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The Galileo Ferraris Contest is a benchmark initiative aimed at evaluating data-driven surrogate modeling methodologies for
multi-physics simulation of traction electric motors. The design of such motors traditionally relies on high-fidelity finite-element
simulations, which are accurate but introduce severe computational bottlenecks for large-scale design exploration. The use of
emerging surrogate modeling strategies offers a promising path to overcome these limitations. Yet, a systematic and fair comparison
of their capabilities for realistic electric motor design is still lacking. Built upon an open-access dataset including electromagnetic,
thermal, and structural results for three families of V-shaped interior permanent magnet motors, the contest provided a standardized
testbed to assess interpolation, extrapolation, and innovation capabilities of surrogate models. A uniform multi-objective optimization
and FEM validation pipeline was applied to all participant models, ensuring fair comparison across different machine learning
strategies. The results show that different approaches successfully reproduced the input—output relationships of the reference motors,
achieving accurate predictions even in unseen design regions. Moreover, when integrated into the optimization loop, surrogate
models identified Pareto-optimal configurations beyond the resolution of the original dataset, enabling physically-consistent design
exploration at negligible computational cost compared to direct finite element analysis. By establishing a reproducible framework,
the Galileo Ferraris Contest preliminarily validated surrogate models as essential tools for electric motor optimization and advanced
the standardization of data-driven multi-physics design workflows for future research.

Index Terms—Surrogate modeling, Data-driven design, Multi-physics simulation, Interior permanent magnet motor (IPM),
Optimization benchmark, Interpolation, Extrapolation, Design innovation, Machine learning.

I. INTRODUCTION that can accelerate the design loop, enabling fast predictions
of performance indicators under varying design conditions.
. ) ) . Several initiatives are sprouting, trying to heed the need for
ingly challenging due to the simultaneous need for high per- sensible and accurate data. Hosting and availability of this

formgnce, compactness,' and multl-ob]e(?tlve trade-offs across process must be provided through platforms such as IEEE
physical domains. In this context, electric motor optimization
DataPort [[1] or Zenodo [2].

requires, at least, the integration of electromagnetic, thermal,
and mechanical considerations, which are often in conflict.
Traditional design workflows based on repeated finite element
method (FEM) simulations can be accurate but are typically
computationally expensive. This becomes particularly limiting
when exploring large design spaces or running iterative opti-
mization processes. As a result, surrogate models trained on
simulation data are gaining attention as efficient alternatives

The design of traction electric motors is becoming increas-

In recent years, numerous data-driven modeling tech-
niques have been proposed for electrical machines, adopting
both black-box regression methods and physics-informed ap-
proaches [3[]-[5]. However, the lack of standardized datasets
and public benchmarks has hampered the comparison and
reproducibility of these methods.

To address this gap, the Galileo Ferraris Contest (GalFer
Contest) [6]], named after the Italian engineer Galileo Fer-

) o o o raris [7]], a pioneer of alternating-current electric motors, was
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Magnet (IPM) motors. Initially based on the International
Compumag Society community [8|], the interest around the
initiative has spread around in the computational and machine
learning researchers.

The GalFer Contest is built upon the open-access dataset
generation procedure presented in [9], which provides thou-
sands of samples combining electromagnetic, thermal, and
structural simulation results, and it represents a standard
testbed for evaluating the generalization, interpolation, and
innovation capabilities of data-driven models.

To focus attention on these aspects in the research commu-
nity, a contest was created and some industrial sponsorships
have been collected allowing to set up some money prizes for
best performance of surrogate or data driven models. Partic-
ipants were asked to submit surrogate modeling procedures
capable of predicting seven performance metrics, including
torque, torque ripple, temperature, stress, and active material
usage, from a compact set of geometric and electrical input
variables. The GalFer Contest was structured into three tracks:

Interpolation, evaluating model accuracy within the do-
main of a single motor family;

Extrapolation, testing the model’s ability to generalize to
unseen motor configurations;

Novelty, assessing methodological originality and useful-
ness for design insight.

To ensure rigorous and fair evaluation, a standardized multi-
objective optimization and FEM validation pipeline was ap-
plied to all models, based on the approach proposed in [10].

The GalFer Contest was inspired in spirit by initiatives
such as the MagNet Challenge [/11]], but with a specific focus
on multi-physics modeling for motor design. By encouraging
open data, reproducibility, and methodological comparison, the
GalFer Contest aims to serve as a reference benchmark for
future developments in the field.

This contribution has been thought, after the GalFer Contest
conclusion, with the aim of dissemination of its main results.
The paper has this structure: after a brief description of the
dataset and workflow generation procedure, in Section |lI} the
Section [[II| details the GalFer Contest organization, evaluation
criteria, and ranking procedure. Sections [[V|and [V| summarize
the contributions and performance of the participating teams.
Eventually, Section discusses the key insights from the
GalFer Contest while Section draws some preliminary
conclusions on the work and outlines possible directions for
future editions.

II. DATASET AND WORKFLOW

The dataset comprises three motor families, Motor A, Motor
B, and Motor C, each representative of a different application
scenario within the electric mobility domain:

Motor A: traction motor of full electric powertrain, with
high torque and power ratings.

Motor B: moto-generator of full hybrid powertrain with
reduced size and moderate performance targets.

Motor C: moto-generator of mild hybrid powertrain,
characterized by compact geometry and lower nominal
values.

All three motors share the same V-shaped IPM topology
but differ in key design parameters such as stator outer
diameter, stack length, pole pair number, and slot/pole/phase
configuration. Table [[] summarizes their main characteristics.

The datasets used in the GalFer Contest were constructed by
sampling a parametric design space defined by eight input vari-
ables, covering both geometric and electrical characteristics of
a reference IPM motor with V-shaped rotor topology [9]]. The
input parameters and their ranges are reported in Table [[I] They
include rotor and stator dimensions as well as the phase angle
of the supply current.

