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We propose a scheme to accelerate the screening of magnetic compounds with high magnetization and low formation
energy by integrating transfer-learned machine learning models with a genetic algorithm. Applying this framework to
the Nd–Fe binary system, we identify multiple compounds absent from existing databases. The transfer learning on
density functional theory data significantly improves formation energy prediction accuracy. Notably, a discovered cubic
NdFe15 structure exhibits both high saturation magnetization and relatively low formation energy.

High-performance permanent magnets are indispensable
for motors in industrial robots and electric vehicles, which
require miniaturization and mass reduction.1) Since the dis-
covery of neodymium magnets (main phase: Nd2Fe14B) by
Sagawa et al. in 1984,2) extensive efforts have been made
to improve their magnetic properties.3–8) The performance of
these magnets has also been examined from many aspects us-
ing first-principles calculations.9–16) To overcome the limits of
existing permanent magnets, finding novel compounds with
superior properties is imperative. To this end, materials ex-
ploration utilizing machine learning, which has been widely
applied across various material systems, has emerged as a
highly promising approach.17) Furthermore, the rapid devel-
opment of machine learning potentials has made it possible
to rapidly obtain stable structures.18–20) Therefore, combining
crystal structure prediction methods—implemented in such
as CrySPY,21) AIRSS,22) and CALYPSO23)—with machine
learning-based potentials and stability evaluation schemes
would enable the high-throughput screening of candidate ma-
terials for permanent magnets.24, 25) In this letter, we demon-
strate a scheme integrating a genetic algorithm with a graph
neural network (GNN) potential, specifically optimized for
the Nd–Fe binary system via transfer learning. We applied this
framework to search for high-magnetization phases that do
not exist in current databases. Our approach couples the Uni-
versal Structure Predictor: Evolutionary Xtallography (US-
PEX) code26) with the Atomistic Line Graph Neural Network
(ALIGNN),27, 28) utilizing the software implementation pro-
vided by NIST.29) USPEX generates candidate crystal struc-
tures using genetic operations, while ALIGNN serves as a
surrogate model to rapidly evaluate formation energies. Al-
though pre-trained GNN models on the JARVIS-DFT30) or
Materials Project31) databases exhibit high generalizability,
they often lack the precision required for specific magnetic
systems. To address this challenge, we employed transfer
learning.

We constructed a training dataset by performing DFT cal-
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culations on arbitrary binary structures derived from the Ma-
terials Project with a composition ratio of 1:5 or higher
(Fe-rich), substituting the constituent elements with Nd and
Fe. The DFT calculations were performed using the Vienna
Ab initio Simulation Package32, 33) based on the Hohenberg–
Kohn–Sham theory.34, 35) We used the projector augmented-
wave method,36) and the exchange-correlation interaction was
treated within the generalized gradient approximation param-
eterized by Perdew, Burke, and Ernzerhof.37) The plane-wave
cutoff energy was set to 350 eV. To optimize the ALIGNN
models for the Nd–Fe system using a limited dataset (104
structures), we fine-tuned only the output-fully-connected
layer to minimize the loss function for the target proper-
ties (formation energy and magnetic moment), while keep-
ing the weights of the input and intermediate layers frozen.
This approach allows for efficient domain adaptation while
minimizing the risk of overfitting. In this learning process,
we adopted a strategy of freezing the graph convolutional
layers and training only the output layer. It is inferred that
this allowed for the efficient correction of formation energy
and magnetic moments in the Nd–Fe system while retaining
the universal geometric features of crystal structures learned
from large-scale data, leading to an improvement in predictive
accuracy. The efficacy of this transfer learning method was
quantitatively validated. We utilized three specific ALIGNN
models pre-trained on the JARVIS-DFT dataset as starting
points: the regression models for formation energy and total
magnetic moment, and the force field model (ALIGNN-FF)
for total energy and atomic forces. While various foundation
models have been developed recently, ALIGNN was selected
for two primary reasons essential to this study. First, its ar-
chitecture, based on line graphs, explicitly encodes bond an-
gular information (three-body interactions), providing a su-
perior description of local atomic environments compared
to standard graph neural networks. This capability is cru-
cial for accurately distinguishing the energetics of complex
Nd–Fe polymorphs. Second, ALIGNN-FF has been explicitly
demonstrated to function effectively as an evaluation function
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for genetic algorithms (GA) in previous literature,28) ensur-
ing its compatibility and reliability for our structure search
workflow. Figure 1 presents the parity plots for the regression
models. In the evaluation of the prediction accuracy for both
formation energy and magnetic moment, the train-test split
was set to 80:20. Regarding the formation energy [Fig.1(a)],
the coefficient of determination (R2) improved from 0.47 to
0.93, enabling reliable structure screening. Furthermore, the
regression model for magnetic moment prediction [Fig. 1(b)]
demonstrated a substantial reduction in the mean absolute
error (MAE), decreasing from 6.53 to 0.109 µB per atom.
The coefficient of determination (R2) for the magnetic mo-
ment prediction improved significantly from −332.6940 (pre-
trained model) to 0.8099 (transfer-learned model). This re-
markable improvement highlights the effectiveness of transfer
learning, particularly because rare-earth magnetic materials
accounted for only 0.4% of the original pre-trained dataset. In
addition, the force field model used for structural optimiza-
tion was also transfer-learned using 5-fold cross-validation38)

