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Acceleration of Multi-Scale LTS Magnet
Simulations with Neural Network Surrogate Models

Louis Denis, Julien Dular, Vincent Nuttens, Mariusz Wozniak, Benoit Vanderheyden, and Christophe Geuzaine

Abstract—While the prediction of AC losses during transients
is critical for designing large-scale low-temperature supercon-
ducting (LTS) magnets, brute-force finite-element (FE) simulation
of their detailed geometry down to the length scale of the
conductors is a computational challenge. Multi-scale methods,
balancing between a coarse approximation of the fields at the
scale of the magnet and a detailed description at the scale
of the conductors, are promising approaches to reduce the
computational load while keeping a sufficient accuracy.

In this work, we introduce a neural network approach to ac-
celerate multi-scale magneto-thermal simulations of LTS magnets
by replacing costly single-turn FE models with neural network
surrogates. The neural network architecture is presented and
discussed, together with an automated procedure for generating
simulation data for its training. The resulting accelerated multi-
scale model is used to simulate current ramp-up procedures for
the IBA S2C2 magnet. The surrogate-based multi-scale model
is compared with a conventional multi-scale model based on a
composite wire-in-channel FE model. The surrogate model is
shown to reproduce single-turn filament hysteresis, inter-filament
coupling, and eddy losses, while the computational time of the
multi-scale method is reduced by a factor of 800.

Index Terms—AC Losses, Finite-elements, Low-temperature
superconductors, Multi-scale modeling, Neural networks

I. INTRODUCTION

ESIGNING and optimizing operation of large-scale

Low-Temperature Superconducting (LTS) magnets for
industrial applications requires fast and reliable AC loss simu-
lations. Because the main loss mechanisms (filament hystere-
sis, inter-filament coupling and eddy losses) occur at the scale
of individual conductors [1], [2], [3], an accurate estimation of
the AC losses involves the calculation of the magneto-thermal
response of the system from the scale of single conductors
to the macroscopic scale of the magnet. While recent paral-
lelization methods, such as domain decomposition [4] or GPU-
optimized algorithms [5], can accelerate resolutions, full-scale
finite-element (FE) simulations are currently out of reach for
desktop computers.

In this context, computational homogenization [6] via multi-
scale resolution techniques [7], [8] can be employed to reduce
simulation times. The main idea is to couple a macroscopic
FE model describing averaged physical fields with local
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mesoscopic-scale models based on a detailed geometry, in
order to capture, e.g., the relationship between local loss
mechanisms and the large-scale temperature distribution in
LTS magnets. In a recent work [9], we introduced a magneto-
thermal multi-scale approach (MSA) that combined an ho-
mogenized 3D FE LTS magnet model with meso-scale models
estimating AC local losses at the level of single filaments (SF).
The MSA was shown to increase the accuracy of predicted
peak AC losses with respect to state-of-the-art analytical
approximations [9], [2].

In the present work, the MSA is first extended by mod-
elling the actual composite superconductor geometry at the
mesoscopic scale, replacing the SF model in [9] and enabling
the representation of the different loss mechanisms with the
FE method. While twisted superconductors are here modelled
efficiently using the CATI method [10], their simulation in a
full multi-scale resolution remains computationally expensive
as it still requires high-performance computing facilities. In a
second step, substantial acceleration of multi-scale simulations
is achieved by replacing the mesoscopic-scale FE model with
a neural network (NN) surrogate, an approach that showed
promising results in computational mechanics [11]. Such NN
surrogates represent an alternative to classical model order
reduction techniques, such as energy-based models [12], [13]
recently adapted to superconductors [14], [15].

The use of machine learning-based surrogates in applied
superconductivity has grown rapidly in recent years [16] and
offers interesting perspectives in modelling and optimizing
superconducting systems [17], [18], [19], [20], [21]. Among
others, physics-informed NNs are being investigated as al-
ternatives to complete FE solvers [22], [23]. Here, we are
specifically interested in the time-evolution of AC losses in
composite superconductors. To this end, we opt for a NN sur-
rogate based on Gated Recurrent Units (GRUs) [24] designed
to represent history-dependent phenomena such as hysteresis
in superconductors. Our approach differs from previous NN
surrogates for AC losses in single conductors [25], [26], [27],
[28], [29], mostly designed for periodic excitations and limited
to averaged loss predictions. It also contrasts with [30], in
which an advanced NN surrogate model for time-dependent
AC loss prediction was proposed at the system level of
superconducting motors. Moreover, our approach learns the
direct mapping between time sequences of fields, avoiding
the intermediate step of fitting coefficients in a parametric
constitutive law [31], [14].