To ensure a uniform and space-filling sampling of the design
space, a Sobol’ sequence was adopted. This quasi-random
sampling technique generates low-discrepancy sequences that
distribute points evenly across high-dimensional domains, pro-
viding improved coverage compared to regular grids or purely
random methods [[12]].

For each sampled design, a multiphysics finite-element
workflow was used to simulate the electromagnetic, thermal,
and structural behavior. The workflow is managed in the open-
source environment SyR-e [[13]], which integrates various tools
for the analyses, such as FEMM [14] for electromagnetic
analysis and the MATLAB PDE Toolbox [[15] for structural
analysis. Full details on the dataset construction, model as-
sumptions, and simulation setup can be found in [9].

The overall computational cost of the FEM campaign for
a 4096 configuration dataset was approximately 122 hours
of computation time and was performed on a workstation
equipped with an Intel Xeon Cascade Lake processor (32
logical cores) and 128 GB of RAM.

Dataset availability

The datasets on the three motors used in the GalFer Contest
are publicly available on Zenodo [16] under the license CC
BY 4.0.

III. CONTEST STRUCTURE AND EVALUATION
METHODOLOGY

The GalFer Contest was designed to benchmark data-driven
surrogate modeling methodologies in a realistic multi-physics
design context. The competition focused on three distinct
tracks: Interpolation, Extrapolation, and Novelty. These tracks
targeted different aspects of model performance and innovation
and were supported by a rigorous evaluation framework.

A. Tracks Overview

Interpolation: Assessed the ability of a surrogate model
to capture the input—output relationship of a single mo-
tor family dataset (Motor A), through a multi-objective
optimization procedure.

Extrapolation: Tested the model’s ability to generalize
across different motor families by training on Motors A
and B and predicting on Motor C, a target almost unseen
during training.

Novelty: A track evaluated by an international advi-
sory board based on the originality, insightfulness, and



TABLE |
RATED SPECIFICATIONS AND FIXED PARAMETERS OF THE MOTOR FAMILIES

Parameter Motor A Motor B Motor C
Application Full Electric ~ Full Hybrid  Mild Hybrid
Rated Torque [Nm] 236 87 165
Rated Power [kW] 120 36.9 42
Max Speed [rpm] 15000 13500 12000
Stator Outer Diameter [mm] 225 264 291.3
Stack Length [mm] 134 50 61.7
Pole Pairs 3 4 4
Slots/Pole/Phase 3 2 2
TABLE I

INPUT DESIGN VARIABLE RANGES FOR MOTOR FAMILIESA, B, AND C.

Design Variable Motor A Motor B Motor C
Barrier positiond [p.u.] [0.65, 0.85] [0.40, 0.85] [0.50, 0.60]
Barrier widthh¢ [p.u.] [0.3,0.7] [0.3,0.7] [0.3, 0.4]
Rotor radiusr [mm] [60, 78] [72, 90] [78, 109]
Tooth widthwt [mm] [3.8, 6.3] [5.0, 9.0] [3.4, 10.0]
Tooth lengthly [mm] [15.0, 22.5] xed 12.36  [15.2, 32.0]
Slot openingw, [p.u.] [0.1, 0.4] [0.1, 0.4] [0.1, 0.4]
Barrier shiftdxIB [mm] [-4, 6] [-4, 8] [-3, 6]
Current phase angle [ ] [30, 60] [35, 75] [35, 75]

ef ciency of each team's approach. Being based on aC. Quantitative Evaluation Procedure
qualitativeassessment, this track is outlined but its results-l-he evaluation procedure is based on a multi criteria

are not presented in this paper. methodology that is the same for the two tracks: Interpolation

. and Extrapolation mainly based on the approach proposed in
B. Contest Problem De nition [10].

As summarized in Sectiop]ll (see Tablgs | 1), the 1) Interpolation

dataset provided to participants included simulation results for|n the Interpolation track, each team was asked to submit
three different IPM traction motor families: Motor A, Motora data-driven Surrogate model Capab]e of emu|ating the in-
B, and Motor C. Each motor con guration was characterizegut_output mapping for Motor family A. Teams were allowed
by a set of 8 input variables and 7 output performangg submit their procedure in either Python or MATLAB. To
metrics obtained via FEM-based multi-physics simulations [9nsure a fair and uniform evaluation, all procedures were
For Motor families A and B, each dataset included 409itimately executed within a common NSGA-III optimization
con gurations covering a broad range of design parametefgamework implemented in PlatEMO (MATLAB) [17]. The
For Motor family C, only 256 con gurations were sharedevaluation pipeline, outline in Figufg 1, was the following:
creating a low-data regime that challenged the generalizatiorh) Model submission: Eack! team provided a single
capability of surrogate models in the Extrapolation track. The callable procedure (MATLAB .m function or Python

outputs were: .py script) able to accept an input vector composed of

1) Average torqueT) the 8 geometric and supply variables of Motor family
2) Torque ripple Tr) A listed in Table[Dl and 4 additional characteristic
3) Mass of coppernicy) motor parameters describing the overall dimensions and
4) Mass of magnetst{mag) magnetic properties of the motor listed in Taple 1, for
5) Power factor ¢os' ) a total of 12 scalar inputs, and to return the 7 output
6) Von Mises equivalent stres¥ M)

performance metrics de ned in the dataset.

) Integration with NSGA-IIl: All models were linked

to PlatEMO NSGA-III implementation| [17], using a
wrapper that allowed calling Python functions from
MATLAB (for Python models). The design space was
de ned according to the input variables of Motor family
A.