with an 80:20 train-test split.
Using the transfer-learned ALIGNN model, we conducted

an extensive genetic structure search over the Nd–Fe binary
composition range (6 ≤ N ≤ 100 atoms). In this study,
ALIGNN-FF28) was employed for structural relaxation at
each step of the genetic algorithm, while ALIGNN27) was
used for fitness evaluation. These machine learning models
were specialized for the Nd–Fe system via transfer learning.
Although ALIGNN-FF is less accurate than DFT, its compu-
tational speed is several orders of magnitude faster, enabling
the low-cost optimization and stability evaluation of the mas-
sive number of candidate structures generated by the GA.
The evolutionary search proceeded as follows: First, an initial
population was generated from structures with Nd and Fe ar-
ranged in random space groups and topologies.39) Next, struc-
tural optimization predictions were performed for each indi-
vidual using ALIGNN-FF. Subsequently, the fitness of each
individual was evaluated based on Pareto optimization40) for
low formation energy and high magnetic moment predicted
by ALIGNN. The next generation of structures was then pro-
duced through genetic operations such as crossover and mu-
tation.39, 41, 42) This process repeated until the best structure
remained unchanged for a certain number of generations, at
which point it was considered the optimal solution. Structures
with low predicted formation energies were selected for final
high-precision DFT relaxation. We focused on identifying Fe-
rich phases with saturation magnetization exceeding that of
Nd2Fe14B (1.89 T). Although Nd2Fe14B provides the ultimate
benchmark, our structure searches are restricted to Nd–Fe bi-
nary phases; we therefore adopt the saturation magnetization
of Nd2Fe14B0 (1.99 T)—the fully relaxed structure obtained
after removing B from Nd2Fe14B—as a practical reference.
The crystal structure of Nd2Fe14B0 is shown in Fig. 2.

Figure 3 shows the distribution of saturation magnetization
Ms versus formation energy for the discovered structures. We
focused on exploring Nd–Fe systems with Ms exceeding 1.99
T, which corresponds to the magnetization of Nd2Fe14B0. A
quantitative analysis of the thermodynamic scale of metasta-
bility has revealed that many synthesizable inorganic crys-
tals exhibit low but still positive formation energies.43) As
shown in the figure, several structures were identified that
possess both relatively low (albeit positive) formation energy

Fig. 1. (Color online) Parity plots comparing DFT-calculated values and
ALIGNN predictions for the Nd–Fe system after transfer learning: (a) forma-
tion energy and (b) magnetic moment per atom. The diagonal lines indicate
perfect agreement.

and high magnetization, locating them in the promising re-
gion of the map. It is known that binary Nd–Fe intermetallic
compounds are generally metastable compared to the phase
separation into Fe and Nd-rich phases.44) Our results are con-
sistent with this trend. However, this study was conducted
based on the premise of expanding these binary compounds
into ternary systems via the insertion of light elements to po-
tentially achieve negative formation energies, a concept al-
ready demonstrated in our previous studies.45, 46) Therefore,
while all the discovered high-magnetization structures exhibit
positive formation energies as binary phases, they were re-
searched as promising precursors for stabilization through
third-element doping.

Among the promising candidates, a cubic compound with
the composition NdFe15 was identified. Figure 4 shows its
crystal structure. Based on the atomic ratio (Nd:1, Fe:15) and
space group (Pm3̄m, No. 221), this system corresponds to a
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Fig. 2. (Color online) Crystal structure of the reference Nd2Fe14B0. Large
spheres represent Nd atoms, and small spheres represent Fe atoms.

Fig. 3. (Color online) Formation energy and saturation magnetization for
the Nd–Fe binary structures obtained from the evolutionary search (circles).
The square indicates the reference Nd2Fe14B0. Several candidates exhibit
superior magnetization exceeding the reference value.