Building upon the simplified MSA presented in [9], where
comparison with analytical approximations and experimental
data can be found, the present paper focuses on acceler-
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Fig. 1. Flowchart of the FE-based MSA, coupling the macroscopic thermal FE
simulation of the LTS coil with mesoscopic magnetodynamic FE simulations.

ating the MSA using a GRU-based NN surrogate of the
mesoscopic-scale FE model. It is structured as follows. Sec-
tion II introduces the generalized FE-based MSA and its GRU-
based counterpart. Section III discusses the NN surrogate,
its architecture, its automated dataset generation and training
procedure. Both the FE-based MSA and the novel GRU-based
MSA are applied to ramp-up simulations of the existing IBA
S2C2 synchrocyclotron [32] in Section IV, demonstrating the
significant speedup achieved with the NN surrogate.

II. MULTI-SCALE APPROACH

The basic scheme of the FE-based multi-scale approach is
detailed in [9], and its generic workflow is shown in Fig. 1.
Subscripts -\ and -, denote macro- and mesoscopic-scale
fields, respectively. In the LTS magnet, conductor turns are
assumed to be connected in series and with negligible trans-
verse dimensions w.r.t. the magnet radius. Given a prescribed
current source Iy(t), the macroscopic magnetic flux density
bu(am, t) in the magnet is obtained from a preliminary mag-
netodynamic simulation FE\*® (e.g. with the a-v formulation
as in [9]), based on the engineering current density imposed
in the LTS coil.

The second step of the MSA involves using a macroscopic
thermal simulation FE{ to solve the heat equation for the
temperature field 7y within the cold mass of the magnet:

prcpOiIv + div - (—k - grad Ty) = g, (1

where ¢ is the heat source (in W/m3), while pr, ¢, and k are
temperature-dependent thermal material properties that have
been homogenized in the LTS coil (see [9, Appendix A] for
their description). Notably, including the epoxy insulation in
the homogenization increases the effective specific heat of the
coil and leads to a strong anisotropy in its effective thermal
conductivity. The combination of (1) with spatial boundary
conditions (BCs) typically requires 3D simulations. Cooling
is modelled with convective BCs, as described in [9].

In normal conductors (e.g. copper bars, aluminum coil
formers), the heat source corresponds to conventional Joule
losses ¢s = pwm||gm||?, with py the electrical resistivity and
Jm the current density from the macroscopic simulation. In
composite superconductors (i.e. in the LTS magnet), the loss
density can be decomposed into its three main contributions:

Qs = gfil T Geoupl + Geddy, 2

with gg1, Geoupt and geqqy denoting filament hysteresis, inter-
filament coupling and eddy losses [10], respectively. While
some of these components can be estimated analytically

FE-based MSA GRU-based MSA

Macro-scale
LTS coil

gsil

Geoupl In qfil

Geddy by | =u GRU Y = | Geoupl
Tv Geddy

Fig. 2. FE-based MSA: fields are downscaled from the macroscopic LTS
coil model to the mesoscopic conductor model and AC losses are upscaled
back (left). GRU-based MSA: the mesoscopic model FEp ¢ is replaced with
a GRU-based NN surrogate (right).

Meso-scale
Single-turn
conductor

[11, [2], [33], [9], the FE-based MSA relies on multiple
mesoscopic-scale models FER*® of a single conductor turn
for reliable loss prediction. In particular, the MSA in [9] is
generalized here by replacing its meso-scale single-filament
model with a more comprehensive model of the composite
superconductor, which enables the accurate description of
inter-filament coupling currents. The mesoscopic FE model
determines the averaged loss components in (2) by solving
for the local magnetic field h;, and its corresponding current
density ju, given transport current Iy (¢) and applied external
flux density by(¢) sequences from the macroscopic scale.
Due to the high thermal conductivity of copper ensuring
rapid thermal equilibrium, temperature is not solved at the
mesoscopic scale and is assumed uniform 7, = Ty within
each turn. Still, mesoscopic losses are dependent on Tj; via
the local critical current density jc(bm, Tym)-

Consequently, the FE-based MSA relies on a two-way cou-
pling between the macroscopic thermal simulation FE{ and
multiple mesoscopic loss simulations FEq . This is illustrated
in Fig. 2 for a wire-in-channel (WIC) conductor, as used in the
IBA S2C2 magnet [9]. Rather than associating one mesoscopic
model FER* with each macroscopic integration point, as in
the FE? method [7], the coil cross-section is subdivided into
zones and the FE-based MSA in Fig. 2 assigns one mesoscopic
model to each macroscopic zone. This improves efficiency
as it greatly reduces the number of mesoscopic simulations
required [9]. In this case, the inputs uw = (Iy, by, Ti)” of
each single-turn model correspond to field sequences spatially
averaged over the corresponding zone.