Optimization runs: For each team, the NSGA-III opti-

7) Maximum winding temperaturel @mp) 2
The design problem was formulated as a seven-objective
optimization, with the goal of maximizing torque and power
factor, while minimizing the other ve objectives. Realistic
constraints were enforced:
VM 450 MPa

Temp 180 C 3)

The datasets were the only source of information for build-
ing and training the surrogate models: no external data or
additional FEM models or simulations were provided to the 4)
participants.

mizer was execute® = 10 times. All runs produced a
set of non-dominated candidate desighBx b,

FEM validation: The candidate solutions from all teams
were validated using the original FEM-based analysis



work ow. Con gurations violating physical constraints and Hypervolume, and nal ranking via Pareto fronts and
(V M; Temp) after FEM validation were discarded. positional score.

5) Pareto front construction: From the validated points This setup allowed for a consistent comparison of model
Yeem , the Best-So-Far Pareto FromR s ) was con- performance in both interpolation and extrapolation regimes.
structed, representing the ground-truth optimal front.

D. Novelty Assessment

The Novelty track aimed to recognize original and insightful
contributions in the eld of data-driven modeling for electrical
machine design. Unlike the Interpolation and Extrapolation
tracks, which were quantitatively evaluated, this track was
assessed qualitatively based on written reports. Each partic-
ipating team submitted a technical document (max 5 pages,
IEEE double-column format) describing:

The methodology and tools used.
The architecture and training of the surrogate model.
The innovative aspects of their approach.

The reports were independently evaluated by the GalFer
Contest Advisory Board, composed of international experts in
electromagnetics, machine learning, and electric motors and
drives. The following criteria were considered:

1) Novelty of the data-driven method or its application to
the motor design domain.

2) Design insight: the ability of the approach to support
or enhance design decision-making beyond traditional
methods

3) Efciency: smart use of the provided training data, with
respect to performance, complexity, or generalization.

Once theP Fus; has been computed, the quality of eackach criterion was scored individually by the advisory board.
team contributions to it can be measured, following the ap-three-dimensional metric space was then de ned using these
proach proposed in [10]. Each team was scored using: ~ Scores, and teams were ranked by applying the same Pareto-

Coverage: fraction ofP Fnss points generated by thebased and average positional scoring procedure used in the
team. other tracks. This ensured a consistent and fair selection of
Inverse Generational Distance (IGD): average distanfee most promising contributions.

betweenP Fpss and the team's PF.

in objective space. _ . .

. . The nal rankings for the Interpolation and Extrapolation

Finally, teams were ranked using a Pareto-based appro?ch . A
. : racks were determined through a common multi-criteria pro-
in metric space. . .

, cedure based on three metrics computed for each team:

2) Extrapolation

The Extrapolation track assessed each model's ability to M1 — Coverage: The number of points in the Best-So-Far
generalize across motor families. Participants received com- Pareto FrontR Fysr) contributed by the team:
plete datasets (4096 con gurations) for Motor families A and
B, and a reduced dataset (256 con gurations) for Motor family

Fig. 1. Flowchart of the steps of the evaluation procedure.

i = N

C, which the team used to retrain their models.

Each team submitted a surrogate model capable of operating
in a 12-dimensional input space: beyond the 8 geometric and
supply variables shown in Table II, 4 characteristic parameters
describing the motor overall dimensions and magnetic param-
eters, contained in Table |, were added. On the basis of the
inputs, the same 7 output quantities as in the Interpolation
track had to be estimated. The models were again executed
within the PlatEMO NSGA-IIl framework using the same
MATLAB-based infrastructure.

The evaluation procedure was identical to the Interpolation
case: Optimization, FEM validation, construction of the Best-
So-Far Pareto Front (PFbsf), computation of Coverage, IGD,

m, — Inverse Generational Distance (IGD): The average
distance (ovelR optimization runs) between the team's
predicted front and PFbsf:

1 X

my = IGD{

=1

m3z — Hypervolume (HV): The average (ové& runs)
of the dominated volume in objective space, using as
reference point the extrema of PFbsf:

1 R

R,

mi = 27 pyeo



Fig. 2. Flowchart of the metric computation and ranking de nition

Each team was represented as a point in the metric spacsingle multi-output network for Motor A with an 80/20
(my1; my; m3), and the following procedure was used to assignain—validation split (4096 samples). Model accuracy was
the nal ranking: evaluated by loss reduction and a correlation-based quality

1) Pareto ranking: A Pareto ranking was performed in tHedex close to 1. A unied dataset (8448 samples from

metric space, with the direction of optimization set advlotors A, B, C) was also created, with 200 A, 200 B, and
maximizemy, minimize m,, and maximizems. 50 C samples reserved for testing. Since the combined “ABC”

2) Front-wise intra-metric ranking: Within each frontmodel slightly reduced accuracy on Motor A, two networks

teams were ranked individually for each metric usingvere adopted: one trained on Motor A only and one on the
descending order fom; and ms, ascending order for full dataset, automatically selected according to the stator

m,. outer diameter. The nal surrogate was exported as an FMU
3) Average positional score: For each telapa scalar score (Functional MOCk-Up Unit) for seamless integration within the
s(K) was computed as: NSGA-III optimization work ow.
@ CAD Lab Team (ltaly), Team 3
sk = 1 P The CAD Lab Team developed seven independent deep
3 i=1 neural networks (DNNs) [19], each dedicated to one of the

hereP® is th . f toank i ici withi seven output quantities, using 4096 samples from Motor A
w Ie_)re i f'St € position of teank in metricl, within - e interpolation task. Outliers were manually removed,
Its Pareto front. and model architectures were optimized Kiaras Tunei{20],

