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overy of cost-effective Nd–Fe–B
magnets through adaptive learning†

Jie Chen, a Jian Liu,a Minjuan Zhang, *a Zhanji Dong,b Zhongjie Peng,b Xinyi Ji,c

Mei Liu, c Lanting Zhang, c Anqi Zhangd and Hong Zhu d

Designing Nd–Fe–B-based permanent magnets with exceptional high temperature stability is a critical step

for extending their use in traction motors with an operating temperature of ∼150 °C. Conventionally, the

high temperature stability is achieved through doping heavy rare-earth elements such as Dy, Tb, etc.,

which leads to elevated cost in the meantime. Efforts towards doping Nd–Fe–B with lower-cost

elements such as La, Ce, and Y, and leveraging the temperature stability with Co and Ni to retain high-

temperature performance (remanence and coercivity) have been underway for many years. A critical

challenge, however, is the cost in time and resource required for optimizing the doping concentration of

these species on a trial-and-error basis. In this work, we demonstrate the utilization of the ‘adaptive’

learning framework (based on Bayesian Optimization) in the composition optimization of Nd–Fe–B-

based magnets: (Nd80Pr20)30.80−x−y−zLaxCeyYzFe66.67−u−wCouNiwB0.96M1.57 (M = Al, Cu, Ga, Ti, in wt%)

towards an improved performance–cost ratio. Starting from a limited set of 24 compositions, 9 novel

compositions were recommended within 3 iterations, which were then experimentally fabricated, with

their magnetic properties measured. The best two candidates identified in the last iteration showed

18.4% and 13.1% improvement in the performance–cost ratio with respect to the benchmark Nd–Fe–B,

respectively. The adaptive learning framework proved efficient in screening novel compositions and

guiding the experimental design of Nd–Fe–B-based permanent magnets in this work, suggesting great

promise for its adoption for other multi-component systems targeting an improved performance–cost

ratio.
1 Introduction

Nd–Fe–B-based permanent magnets (PMs) are widely used in
a range of applications including electric vehicle traction
motors, industrial motors, robots, wind turbines as well as
various household appliances.1,2 Despite their excellent room-
temperature (RT) magnetic properties, for example, high
remanence (Br) and coercivity (Hcj), these properties of Nd–Fe–B
PMs deteriorate rapidly at high temperature (HT). Designing
Nd–Fe–B PMs with excellent temperature stability is a critical
step for extending their use in applications such as traction
motors with operating temperature up to ∼150 °C. Conven-
tionally, temperature stability is enhanced through introducing
heavy rare-earth (HRE) elements such as Dy, Tb, etc.3–6 The
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introduction of these HRE elements benets Hcj greatly, espe-
cially at HT.7–12 However, the scarcity and high cost of HRE
elements lead to elevated cost, as well as lower Br in the
meantime. Moreover, Nd in itself is a critical element with low
reserves and has been subject to high supply risk and ever-
growing cost in recent years.1,13,14 Hence, it is critical to
develop competitive and cost-effective Nd–Fe–B PMs with little
or no Dy/Tb, as well as reduced usage of Nd.15–19

Efforts towards doping (substituting) elements with lower
cost, such as La, Ce, and Y to partially replace Nd, and
leveraging the temperature stability with Co have been
underway for decades.19–22 La and Ce are more abundant and
less costlier than Nd, yet the intrinsic magnetic properties of
La2Fe14B/Ce2Fe14B (for example, saturation magnetization Mr,
magnetocrystalline anisotropy eld Ha, and Curie temperature
TC) are inferior to those of Nd2Fe14B.2 As a result, doping of La/
Ce invariably leads to degraded magnetic properties, especially
at HT.22–29 Co, with a very high TC, could signicantly improve
the temperature stability and therefore benet HT magnetic
properties, although it results in loss of RT magnetic properties
as well.21,30–33 In recent years, investigation of Y as a promising
doping species for Nd–Fe–B has picked up momentum.
Although Y fails to rise above La and Ce in terms of Mr and Ha,
J. Mater. Chem. A
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Y2Fe14B demonstrates a higher TC than La2Fe14B or Ce2Fe14B, as
well as a positive temperature coefficient of Ha over a wide
temperature range, rendering it a promising candidate for
enhanced HT magnetic properties.34–38 In comparison, Ni as
a doping species has rarely been reported, as far as we know. A
few early studies showed Ni to be favorable for Hcj but only at
very specic doping ranges, and in general detrimental to Br.39–41