From the macroscopic perspective, the mesoscopic FE
model acts as a black box returning the loss density contribu-
tions, that can be expressed at a given time t" = nAty (with
Aty the time step of FEY®) as

y(t") = y(u(t < t"),conductor properties, geometry), (3)
———

history

where ¥y = (g1, Geoupl, qeddy)T. Since the conductor features are
fixed for a given magnet, (3) shows that a history-dependent
surrogate could replace the single-turn FE model for faster
loss prediction. A GRU-based NN surrogate is considered for
this purpose and its integration in the MSA is represented
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Fig. 3. Structure of the GRU-based RNN. Two feedforward networks FFNs
are placed in front and after the GRU, respectively.

in Fig. 2. The GRU-based MSA is thus similar to the FE-
based MSA, with the mesoscopic FE model (bottom left in
Fig. 1) replaced by the surrogate. Both FE-based and GRU-
based MSAs are implemented in GetDP [34] with a Python
interface for communication between scales.

Limitations of the FE-based and GRU-based MSA include:

o The subdivision into zones may introduce spatial alias-
ing in the macroscopic thermal simulation. This can be
mitigated by conducting a dedicated convergence study
as performed in [9, Section VII.C], as 36 zones already
showed satisfactory convergence of AC losses during
the S2C2 ramp-up. However, the simulation of local
defects in the LTS conductor, possibly leading to quench
phenomena, remains out-of-scope of the proposed MSA.

e Similarly, the variability of material and geometrical
parameters along conductor length is neglected: critical
current scaling law, copper matrix RRR, superconductor
filling ratio and twist pitch are considered fixed.

III. NEURAL NETWORK SURROGATE
A. Neural Network Architecture

GRUs are designed to capture temporal dependencies by
treating data sequentially, with the history at time ¢,, encoded
in the hidden state vector h™ [24]. The simplified GRU-based
surrogate architecture, adapted from [11], is shown in Fig. 3.
At time t,, the input u™ is first processed by a feedforward
network (FFN;), whose output is passed to the GRU along
with its previous hidden state A"~!. The GRU (one hidden
layer of size 100, initialized to zero) produces the updated h™,
which is then passed through a second feedforward network
(FFN>) to generate the final predictions y™. FFN; and FFN,
each have one hidden layer of size 32, with LeakyReLU and
Sigmoid activation functions, respectively. By design, the three
loss components are predicted as separate output channels,
while they share a common history via the GRU hidden state.

Enriching the input vector v with additional features in-
creased accuracy. The optimal setting includes eight scaled
macroscopic features, denoted -,

~ - - - - - - - T
u = (Il(}l,bf,[’r,bﬁwz,Tﬁfl,t”,atID’}[,8tbf,[’r,8tbf,[’z) @)

where by, and by . are the radial and vertical components
of the macroscopic flux density. In particular, passing the
macroscopic temperature at the previous time step Tﬁ_l was
found to increase the efficiency of the GRU-based MSA.
For a current ramp-up of the LTS magnet, input fea-
tures w; € [uM" uMX] are linearly scaled to @; €
[—1,1] for bMW,bM’Z,ath’T,ath’Z, and to u; € [0, 1] for
Iv, Twm, t, Os Iy, where u?i" and u;™ are the minimal and

maximal values in the dataset. To maintain accuracy across

the full range of losses, each output feature y; is scaled as
i = (yi/y"™>)1/3. Combined with the Sigmoid final activation
of the NN, this scaling provides a physical safeguard: predic-
tions cannot exceed the loss values observed during training.

B. Automated Training Procedure

As the input space is high-dimensional, a dedicated three-
step automated training procedure is proposed in Fig. 4, such
that a surrogate model can be trained for each particular LTS
magnet to be studied. The first step requires human input. It
consists in describing the macroscopic magnet model (geome-
try, material properties and FE solver), and the corresponding
mesoscopic single conductor turn model. A sampling method
(e.g. subdividing the coil cross-section in 100 zones) must be
defined to retrieve representative field sequences.