4) Final ranking assignment: Teams were ordered 1St by, ,ioring up to six hidden layers, 256 neurons per layer, and

frc.)nF number (lower is b?“eF)’(g]e” by asc_endﬂ;f@ 20% dropout. The best con guration achieved an oveR&llof
within the same front. Ties is™ were assigned the g g5 44 4 mean absolute percentage error (MAPE) of 1.28%.
same rank. For the extrapolation on Motor C, where only 256 samples
The owchart of the metric computation and ranking de nitionyere available, a structured data augmentation procedure based
is shown in Figure 2. on Latin Hypercube Sampling (LHS) [21] was applied by
This method ensured a fair and balanced evaluation, Hiding 1% noise exclusively to the eight design inputs.
warding models with consistent performance across metrigge resulting training dataset combined Motors A, B, and
while maintaining diversity among modeling strategies. Tr@ngemed C samples (100 real + 500 augmented), while the
same ranking procedure was also applied to the Novelty tragkjidation set consisted solely of Motor C data (100 real + 500
where the metric space was de ned by the qualitative scorgggmented). This approach ensured that validation points were
assigned by the Advisory Board for Novelty, Design insighynseen during training, providing a strict generalization test.
and Ef ciency. The key innovations lie in the physics-informed data augmen-
tation and the Motor C-exclusive validation strategy, which
IV. PROCEDURES enabled robust extrapolation performance. The nal model

This section describes the procedures presented by the te&ffieved an overaR'Z of 0.92 and 5.07% MAPE, con rming
for predicting motor performance in the Interpolation anis ability to generalize under limited-data conditions.
Extrapolation tasks. Table Il summarizes the approaches andCREATORs (Austria-Germany), Team 4
the key features for each. The CREATORSs team developed surrogate models to pre-
Altair E-Motor Team (France), Team 1 dict the seven target quantities of the IPM motor datasets using
The Altair E-Motor Team adopted a neural-network-basete full data without outlier removal. For the interpolation task,
reduced-order modeling work ow [18] implemented il- the Motor A dataset was divided into 80% training and 20%
tair Twin Activateusing the RomAl tool. The software im-validation subsets and repeated across ten random seeds to
ported the CSV datasets (12 inputs, 7 outputs) and trainaskess statistical robustness. Four regression methods were in-



TABLE Ill
SUMMARY OF THE SURROGATE MODELING PROCEDURES ADOPTED BY THE PARTICIPATING TEAMS

Team Approach and Key Features

1 - Altair E-Motor Team (France) Neural-network reduced-order model (Romddtqir Twin Activatg; two multi-output NNs (Motor A / ABC)
automatically selected by stator outer diameter; FMU export for NSGA-III integration.

3 - CAD Lab Team (Italy) Seven DNNs (one per output) optimized Kéaas Tuney Latin Hypercube Sampling (1 %) for data augmentation
on scarce Motor C dataset; C-exclusive validation ensuring strict generalization; achieve®i?08@ 5 % MAPE.

4 - CREATORSs (Austria—Germany) Gaussian Process and Polynomial Chaos Kriging surrogates; Motor A trained with 80/20 splits over 10 random seeds;
Motor C modeled by retraining GP/PCK on 200 samples; consistent accuracy across electromagnetic and thermal
targets.

7 - ECAD (South Korea) Multilayer Perceptron surrogate with Bayesian hyperparameter optimization; Deep Transfer Learning from combined
Motors A-B to ne-tune on 256 Motor C samples; improved accuracy except for Von Mises stress.

8 - Electa (Belgium) Neural-network surrogate Ry Torchtuned viaOptung ensemble of general and task-speci c NNs for torque ripple
and stress; transfer learning from Motors A-B to Motor C with full ne-tuning and adaptive learning rate.

12 - GTB ULille (France) Ensemble of fully connected NNs with input selection by correlation analysis; constraint-aware data resampling; transfer
learning to Motor C by replacing and ne-tuning nal layers with staged learning rates for improved generalization.

13 - Sonceboz Group (Switzerland)  Conditional Variational Autoencoder (CVAE) surrogateAi3{BgPyTorch 9D latent space regularized via reparam-
eterization; six-block MLP encoder—decoder enabling forward and inverse motor design.

14 - IEML (Iran) Sequential Bayesian Regularized TLBO (SBRTO) combining MLPANN and TLBO; NSGA-II feature selection; cross-
validated initialization for faster convergence; physics-inspired dataset conversion for extrapolation.

16 - LASEteam (Canada) Hybrid predictor—corrector framework combining GPR, XGBoost, and MLP; diversity subsampling for balanced
training; corrector trained on residuals to minimize extrapolation error and improve robustness.

18 - ManTriS (ltaly) Hierarchical GPR—decision tree surrogate; anisotropiém&/2 kernel with MLE tuning; seven single-output GPRs
per motor type; 1256-sample training (A,B,C); achiew®l > 0:95 for most KPIs.

19 - McGill MagNets (Canada) Hybrid framework using CVAE-generated synthetic data and FNN; CVAE trained with reconstruction and KL loss
to preserve input—output correlations; FNN pretrained on synthetic data then ne-tuned on real samples for improved
generalization.

20 - MELSUR (Japan-USA) Physics-assisted ANN framework with seven two-layer models (one per output); two-stage training using Motors A—B
and ne-tuning on C; automatic hyperparameter and weight-decay optimizatioBptiana

21 - MLotors (India) Set of seven dense NNs (GELU activation, AdamW) trained per output on Motor A; hybrid extrapolation with transfer
learning and residual correction; separate physics-informed NN for torque ripple using 19 engineered features.

25 - SHIME-PARFAIT (Japan) Deep Operator Network (DeepONet) surrogate with ve-fold ensembl@madatuning; sequential transfer learning
(A B C) updating only output layers; achiev&f > 0:99 and strong cross-domain generalization.