However, the amount of Ni is generally lower than 1% in these
reports, and it is not clear how the doping weight percentage
(wt%) beyond 1 wt% would affect magnetic properties, and also
importantly, how the temperature stability (and hence HT
magnetic properties) is affected by varying amounts of Ni. Given
the above ndings, we target the doping of the above ve
species: La, Ce, Y, Co, and Ni, for the composition optimization
of Nd–Fe–B PMs in this work, with the goal of achieving excel-
lent magnetic properties at HT (∼150 °C). Finding the optimal
composition in an efficient manner is highly challenging for
a conventional trial-and-error and/or intuition-based approach,
due to the vast number of potential combinations in this 5-
dimensional composition space. And this is further com-
pounded by the non-linear manner in which the above doping
species tend to affect the magnetic properties individually, as
well as the complex interaction (for example, reported syner-
gistic effects between La and Ce,26,30,42 Ce and Y,35 Ce and Co,22

etc.) among species.
Machine learning (ML) has been widely utilized in a wide

range of materials science applications to build predictive
models for guiding and accelerating materials design.43–46

However, robust models capable of making accurate and reli-
able predictions are usually built upon a large amount of data,
Fig. 1 Flow-chart illustrating the processes of our adaptive-learning fra

J. Mater. Chem. A
which is not always available. In recent years, adaptive-learning
framework has shown great promise in the above scenario,
where data are scarce and expensive to come by, in terms of
both time and cost.47–51 Fabrication of Nd–Fe–B PMs is one
prime example, as it involves many procedures, spanning
a duration of months.4 Large amount of high-quality and
consistent samples, therefore, is not usually available for con-
structing a robust model in one go. The adaptive learning
framework tackles this problem by using the following
approaches. (1) Kick-start model: constructing a rough initial
surrogate model with a very small amount of data. (2) Recom-
mendation: using Bayesian Optimization (BO) to make recom-
mendations for further experimental design to maximize the
chance (or gain) of nding the optimal candidate. (3) Update:
utilizing experimental feedback to update the surrogate model.
The recommendation and update steps are performed itera-
tively, until the desired target is achieved or the allocated
budget is exhausted. At the heart of BO lies the search strategy
that leverages the exploration–exploitation trade-off of the cor-
responding surrogate model, balanced through the maximiza-
tion of a utility (acquisition) function, which is a measure of the
expected gain in target property with respect to current
optima.52 The advantage of this adaptive learning, as compared
to conventional ML, is that typically fewer samples are required
to build a model of comparable predictive capability.53 Such
methods have been applied in designing new materials,54–56 as
well as materials with enhanced strength,57–59 tensile strength
and electrical conductivity,60 magnetic properties,61–64 catalytic
performance,65,66 etc.
mework.

This journal is © The Royal Society of Chemistry 2023
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Along these lines, we note a recent work by Lambard et al.,
where the authors utilized BO to directly optimize the extrusion
process of hot-deformed Nd–Fe–B, hence achieving a higher
energy product.67 However, cost was not taken into account in
their work, and the optimization was for hot-deformed Nd–Fe–
B, which is hard to scale-up for industrial mass-production. In
this work, we seek to apply the adaptive-learning framework for
the composition optimization of sintered Nd–Fe–B PMs, which
are widely adopted in industry for scaled-up production. Given
the performance–cost trade-off inherent to Nd–Fe–B, we frame
our optimization problem as a constrained one, where novel
compositions are searched in a sub-space within pre-specied
cost constraints (where the costs are calculated based on the
market price of the doping species), in order to guide the search
toward an improved performance–cost ratio. Our workow is
illustrated in Fig. 1. Starting from an initial dataset of 24
compositions, with varying doping wt% of La, Ce, Y, Co, and Ni,
we constructed ML surrogate models to map ML-identied
atomic descriptors to the magnetic properties of Nd–Fe–B. An
ensemble of 100 SVR models demonstrated the best predictive
capability, and was hence used to make recommendations for
new compositions in an iterative way. With multiple optimiza-
tion goals in mind, we updated our model sequentially to rst
identify compositions with improved HT Br (Stage 1) and
Fig. 2 (a) Distribution of magnetic properties for different doping speci
average value is represented with a black line in each panel; (b) prices o
Nd80Pr20 alloy used as the raw material for fabricating the samples. The