The second step focuses on dataset generation. During
magnet ramp-up, the control variable is the imposed cur-
rent I;. Accordingly, 80 different current sequences are gen-
erated as random walks, with the constraint that current can
only increase and must reach its nominal value after ramp-
up: Ivi(Typ) = Inom- One example sequence is shown in
Fig. 4. The total ramp-up time Ty, is varied to cover different
time scales. For the S2C2 magnet, it is drawn randomly in
[3600,36000] (in s). Dataset generation based on random-
walk loading has been widely used for data-driven or multi-
scale modelling of history-dependent nonlinear mechanical
systems [11], [36], [37], [38], [39]. Given the similarity of
the studied configuration, the same strategy is adopted here
to ensure broad coverage of possible input sequences and to
avoid bias towards specific ramping patterns, improving the
surrogate’s interpolation capacity. For each current profile, a
FE-based MSA simulation is then run (cf. left part in Fig 2).
Each run produces a set of representative u-y sequences (e.g.
1 per zone, thus 100 per run, as in Section III), diversified by
the local magnetic field and temperature variations, leading
to distinguishable losses within the LTS coil [9, Fig. 19].
Together, these sequences form the dataset.

The final step is the training of the NN surrogate. To
this end, the generated dataset is randomly split into training
(85%) and validation (15%) sets, with u—y sequences from
the same FE-based MSA simulation assigned to the same set.
An independent test set based on physical current ramps is
evaluated in Section IV. Training is performed with PyTorch,
the Adam optimizer and the mean squared error (MSE) loss
function. The optimal hyperparameters of the surrogate, cf.
Section III-A, were determined through a grid search [35] over
the following ranges: number of hidden layers (1-5), hidden
state sizes (10-250), and FFN layer sizes (8-256).

IV. APPLICATION, RESULTS AND DISCUSSION

The existing S2C2 LTS magnet [32] is used as a case study
to compare the GRU-based MSA with the previously validated
but time consuming FE-based MSA [9]. The 3D macroscopic
thermal model and the preliminary axisymmetric magnetic
model, including the ferromagnetic yoke, are detailed in [9,
Sec. VILa]. Notably, the LTS coil is conduction-cooled with



JANUARY 2026

2 I ;

: Dataset generation da
o . =
o] »Randomized current ramp =
= =
R= Ia 2 ]
9] B Z
< |—> - v
-~ s —
5] 2 15)
£ Time | & 2
= » FE-based MSA simulation |~ ]
= Representative u-y sequences Z

Fig. 4. Three steps of the offline automated training procedure.

TABLE I
MAIN PARAMETERS OF THE WIC CONDUCTOR IN THE S2C2 COIL.

Value

[41], [42], [43]

Description

Critical current density jc(b, T')-fit

Je(5 T,4.2 K) 2783 A/mm? [9]
Power-law n-index 50
NbTi Filament diameter 156 um
Superconductor filling ratio in WIC 0.148
Central strand twist pitch length 0.1 m

Copper (strand matrix and channel) RRR 80
Nominal current Inom 656 A
Copper channel dimensions ~ 4 x 2.5 mm?

four cryocoolers. Their position and cooling capacity is de-
tailed in [9, Sec. VILa]. In the FE-based MSA, the WIC-
geometry is assumed periodic and is solved using the CATI
method [10] implemented in FiQuS [40], which replaces the
full 3D twisted conductor model with two coupled 2D finite-
element problems. The WIC model is similar to the one
described in [10, Sec. 5.2] and sketched in Fig. 2, with its main
parameters adapted to the epoxy-impregnated S2C2 conductor
and gathered in Table 1.

The NN surrogate is trained following the procedure de-
scribed in Section III-B. For dataset generation, 80 FE-based
MSA simulations are performed with the LTS coil subdivided
into 100 zones, providing 100 representative u-y sequences
per simulation and a total of 8000 sequences. Each sequence
consists of 500 time steps, resulting in 4 million samples.
Input and output features are scaled as described in Section
III.A. While a more detailed description of the generated
dataset is left out-of-scope, the corresponding ranges are
reported in Table II. Training and validation MSE curves for
different training set sizes, averaged over five random train-
ing/validation dataset splits, are shown in Fig. 5. These results
demonstrate that insufficient training data leads to overfitting,
as indicated by early saturation of the validation MSE. No
significant reduction of the validation MSE is observed beyond
5200 sequences (65% of the dataset), which suggests that the
considered dataset size is appropriate.