26 - The Over tters (Austria) Hybrid XGBoost—FNN surrogate; correlation-based feature selection with logarithmic scaling; XGBoost features fed
to 3-layer FNN (128-64-32 RelU); achiev&? of 0.98-0.99 (temperature) and 0.90-0.94 (stress).

vestigated: Polynomial Chaos Expansion (PCE) [22], GaussianECAD (South Korea), Team 7

Process (GP) [23], Polynomial Chaos Kriging (PCK) [24], and

Feedforward Neural Networks (FNN) [25]. Model accuracy The ECAD team implemented a multilayer perceptron
was evaluated using mean and maximum Absolute PercefNH_P) surrogate model whose hyperparameters were opti-
age Error (APE) across all outputs. GP models achievetized through Bayesian search. For interpolation, Datasets
the best accuracy for torque and torque ripple, while PCK and B (4096 samples each) were jointly used for training
outperformed for stress- and temperature-related quantitigAd validation, achieving mean errors around 1% for most
For extrapolation on Motor C, three strategies were examineslitput quantities. For extrapolation on Motor C, where only
a linear combination of pre-trained interpolation models frorp56 samples were available, the team adopted a Deep Transfer
Motors A and B, calibrated with 200 Motor C samples; newearning (DTL) strategy [26], [27]. The base network pre-
GP and PCK models trained exclusively on the 200 Moterained on the combined A-B data provided initial weights
C samples, which yielded the best performance; and a FNiét were ne-tuned using the small Motor C dataset, allow-
trained on combined A-B-C data including augmented fag effective adaptation of the learned representations to the
samples. Fifty-six Motor C samples were kept for independeméw motor geometry. This approach substantially improved
evaluation. Results showed high interpolation accuracy fprediction accuracy for Motor C across most outputs, except
most outputs and lower, but still consistent, performance {or Von Mises stress, and demonstrated the suitability of DTL-
extrapolation due to limited data, with pure Motor C modelsased surrogate modeling for scalable optimization of various
unexpectedly outperforming transfer-learning schemes.  traction motor topologies.



Electa (Belgium), Team 8 perceptron (MLP) blocks with leaky-RelLU activations, batch
The Electa team developed a neural-network surrogateriarmalization, and dropout (0.1) to prevent over tting. This
PyTorchto predict motor performance metrics from geometriarchitecture provides a compact bidirectional representation of

and supply parameters. For interpolation, the Motor A datasabtor geometry—performance relationships.
was standardized and split into 80% training and 20% vali- IEML (Iran), Team 14
dation subsets. Hyperparameters were optimizedOp&una The IEML team developed a sequential machine-learning
leading to an architecture with 8 inputs, two hidden layefsamework, named Sequential Bayesian Regularized Teach-
of 72 neurons using Tanh activation, and 7 outputs. Trainimgg— Learning- Based Optimization (SBRTO), which inte-
used the Adam optimizer (learning rate 0.00014, MSE losgrates a Bayesian regularization-enhanced multilayer per-
batch size 16) for up to 10 000 epochs with early stoppirggptron arti cial neural network (MLPANN) with the
after 100 epochs of stagnation. Because torque ripple afehching—Learning-Based Optimization (TLBO) algorithm
Von Mises stress were harder to predict, two specializ¢8i0]. In the rst stage, cross-validated MLPANNs are used
networks were trained for these quantities and combined withinitialize the TLBO population, reducing the computational
the general model into an ensemble. For extrapolation, transfest associated with random initialization and accelerating
learning was employed. A base model was pretrained oanvergence toward the global optimum. Cross-validation en-
merged Motor A + B datasets (12 inputs, 5 hidden layemures that the models learn the underlying data structure rather
with 112 neurons, Sigmoid activation) and ne-tuned on théhan memorizing it, thus preventing over tting. TLBO was
limited Motor C data without freezing layers, enabling fulselected for its parameter-free nature, which improves train-
adaptation. Fine-tuning used a lower learning rate (0.00038)g ef ciency and eliminates the need for additional tuning
batch size 32, and early stopping (patience 50). All parameteegiables.
were selected automatically usi@ptuna This full retraining A multi-objective feature selection step based on NSGA-
approach ensured exibility and robustness in handling unsenwas introduced before training to identify the most rel-
con gurations. evant design parameters across physical domains, aligning
GTB ULille (France), Team 12 the surrogate construction with the multi-physics nature of
The GTB ULille team developed a surrogate modelinthe motor problem. For the extrapolation task, an innova-
framework based on ensembles of fully connected neural ntite dataset-conversion procedure was implemented, acting
works (NNs) to map motor design parameters to performanae a computational-intelligence counterpart to traditional mo-
indicators. For interpolation, two NN ensembles were trainddr sizing equations. The resulting hybrid SBRTO model
separately for Motors A and B. Each ensemble containé@monstrated consistent predictive performance and improved
seven individual networks, each predicting one output quantitpterpretability through the integration of domain-informed
with input features selected through correlation analysis kearning mechanisms [31].
reduce redundancy. A resampling procedure was applied toLASEteam (Canada), Team 16
the training data, duplicating samples that satis ed designThe LASEteam developed a hybrid predictor—corrector
constraints to improve model balance and stability. modeling framework combining multiple machine learning
For extrapolation, a transfer learning strategy was implaigorithms to enhance interpolation and extrapolation accu-
mented to adapt the NN ensemble to the limited Motor @cy. Training, validation, and test sets were generated using
dataset. The pre-trained networks from Motors A and B wetke diversity subsampling algorithm [32], ensuring uniform
used as base models. The last two layers of each NN wemverage of the input domain. The predictor model was
replaced with layers containing fewer neurons to enhancenstructed as a synthesis of three complementary algorithms:
generalization. Fine-tuning proceeded in two stages: rst, onfyaussian process regression (GPR), extreme gradient boosting
the new layers were trained using a high learning rate whifgGB), and multilayer perceptron (MLP), each selected for its
freezing the others; then, all layers were unfrozen and retrainiedividual strength in modeling speci ¢ outputs. A separate
with a lower learning rate. The nal surrogate function wasorrector stage was then trained using the same composite
obtained by aggregating the ensemble predictions, ensurarghitecture on the residuals of the predictor, estimating ex-
improved adaptability under low-data conditions. trapolation errors and providing corrective adjustments. The
Sonceboz Group (Switzerland), Team 13 combined predictor—corrector structure reduced bias and im-
The Sonceboz Group proposed a deep-learning surrogateved robustness in low-data extrapolation scenarios.
based on a Conditional Variational Autoencoder (CVAE) archi- ManTriS (Italy), Team 18
tecture. The encoder maps eight geometric design parametefBhe ManTriS team implemented a hierarchical surrogate
to seven output quantities, forming a latent representatiomdeling strategy combining Gaussian Process Regression
that serves as the forward surrogate model. The decod@PR) with a decision-tree framework to predict the seven key
reconstructs or generates new motor geometries from targetformance indicators (KPIs) of the three IPM motor families.
performance quantities, thus enabling inverse design. Thke GPR models [33] were based on an anisotropicékfat
latent space has nine dimensions and is regularized towar@ kernel, offering exibility across heterogeneous design
a multivariate Gaussian distribution through the reparamparameters. Kernel variance, length scales, and noise variance
terization trick. The implementation, described in [28], wawere tuned through maximum-likelihood estimation (MLE)
developed in Python using th&IXD library [29], built on following [34], minimizing the negative log-likelihood to
PyTorch Both encoder and decoder consist of six multilayedentify optimal hyperparameters. Because GPR is inherently