This journal is © The Royal Society of Chemistry 2023
furthermore compositions with overall performance, taking
into account both Br and Hcj (Stage 2).
2 Dataset
2.1 Description

Our initial dataset comprises of 24 compositions, with
a nominal composition of (Nd80Pr20)30.80−x−y−zLaxCeyYz-
Fe66.67−u−wCouNiwB0.96M1.57 (M = Al, Cu, Ga, Ti, in wt%), where
x, y, z, u, and w represent the substitution level (wt%) of La, Ce,
Y, Co, and Ni, respectively. We refer to the composition without
any of the doping species (x= y = z = u= w = 0) as pristine Nd–
Fe–B. La, Ce, and Y are introduced to substitute the Nd80Pr20
alloy as a whole.
2.2 Experimental details

The alloys (compositions) were prepared with strip casting, and
then subjected to hydrogen decrepitation to get a coarse
powder, and jet milled in a nitrogen atmosphere to produce
a ne powder with an average grain size of ∼3.5 mm. The as-
prepared powder was then aligned and pressed in a magnetic
eld of 2 T, followed by isostatic compacting under a pressure of
150 MPa. The resulting compacts were further sintered at 1030–
es in the initial dataset, normalized with that of pristine Nd-Fe-B. The
f the doping species in units of RMB/KG, where Nd/Pr represents the
values are tabulated in ESI† Table S2.

J. Mater. Chem. A
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1060 °C for 6–8 h in vacuum, and then annealed at 800–850 °C
for 2–4 h and 450–520 °C for 3–5 h, to produce the nal
magnets. Magnetic property measurements were performed
using a DC BH Curve Tracer (National Institute of Metrology,
NIM-2000). Microstructure observations were conducted using
a scanning electron microscope (SEM). Elemental concentra-
tion was measured using an electron probe microanalyzer
(EPMA), where the values were obtained by averaging over ve
measurements in the interior of ve different grains.

2.3 Magnetic performance

The initial dataset comprises 24 compositions, including pris-
tine Nd–Fe–B, 7 compositions with one doping species, 12
compositions with two doping species, and 4 compositions with
three doping species, as tabulated in ESI† Table S1. These
systems are referred to as pristine, unary, binary and ternary
(doping) systems in the following discussion. The magnetic
properties (Br&Hcj) of the samples in the initial dataset are
shown in Fig. 2a, normalized with that of pristine Nd–Fe–B, and
the prices of the doping species are shown in Fig. 2b, with
respect to that of the host species (Nd/Pr and Fe). The variation
observed in Hcj is much more signicant than that of Br. The
value of Br invariably decreases, with the doping of all ve
species, with the exception of Br@150 °C, where higher values
than that of pristine Nd–Fe–B could be achieved at a high
doping wt% of Co (18% on closer inspection of the initial
dataset). Similarly, a decrease in Hcj is observed for all the
doping species except Ni. The performance of Nd–Fe–B with
dopants is directly correlated with its cost: La/Ce/Y are less
Fig. 3 Variation of main phase wt% vs. nominal wt% for the five doping
a slope (intercept is forced to be 0), representing the average ratio of m

J. Mater. Chem. A
expensive than Nd/Pr, and hence are required if cost reduction
is the objective, yet they are detrimental to Br&Hcj as doping
species; Co/Ni could be the pathway toward elevated Br&Hcj of
Nd–Fe–B, especially at HT, yet they are much more expensive
than Fe. Although the combination of these species could
potentially lead to a greater performance–cost ratio, it is chal-
lenging to nd such a combination due to the vast composition
space involved.

2.4 Partitioning behavior

It is well-known that when a certain amount of La/Ce, etc. is
doped into the Nd–Fe–B system, not all of the doping species
enter the main phase. Instead, a signicant portion of them
enters the grain boundary region, forming RE-rich grain
boundary phases along with Nd/Fe, such as REFe2, RE(Fe,
Co)4B, etc33. This partitioning behavior, namely, the partitioning
of a doping species in the Nd2Fe14B main phase and Nd-rich
grain boundary phase, has signicant implications for the
magnetic property of the resulting Nd–Fe–B.68,69 Leveraging our
current dataset with 24 samples spanning a wide range of
nominal wt%, we rst investigate the partitioning behavior of
the ve different doping species. The wt% of the doping species
in the main phase was measured with Joel EPMA, and is termed
main phase wt%. The tendency of a doping species to enter the
main phase, hence, could be evaluated by taking the ratio of the
main phase wt% and nominal wt% (Rm). The results are shown
in Fig. 3. For each doping species each point corresponds to
a particular sample where the concerned doping species is
present. As indicated by the dashed line, a clear linear trend is
species, based on the initial dataset of 24 samples. A linear fit renders
ain phase wt% and nominal wt%.