Once trained, the GRU-based MSA associates one NN
surrogate with each zone, considering the same subdivision
into 100 zones as the FE-based MSA. As shown in Fig. 6, the
GRU-based MSA reproduces FE-based MSA loss predictions
when tested on practical engineering ramp-ups of different
durations, including the practical current IBA S2C2 ramp-up
profile. The current profiles in Fig. 6 are not part of the training
dataset, highlighting the good interpolation capacity of the
NN surrogate. The surrogate extracts the relevant information
from the 49k degrees of freedom of the FE WIC model into

TABLE I
INPUT (LEFT) AND OUTPUT (RIGHT) FEATURE RANGES BEFORE SCALING.
Variable Range
Iv (A) [0, 656) :
bm, (T) [—3.35, 3.35] Variable Range
b T —5.25, 5.25
]Mh;[z(i{)) [[3.64 8.07]] g (W/m3) [0, 323]
t (h) [0 710] Gcoupl (W/ms) [0, 128§]
8lv (Als) [0, 0.363] Geasy (W/m?) [0, 0.167]
Otbm,r (mT/s) [—4.86, 4.86]
Otbm,, (mT/s) [—4.53, 4.53]
T T T T
2= Nyeq = 400 o Nieq = 4000
21072 =N = 1600 ZF Noeg = 5200
2 o Nyeq = 2800 | & 5 Nyeg = 6800
- :
2 &R
.g é
= s
1 1 1 |
0 2 4 6 0 2 4 6

Batch iterations (x 10°) Batch iterations (x 10°)

Fig. 5. Training (left) and validation (right) MSE curves for different training-
set sizes Nseq, against number of batch (fixed size: 64) iterations. Results have
been averaged over five independent runs to account for stochastic variability.
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Fig. 6. Volume-integrated filament hysteresis, coupling and eddy losses in
the LTS coil, computed with FE-based and GRU-based MSAs (top), together
with the corresponding absolute error (center) and maximal coil temperature
(bottom). Example 2 h ramp-up composed of two linear ramps with an
intermediate pause (left). Practical 4 h ramp-up profile of the S2C2 [9] (right).

100 hidden states, without explicitly resolving the detailed
current density j,, distribution. Notably, loss contributions of
different physical nature, see (2), and spanning several orders
of magnitude are accurately captured. This is quantified by
computing the coefficient of determination R? for each loss
contribution Qgru(t) predicted by the GRU-based MSA w.r.t.
the FE-based reference Qg (t) (mean value: Qg), defined as

_ foTup(QFE(t) — Qaru(t))? dt.
S (Qre(t) — Qre)? dt

The 1 — R? values gathered in Table III confirm the excellent
agreement between the GRU-based MSA and its FE-based
counterpart, and demonstrate the ability of the NN surrogate
to produce reliable predictions in realistic operation conditions.
This agreement is further assessed through the pointwise rela-
tive error e of local GRU predictions against the mesoscopic

R?=1

®)
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TABLE III
1 — R? COEFFICIENT OF VOLUME-INTEGRATED LOSSES, WITH MEDIAN
AND 95TH-PERCENTILE RELATIVE ERRORS OF LOCAL PREDICTIONS, FOR
THE TWO ILLUSTRATED CURRENT RAMP-UP PROFILES.

1— R? ‘ Filament Coupling Eddy
Example 2 hramp | 2.27 x 107% 293 x 10~%  4.71 x 10~*
Practical 4 h ramp | 2.57 x 10~° 7.37 x 105 3.68 x 10~°

median(e) | 0.45% 0.48% 0.015%
Pos (eret) \ 4.1% 2.2% 0.25%

FE reference, summarized by the median and 95th-percentile
(Py5) values reported in Table III. These low values indicate
the absence of large localized prediction errors. As shown in
Fig. 6, the coil maximum temperature evolution is also well
captured, with corresponding 1 — R2 values of 1.23 x 10~*
and 1.6 x 107° for the 2 h and 4 h ramp-ups, respectively.