single-output, a separate model was trained for each KPI. Téygtimized via theOptuna library [39]. Weight decay was
decision-tree structure automatically partitioned the desigpplied as a regularization term to prevent over tting and
space, selecting the most appropriate GPR con guration fpromote smoother convergence. This automated and physics-
each motor type (A, B, or C) according to input ranges aridformed procedure ensured stable performance across both
geometric characteristics. This hierarchical approach improviederpolation and extrapolation tasks.
robustness and prevented over tting while maintaining com- MLotors (India), Team 21
putational ef ciency. Training was performed in MATLAB The MLotors team developed separate neural models to
using thefitrgp function with 1256 samples (500 frompredict each of the seven output quantities: torque, torque
Motor A, 500 from Motor B, and all 256 from Motor C). ripple, copper and magnet mass, power factor, Von Mises
Twenty-one GPR models were trained in about 60 secondfress, and temperature. Each model comprised six densely
The surrogate achieveRP scores above 0.95 for most outputsgonnected layers with Gaussian Error Linear Unit (GELU)
with the worst and the best accuracy obtained for torque ripfetivations and decreasing neuron counts from 512 to 32.
(R? = 0:82-0:84) and copper masR¢ = 1:00), respectively, Models were trained and tested on an 80/20 split of normalized
con rming strong interpolation and extrapolation consistendylotor A data using the AdamW optimizer and mean-squared-
across all physical domains [35], [36]. error loss. This con guration achieved mean absolute errors
McGill MagNets (Canada), Team 19 below 1% for most metrics, except for Von Mises stress (2.7%)
The McGill MagNets team proposed a hybrid data-driveand torque ripple (6.2%).
framework that combines real and synthetic data to improveFor extrapolation, a hybrid scheme combining neural net-
surrogate model generalization. A Conditional Variational Auworks, transfer learning, and residual correction was imple-
toencoder (CVAE) was used to generate realistic synthetitented. A bi-layer dense network with 64 neurons per layer
samples while preserving the statistical relationships betweamd a linear output head was pretrained on Motors A and B,
input and output features [37], [38]. The CVAE architecturthen ne-tuned on Motor C data. Residual learning, inspired
includes an encoder that maps paired input—output sampigsXGBoost, was used to re ne predictions. For torque rip-
[x;y] into a latent representation de ned by a mean ample, a separate physics-informed neural network (PINN) was
variance, and a decoder that reconstructs outputs from lateritoduced, using 19 derived input features to capture domain-
variables and the original inputs. The network was trained ugpeci ¢ correlations and enhance generalization to unseen
ing a combination of reconstruction loss and Kullback—Leiblanotor con gurations.
divergence to ensure meaningful latent representations. OnceSHIME-PARFAIT (Japan), Team 25
trained, the CVAE could generate new synthetic outputs by The SHIME-PARFAIT team developed a surrogate mod-
sampling from a standard normal latent distribution and deling framework based on Deep Operator Networks (Deep-
coding with any inputx. For improved extrapolation, ad-ONets) [40], [41], combined with ensemble learning and
ditional samples were drawn from rarely populated lateat sequential transfer-learning procedure. For interpolation, a
regions or slightly perturbed inputs. A Feedforward Neurahulti-output DeepONet was trained using seven selected input
Network (FNN) was rst pretrained on the CVAE-generatedeatures to predict seven physical outputs, including torque,
data to capture global patterns and then ne-tuned on thigermal quantities, and mechanical stress. Robustness and
real dataset to adapt to measured distributions. This two-stageuracy were enhanced through ve-fold ensemble training
training approach reduced over tting, improved robustnesgl2], where each submodel was independently tuned via
and accelerated convergence, while synthetic data were sha@ptuna The resulting ensemble achieved values exceeding
to match the true data distribution closely, con rming th®.99 across all outputs, demonstrating strong stability and
CVAE's physical consistency. consistency. For extrapolation on the limited Motor C dataset
MELSUR (Japan-USA), Team 20 (256 samples), a two-stage transfer learning strategy [43]
The MELSUR team implemented a physics-assisted anras adopted. The base model was rst pretrained on Motor
cial neural network (ANN) framework composed of severA (4096 samples), ne-tuned on Motor B (4096 samples),
independent two-layer models, each dedicated to predictiagd nally adapted to Motor C. During each transfer, only
one output quantity. This structure allowed each netwotke output layers were updated while hidden layers remained
to specialize in its corresponding physical variable. Domaifrozen, allowing ef cient reuse of learned physical representa-
knowledge of motor physics was incorporated by identifyinjons. This sequential adaptation reduced prediction error and
direct or proportional relationships between certain input amariance, yielding an accurate and computationally ef cient
output parameters and including these derived features sagrogate applicable to multi-physics motor design.
additional inputs. The Over tters (Austria), Team 26
A two-stage training strategy was adopted to enhanceThe Over tters team proposed a hybrid surrogate framework
generalization on Motor C. During pretraining, all availableombining Extreme Gradient Boosting (XGBoost) and Feed-
data from Motors A, B, and 70% of C were used to buildforward Neural Networks (FNNs) to predict key performance
a generalized model. In the second stage, ne-tuning waslicators—torque, temperature, and Von Mises stress—from
performed exclusively on Motor C data to re ne the pregeometric parameters. Input features were rst selected by
dictions while retaining the learned global trends. Hyperpaeorrelation analysis and logarithmically transformed to im-
rameters—such as hidden-layer size, learning rate, numbpeove linearity. XGBoost captured structured dependencies
of epochs, and weight-decay coef cient—were automaticalgnd produced intermediate features that were fed into a se-