This journal is © The Royal Society of Chemistry 2023
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observed for all the doping species, suggesting that they all
demonstrate a stable partitioning behavior over the range
of wt% covered here. As such, Rm is calculated as the slope of
the linear t to the data points (with intercept set to zero), and is
found to be 0.569 for La, 0.755 for Ce, 0.944 for Y, 0.976 for Co,
and 0.677 for Ni. Hence, La/Ce/Ni only partially enters the main
phase, where the majority of Y/Co is observed. To our knowl-
edge, this is the rst systematic study of the partitioning
behavior of the above doping species in Nd–Fe–B.

In this work, we choose to optimize over main phase wt%. It
is worth noting that, assuming the validity of the above linear
partitioning trend within the range of wt% covered here, it
makes little difference whether one chooses to optimize over
the nominal wt% or the main phase wt%. As will be further
shown, this linear trend holds as well for the augmented dataset
with the 9 newly predicted compositions in the following
adaptive iterations (see ESI† Fig. S1). Therefore, all composi-
tions henceforth will be specied based on main phase wt% of
the above doping species, unless otherwise noted.
3 Methods

Six different ML algorithms were used in this work: gaussian
process regression (GP), support vector regression (SVR), ridge
regression (RR), K-nearest neighbors regression (KNN), articial
neural network (ANN) and decision tree (DT), as implemented
in the Scikit-learn package.70
Table 1 Composition domain (wt%) of the design space, and the
corresponding interval/resolution

Element Domain Interval (resolution)

La [0,10] 1
Ce [0,10] 1
Y [0,5] 0.5
Co [0,20] 1
Ni [0,3] 0.25
3.1 Partitioning behavior

For building a surrogate model for Br&Hcj, a simple treatment is
to use raw features, namely, composition as input features
(Approach 1: composition-based ngerprinting). This treatment
naturally gave rise to 5 input features: wLa, wCe, wY, wCo, and wNi,
corresponding to the doping wt% of the ve doping species. A
more involved approach is to incorporate atomic features that
are known to affect Br&Hcj (Approach 2: domain-knowledge-
based ngerprinting). We considered 16 different atomic
features for each species (a full list of descriptors, along with the
corresponding values are tabulated in ESI† Table S3). These
ngerprints encode the general atomic information (such as
atomic number and radii), atomic properties (such as electro-
negativity, valence electron number, ionization potential, etc.)
of the rare-earth elements (denoted with suffix R) and transition
metals (denoted with suffix T). All these features, except the last
two: Curie temperature (TC) and saturation magnetization (m),
were retrieved from ref. 71 For the last two features (TC and m),
the value of the rare-earth elements (TcR and mR) corresponds to
that of the associated Re2Fe14B compounds, whereas the value
of the transition-metal elements (TcT and mT) corresponds to
that of the bulk metal only.2

As La/Ce/Y are doped into the Nd site (R site), and Co/Ni into
the Fe site (T site) in Nd–Fe–B, they were treated separately as
two groups. Using atomic number (Z) as an example, we ob-
tained a weighted average of atomic number for the R site ZR
based on the wt% of La/Ce/Y (see eqn (1)), and similarly
a weighted average of atomic number for the T site ZT (see eqn
This journal is © The Royal Society of Chemistry 2023
(2)). In addition, the product of the above two weighted average
was also taken as an extra feature, as a means to capture the
interaction of the R site and T site doping elements (see eqn (3)).
We therefore arrived at 16 × 3 = 48 input features here.

ZR ¼
X

i˛fLa;Ce;Yg
wi � Zi (1)

ZT ¼
X

j˛fCo;Nig
Wj � Zj (2)

ZRT = ZR × ZT (3)

3.2 Design space

The design space is shown in Table 1, where the doping amount
(main phase wt%) of the ve doping elements is allowed to vary
within a corresponding domain, with a specic interval/resolution.
This design space comprises of >200 000 possible compositions.
For each composition in the design space, the corresponding
nominal wt% was inferred based on Rm of the doping species (as
detailed in Section 2.3), and the cost of the composition could then
be calculated based on the nominal wt%.