2 × 2 × 2 supercell of bcc Fe (total 16 atoms), where one cor-
ner atom is substituted by Nd. In the DFT calculations, we
adopted the open-core approximation (frozen-core approxi-
mation), treating the Nd 4 f electrons as fixed core electron
clouds. Consequently, the saturation magnetization Ms was
calculated by summing the spin magnetic moments of va-
lence electrons obtained from DFT calculations

∑
mspin and

the localized magnetic moment of the rare-earth 4 f electrons

Fig. 4. (Color online) VESTA47) visualization of the crystal structure for
the discovered cubic NdFe15 with a lattice constant of 5.85 Å. Large spheres
represent Nd atoms, and small spheres represent Fe atoms. This structure ex-
hibits the highest saturation magnetization among the discovered structures.

Table I. Calculated magnetic moments for the NdFe15 structure. The mag-
netic moment of Nd includes mRE4 f .

Space group Lattice parameter (Å)

Pm3̄m (No. 221) a = b = c = 5.852

Element Wyckoff position Magnetic moment (µB)

Nd 1a 2.97
Fe 1b 2.25
Fe 3c 2.43
Fe 3d 2.44
Fe 8g 2.34

Total 38.54

mRE4 f :

Ms =
1
V

[∑
mspin + nREmRE4 f

]
, (1)

where V is the unit cell volume and nRE is the number of Nd
atoms in the unit cell. For Nd3+ (4 f 3), mRE4 f is derived from
the Russell–Saunders coupling scheme using the total angu-
lar momentum quantum number J = 9/2 and Landé g-factor
gJ = 8/11:

mNd4 f = gJ JµB ≈ 3.273 µB. (2)

This NdFe15 phase exhibits a high saturation magnetization
of approximately 2.24 T, which is competitive with existing
high-performance magnet materials. The high magnetization
can be attributed to the enhancement of Fe moments. While
the magnetic moment of pure bcc Fe is approximately 2.2 µB,
the site-specific magnetic moments of NdFe15 (Table I) indi-
cate that the moments at 3c, 3d, and 8g sites are significantly
enhanced, ranging from 2.34 to 2.43 µB. While the cubic sym-
metry implies isotropic magnetic properties, its high magne-
tization and relatively low formation energy make it an inter-
esting precursor for further material design.

We also evaluated the Heisenberg exchange coupling pa-
rameters Ji j of NdFe15 using the AkaiKKR package,48) based
on DFT and the Green’s function method, as shown in Fig. 5.
Here, the Heisenberg model is defined as

E = −
∑
i, j

Ji j êi · ê j, (3)

where êi is the unit vector specifying the spin direction at site
i. The sum

∑
i, j runs over all pairs with i , j (self-terms are

excluded), so that each pair is counted twice. For reference,
the results for bcc Fe are also shown. As also shown in Fig. 5,
the Curie temperature within the mean-field approximation,
T MFA

C , is higher than that of bcc Fe, reflecting the larger over-
all exchange scale entering the mean-field sum over Ji j. This
trend is favorable from the viewpoint of magnetic applications
requiring higher transition temperatures.

In addition to the cubic phase, our search also detected
other high-magnetization Nd–Fe binary compounds with
tetragonal and hexagonal symmetries. Although the discov-
ered binary phases possess positive formation energies, the
incorporation of interstitial light elements (such as B, C, N,
O, and F) offers a promising route for stabilization. It has
been demonstrated in previous first-principles studies and ex-
perimental reports that interstitial doping can significantly
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Fig. 5. (Color online) Exchange coupling parameters Ji j as a function of
the interatomic distance Ri j. Squares denote the results for bcc Fe, whereas
circles and triangles denote the Fe–Fe and Fe–Nd pairs in NdFe15, respec-
tively. Curie temperatures within the mean-field approximation, T MFA

C , are
also shown.

reduce the formation energy of Nd–Fe compounds, poten-
tially shifting it from positive to negative values, thereby ther-
modynamically stabilizing the structure.45, 46, 49, 50) Inspired
by these findings, future work will focus on stabilizing the
high-magnetization structures discovered here by exploring
the interstitial solid solution of these light elements. Fur-
thermore, we anticipate that such incorporation of interstitial
light elements could induce a distortion in the cubic NdFe15
host, transforming its isotropic lattice into an anisotropic
one, analogous to the transformation from cubic bcc Fe
to body-centered tetragonal α′′-Fe16N2 upon nitrogen inser-
tion.51) In future work, we will extend the framework by in-
corporating magnetocrystalline anisotropy into the genetic-
algorithm fitness function to enable more efficient exploration
of permanent-magnet compounds.
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