and Von Mises stress, which are intrinsically more sensitive
to geometric details and local nonlinearities. Temperature and
material-mass predictions also showed systematic consistency,
con rming that data-driven surrogate models can approximate
coupled multi-physics behaviors beyond their nominal training
domain when suf cient data coverage is ensured.

Figure 5 reports the relative prediction error for each team,
computed on the points of their respective PFs after FEM
validation. For every output quantity, the columns represent
the 95th-percentile error, while the triangular markers indicate
the average value. The overall distribution con rms the con-
sistency of the surrogate predictions across different modeling
strategies: in most cases, both mean and high-percentile errors
remain limited, showing that surrogate models can reliably ap-
proximate the true multi-physics response even in the Pareto-

Fig. 3. Motor A. Parallel Coordinate Plot of the best Pareto front so fa{)ptima| region, which was not explicitly used for training.
Over the light gray envelope showing all con gurations, the con gurations

corresponding to the best value in each objective are highlighted. B. Prediction on Motor C

Also in this case the PFbsf is reported as a PCP and it is
quential FNN with three hidden layers (128-64—-32 neurorghown in Figure 6, analogous to the one already described for
ReLU activations, dropout). The model was trained usimgotor A. Figures 7 and 8 illustrate the prediction performance
the Adam optimizer with exponential learning-rate decay araf the participating teams in the Extrapolation task. As in
early stopping to avoid overtting. For torque predictionthe Interpolation case, Figure (7) compares the predicted and
original features were concatenated with XGBoost outputs ficM-validated quantities on the teams Pareto Fronts, while
capture higher-order nonlinearities. The resulting hybrid modeigure 8 reports the relative errors, with columns indicating the
achieved strong generalization, wi¥ between 0.98-0.99 for 95th-percentile and triangles the mean values for each output.
temperature, 0.90-0.94 for stress, and 0.67—-0.70 for torque. The plots reveal that, despite the extremely limited number

of available samples for Motor C, most models retained good
V. CONTESTRESULTS predictive capability. The correlation between predicted and
The variety of adopted approaches highlights the methotél-‘Ie yalues rema ins strong across the majority of performance
ological richness of the GalFer Contest. The following sectionﬂetrlcs’ con rming that the leamned mappings from. Motors A
reports the quantitative results obtained under uniform eva ur-]OI B generghzed eff_ec_nvely to a motor con guration poorly
ation conditions. represented in the training data. o
The error analysis in Figure 8 further highlights that, for
many teams, both average and 95th-percentile errors stay
A. Prediction on Motor A within moderate bounds even under this low-data regime.
The main result on the motor performance is the Pare@verall, the results demonstrate that the proposed benchmark
Front best so far, which contains all the values reached Byccessfully discriminates between interpolation accuracy and
the optimizer in its quest for the multi-objective optimum. Adrue generalization capability, providing a realistic test for
an example of the results reached by the procedure, a Pardlifia-driven design methods under data scarcity.
Coordinate Plot (PCP) of the best so far Pareto Front obtained ) o
for motor A is shown in Figure 3. C. Geometric variation
These values are validated by the FEM procedure. On theThe results presented in the PCP graphs contain the varia-
whole set of PFbsf shown as a light gray background, tii@n of the con gurations in the objective space. It is neverthe-
values for each of the con guration reaching the minimurfess interesting to show how these con gurations are changing
value in each of the objectives are highligthed. This plot givés the design variable space. As it is too complex to show it for
an indication of the trade-off among each of the objectivesmany motor structures, here three geometries corresponding to
For what concerns accuracy of the surrogate models, Figy performance are shown:
ure 4 compares the predicted and FEM-validated values, maximum torque;
belonging to each team PF, obtained by all teams for the minimum temperature;
seven target quantities in the Interpolation task. The scatter minimum Von Mises.
distributions con rm that most surrogate models successfulljhe geometries are presented in Figure 9 and they show
generalized to these unseen regions of the design spdumy the optimizer was able to nd magnetic and mechanical
since these con gurations were not included in the trainingtructures able to fulll the maximum performance in each
datasets, as they correspond to Pareto-optimal design regibfective. Obviously, these are extreme points of the PFbsf,
that is sparsely represented, or even unseen, within the origiaatl none of them is a real compromise in different design
sampling. The prediction spread was smallest for torque arefuirements; anyway, they are examples of the physical
power factor, while larger deviations appeared for torque rippl@lidity of the optimization process.
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Fig. 4. Interpolation track: Real vs. Predicted chart for each of the objectives computed.

