our reduced transport solver is devel-
oped in cylindrical geometry with specified source profiles,
and does not include self-consistent equilibrium, neoclassical
effects, detailed heating, or edge physics. Furthermore, due to
the lack of time-resolved experimental data, we are limited
to examining profile evolution toward steady state and cannot
obtain time-dependent results for direct experimental compar-
ison. Moreover, the fixed boundary condition approximation
adopted here could also be refined in future studies. Hence
the present model serves as a reduced framework rather than
a fully integrated transport solver.

Overall, this work establishes a valuable approach for
developing turbulent transport surrogate models by com-
bining first-principles simulations with machine learning in
fusion research. The proposed methodology addresses the
immediate need for efficient and accurate transport mod-
eling. The demonstrated accuracy and efficiency suggest
strong potential for applications in scenario development, real-
time control, and uncertainty quantification in future fusion
devices.
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