The maximal temperature increase predicted by the WIC-
FE-based MSA is ATy = 1.331 K during the 4 h ramp-
up. This high value is driven by the large filament size and
agrees with the value obtained with the simplified single-
filament FE-based MSA in [9] (AT max = 1.336 K), showing
that inter-filament coupling losses are negligible during normal
operation. This strong agreement also indirectly verifies the
present WIC-FE-based MSA, since the SF-FE-based MSA
was experimentally validated in [9, Sec. VILE]. In the same
reference, an analytical power-law model for ramping hys-
teresis losses was proposed and shown to underestimate the
peak losses (and resulting temperature rise) during the 4 h
ramp-up, while the FE-based MSA captured additional effects
such as locally rotating fields more accurately [9, Sec. VILF].
Since the NN surrogate is trained to reproduce the mesoscopic
FE results, it therefore inherits this improved accuracy over
simpler analytical models.

The computational performance of the different approaches
for the 4 h S2C2 ramp-up simulation is summarized in
Table IV. A single FE-based MSA simulation requires
1500 CPU-h. In contrast, after training, the GRU-based MSA
simulation (with one surrogate per macroscopic zone, or 100
in total) runs in less than 2 h on a single CPU, achieving an
800-fold speedup. Its memory requirement (in terms of the
maximum resident set size RSS) is also significantly lower.
The remarkable efficiency of the GRU-based MSA enables
the evaluation of one distinct mesoscopic-scale surrogate at
each of the 41k integration points in the FE{\'}Ie model, leading
to a FE?-type method. This is a significant step towards full-
scale simulations of LTS magnets, since the FE-based MSA
with as many mesoscopic models would require 41k x 15 ~
600k CPU-h. The 1 — R? coefficients between the full 41k-
points GRU-based MSA and the 100-zone GRU-based MSA
remain below 5 x 1074, confirming that the zone-discretization
introduced in [9] does not lead to significant aliasing errors at
the macroscopic FE level.

Table IV also shows the significant cost of the training
procedure. While the training of the NN itself takes less than
one hour on a single GPU, the 80 FE-based MSA simulations
required for dataset generation correspond to about 120k CPU-
h. This cost cannot be overlooked, and the proposed training

TABLE IV
COMPUTATIONAL PERFORMANCE FIGURES.
MSA FE-based GRU-based = GRU-based

Nb. mesoscopic models 100 100 41k
Wall time (s) 54055 6056 7278

Nb. CPUs 100 1 1
CPU hours 1500 1.7 2.02
Maximum RSS (GB) 155 0.664 4.1

Offline dataset generation | - 80 x 1500 = 120k CPU-h

.
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10-9L KAI\r_A\A/HTA——A—é—&—ﬁ-Tg\A——H—A_

0 1 2 3 4 5 6 7
Number of sequences in the training set (x 10%)

Fig. 7. Training (solid lines) and validation (dashed lines) MSE of the best
model (selected at minimal validation MSE) for each loss contribution, as a
function of training set size. Results have been averaged over five independent
runs to account for stochastic variability.

strategy is justified only when a large number of simulations
of a given magnet are needed. Among other applications, this
approach is suited to the optimization of the magnet ramp-up
profile, coil layout, cable arrangement, and magnetic circuit,
given a fixed cable design.

The importance of generating sufficiently many in-
put—output sequences is further illustrated in Fig. 7, where
each physical loss component was scaled back to its physical
range. With a small training set, the NN surrogate overfits: the
MSE is significantly lower when evaluated on the training set.
As the training size increases, the gap between training and
validation MSE decreases, until enough data is provided for
training. Notably, the validation MSE for all loss contributions
decreases by two orders of magnitude when increasing the
training set size from 400 up to 5200 sequences. Beyond
this size, no significant improvement is observed, which is
consistent with the results provided in Fig. 5.

V. CONCLUSION

Multi-scale magneto-thermal FE simulations of LTS mag-
nets have been accelerated by replacing costly mesoscopic FE
models with a neural network surrogate. An automated frame-
work for training the surrogate has been developed and applied
to the 3D simulation of the IBA S2C2 magnet describing a
current ramp-up. Once trained on detailed simulation data, the
surrogate delivers an 800-fold speedup of the 3D multi-scale
model while showing excellent agreement in predicting AC
loss contributions of different physical origins. This approach
provides a reliable tool for optimizing the operation of existing
magnets, the design of next-generation magnets, and real-time
simulation of large-scale LTS systems.

Future work could introduce cable material and geometric
parameters as inputs to the NN surrogate. This would allow to
model their variability along the conductor length, or to eval-
uate different cable designs without retraining the surrogate.
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