3.3 Feature engineering

Starting from 48 preliminary input features obtained with
Approach 2, we employed correlation coefficient and recursive
feature elimination (RFE) to remove irrelevant and redundant
features, as well as to down-select a key feature subset that
demonstrated high predictive capability. Leave-one-out cross-
validation root-mean-squared-error (LOOCV RMSE error, or
LOOCV error) was adopted as elimination criteria in the RFE
process. The results were compared with that of Approach 1.
Among all the above ML techniques, SVR achieved the lowest
LOOCV error for both Br@20 °C and Br@150 °C, and was
therefore chosen as the machine learning framework for
building our surrogate model (see ESI† Note 1 for details). The
6-feature set generated for SVR is: [mRT, TcT, TcRT, IPT, IPRT, EvR],
among which mRT reects the effects of the magnetization of
doping elements on the Br@20 °C, and TcT and TcRT reect the
effects of the Tc of doping elements, which directly impacts
Br@150 °C. These features were also favored by the other
machine learning techniques, as shown in ESI† Table S4. The
surrogate models in this work were built based on a set of
relevant atomic-level descriptors, motivated by previous studies
J. Mater. Chem. A
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which demonstrated that, as compared to using composition
alone, incorporation of domain knowledge renders the search
more efficient at guiding composition optimization.72 Expect-
edly, the benet of doing so should be greater when the data are
scarce, as is our case.53,73
3.4 Bootstrapping & model construction

Bootstrapping was used for providing estimates of uncertainty.
An ensemble of models was trained individually on a corre-
sponding number of subset samples (namely, bootstrap
samples that were drawn with replacement from the training
set), where the ensemble outputs in itself formed a statistical
distribution of the nal output, enabling the estimation of the
mean and the associated uncertainty (standard deviation). As
the SVR model showed the lowest LOOCV error, we built an
ensemble of 100 SVR models as our surrogate model for pre-
dicting Br&Hcj, where 5-fold CV was used to optimize the hyper-
parameters.
3.5 Acquisition function

The obtained surrogate model was used to scan a design space,
andmake predictions, namely, mean (m) and uncertainty (s), for
all the compositions in the design space, and furthermore to
recommend compositions that maximize an acquisition func-
tion under a cost constraint. We used upper condence bound
(UCB): f= m + k× s with k= 1 as our acquisition function. There
are several other well-known acquisition functions, among
Fig. 4 Parity plot of (a) Br@20 °C, (b) Br@150 °C showing the performance
parity plot of (c) Br@80 °C, (d)Hcj@150 °C showing the performance of the
The model-predicted range (m ± s) is shown as horizontal error bars cen
uncertainty (s).

J. Mater. Chem. A
which expected improvement (EI) has been extensively used for
adaptive learning.57,72,74,75 Our optimization is bounded by the
trade-off that compositions with lower cost are usually associ-
ated with the reduced achievable Br&Hcj. The use of EI as the
acquisition function would indiscriminately render EI values
that are close to zero for all the compositions below a certain
cost bound, and hence, is undesirable as an acquisition func-
tion for such a cost bound. We therefore resorted to UCB here,
which did not suffer from this drawback (see ESI† Note 2 for
more details on EI and UCB, and our rationale for choosing UCB
over EI). Three different cost constraints (w.r.t. pristine Nd–Fe–
B with a cost of ∼236 RMB/KG) were applied: C1: ∼0% cost
reduction (also referred to as similar cost hereaer), C2: ∼10%
cost reduction, C3: ∼20% cost reduction (see ESI† Note 3 for
more details on cost constraints). The as-trained surrogate
model was then used to recommend one composition under
each of the above three cost constraints, totaling three compo-
sitions. Nd–Fe–B samples with the recommended composition
were then fabricated, characterized, compared to our predic-
tions, and then added to the current training set to update/
modify the model iteratively.
3.6 Optimization goal

Our adaptive-learning ow consists of two stages, wherein
different optimization goals are involved in each stage:

Stage 1. Surrogate models were constructed to predict
Br@150 °C, and recommendations for new samples were made
of the SVR surrogatemodel on the initial dataset (to kick-start Stage 1);
SVR surrogatemodel on the augmented dataset (to kick-start Stage 2).

tered at the predicted mean (m), spanning a width double the predicted

This journal is © The Royal Society of Chemistry 2023
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to maximize Br@150 °C. The goal was to identify compositions
with exceptional HT Br.