Fig. 5. Interpolation track: 95-th percentile error between surrogate model results and true FEM evaluated values, for each team ordered by frequency. The
symbol represents the average error.
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TABLE IV
METRIC VALUES FOR THE ALL TEAMS BOTH ON MOTORA AND C. THE
PERFORMANCE OF THE ORIGINAL DATASETS ARE LISTED Aeam 0.

Motor A Motor C

Cov. HV IGD Cov. HV IGD

0 85 0.2251 0.1250| 74 0.1760 0.2177
99 0.6494 0.0150, 52 0.1810 0.2070
93 0.1992 0.1772| 96 0.1601 0.2427
96 0.1974 0.1728 97 0.1521 0.2568
96 0.1997 0.1692] 100 0.1571 0.2577
8 92 0.2051 0.1720 96 0.1511 0.2553
12 92 0.2024 0.1697] 96 0.1493 0.2411
13 94 0.1971 0.1652| 95 0.1757 0.2314
14 95 0.1936 0.1728| 94 0.1683 0.2501
15 93 0.1959 0.1732] 89 0.1544  0.2521
18 91 0.1860 0.1683] 96 0.1538 0.2612
19 92 0.1907 0.1698 95 0.1544  0.2535
20 93 0.1888 0.1750, 93 0.1558 0.2688
21 96 0.2056 0.1729] 92 0.1518 0.2568
25 92 0.1965 0.1716| 95 0.1554  0.2433
26 90 0.1964 0.1637| 89 0.1638 0.2314

Team

Fig. 6. Motor C. Parallel Coordinate Plot of the best Pareto front so far.
Over the light-gray envelope showing all con gurations, the con gurations
corresponding to the best value in each objective are highlighted.

TABLE V
V| . D ISCUSSION FINAL RANKING OF THE TEAMS BASED ON THE METRIC VALUES
. . OBTAINED IN BOTH INTERPOLATION AND EXTRAPOLATION TRACKES. PF
A. Outline of results and ranking IS THE PARETO FRONT NUMBER IN THE RANKING.
The GalFer Contest established a uni ed framework for Motor A Motor C
. . . . . . ank
assessing data-driven modeling in the design of tractioR Team PF  Model Team PF  Model
electric motors, linking open multi-physics data generation % 240 8 ZIFIJ\IFIQ\I bCK 148 8 ggg bk
with systemath t_)enchmarklng of SL_Jrrogate models. The openg 21 0 DNN. PINN 8 0  DNNTL
dataset, combining electromagnetic, thermal, and structurals 3 0 DNN 12 0  DNN+TL
simulations, for three IPM motor families, proved to be a g ig 8 2§g 270 8 B:\’I\II\II\TTL
robust qnd .coherent f'oundatlon for' surrogate model training - 1 0  ROM-NN 21 0 DNN, PINN +
and validation, enabling reproducible evaluation of model TL
accuracy, generalization, and innovation. g 179 % (D?mBDNN ig i g\éAREBD'\lNNN
An analysis of'th'e procedures submitted by the teams show; 13 1 CVAE 3 1 DNN
how a large majority of them, 9 over 15, are based on the11 8 2  DNN 25 2 deepONet+TL
neural network paradigm, often hybridizing the deep learning 12 gg g dD?\le'SONet ig g E\N;EE
scheme with speci ¢ pre-processing and augmentatlon. ofi4 12 3 DNN 6 2 DNN
datasets. Gaussian Process was used by 3 teams and again hese | 16 4  GPR, DNN 0 5 -
the basic technique was enriched with peculiar features. Twol6 0 S - 1 6 ROM-NN

teams used Conditional Variational Autoencoder methodology.

Only one team was explicitly using of physics-assisted neural
networks. Anyway, all the surrogate models were able to produce

The metric values obtained by the ranking procedure odgliable results when Iinkgd in th(_a optimization loop. It must
lined in Section Ill are presented in Table IV, both on motd?® remarked that, notwithstanding that the datasets were
A and C. generated trying to have a good uniform sampling distribution

Based on these values, the nal ranking of teams coufir the whole design variable space, the surrogate models were

be performed. All teams were ranked according to the Par&gle to give well founded estimates on the Pareto Front that
dominance criterion de ned in Section III, and grouped int& & Partial subset of the space.
non-dominated sets. Submissions in the rst non-dominated .
set were assigned PF rank 0, those dominated only by front-8- Innovation
submissions were assigned PF rank 1, and so forth. Lower PRA key outcome of the GalFer Contest is the assessment
ranks, therefore, indicate better global trade-offs among tb&innovation understood as the capability of surrogate-based
three metrics (with O denoting the best PF). The resulting R¥ptimization to discover Pareto-optimal con gurations beyond
index, ranging from O to 6, is reported in Table V. the resolution of the original dataset. While the dataset itself
The Interpolation track was won by the industrial teamprovides a uniform sampling of the design space, its points
Melsur (20) that used physics-assisted neural networks andn only occasionally belong to the region of the PFbsf. In
by academic teanCREATORS (4using Gaussian processcontrast, when the surrogate models were embedded in the
methodology. TheExtrapolationtrack saw in the rst place multi-objective optimization pipeline and their results were
the academic tealanTris (18)adopting again the Gaussiarvalidated through FEM analysis, they consistently identi ed
process regressor numerical scheme. the PFbsf region.
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Fig. 7. Extrapolation track: Real vs. Predicted chart for each of the objectives computed.

Fig. 8. Extrapolation track: 95-th percentile error between surrogate model results and true FEM evaluated values, for each team ordered by frequency. The
symbol represents the average error.
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