Stage 2. Surrogate models were constructed to predict Br@80
°C and Hcj@150 °C, and recommendations for new samples
were made to maximize a measure of overall performance,
MBr&Hcj

, dened as the product of Br@80 °C and Hcj@150 °C,
given the trade-off between Br and Hcj. The goal was to identify
compositions with exceptional overall performance.

Although excellent Br@150 °C is desirable, we switched our
optimization goal for Br to Br@80 °C in Stage 2 as 80 °C is the
most typical (frequent) operating regime of Nd–Fe–B-based
permanent magnets in electric motors used in the automotive
industry. Therefore, a higher Br@80 °C is of critical importance
for such applications, which we are interested in.
4 Results: adaptive learning
4.1 Model performance

The parity plots in Fig. 4 show the performance of the surrogate
models on the train and test sets for Stage 1 (Fig. 4a and b) and
Stage 2 (Fig. 4c and d), where the horizontal error bars represent
Fig. 5 Recommended compositions and their corresponding Br@150 °C
over iterations, with the initial dataset shown as iteration 0. In (a) and (b) m
predicted mean (m), spanning a height double the predicted uncertainty (
hexagon for iteration 2. In (a–d) dashed horizontal lines are included to sh
are specified based on the main phase wt% of the associated doping sp

This journal is © The Royal Society of Chemistry 2023
the uncertainty of the prediction evaluated through boot-
strapping. Generally, the model tends to under-estimate Br&Hcj

at the high end, which is typically observed in other
studies.74,76,77 It is noted here that, as the optimization goal was
altered in Stage 2, a new RFE process was initiated with the
initial dataset and augmented data from Stage 1 (see ESI†
Fig. S4 for details).

4.2 Iterative design

Two iterations were conducted in Stage 1. The recommended
compositions and the associated Br@150 °C are shown in
Fig. 5a (iteration 1) and 5b (iteration 2), along with the experi-
mentally measured values. For the sake of comparison, the
initial dataset is also plotted and shown as iteration 0 (with
pristine Nd–Fe–B highlighted as a cross). In particular, it is
noted here that among all the compositions in the initial
dataset, only two demonstrate higher Br@150 °C than pristine
Nd–Fe–B, yet at the same time much higher cost due to the
high wt% of Co (see ESI† Table S1). The recommended samples
are labeled 1: C1, 1: C2, 1: C3 for iteration 1, subject to the
corresponding cost constraint as discussed before, and
in (a) iteration 1, (b) iteration 2. Variation of (c) Br@150 °C, (d)Hcj@150 °C
odel-predicted range (m ± s) is shown as vertical bars centered at the

s), and the measured values are shown as diamonds for iteration 1 and
ow the value for pristine Nd–Fe–B as a benchmark. The compositions
ecies.
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similarly 2: C1, 2: C2, 2: C3 for iteration 2. The surrogate model
recommended a Ce/Co binary system (Ce3Co7) during iteration
1 (Fig. 5a), with Br@150 °C close to pristine Nd–Fe–B. The other
two compositions recommended in Stage 1 (1: C2, 1: C3)
showed relatively low Br@150 °C. During iteration 2, the model
made recommendations of the La/Co/Ni ternary system exclu-
sively, and the corresponding Br@150 °C all surpassed 10.5 KGs,
which was only ∼0.4 KGs lower (∼4% lower) than pristine Nd–
Fe–B (Fig. 5b). Notably, 2:C3 (La7Co10Ni2), with ∼40% of Nd/Pr
replaced by La, achieved a Br@150 °C of 10.51 KGs, at a cost
reduction of ∼20%.

To better compare the performance of recommended
compositions, the variations of Br@150 °C and Hcj@150 °C over
iterations are plotted in Fig. 5c and d, respectively. The rec-
ommended compositions in iteration 2 generally showed
increased Br@150 °C over those in iteration 1, expectedly so as it
is the target property in Stage 1. However, this is also accom-
panied by a general decrease inHcj@150 °C, as shown in Fig. 5d.
The above La/Co/Ni ternary system in iteration 2, La7Co10Ni2 for
example, despite a high Br@150 °C at ∼20% reduced cost
(Fig. 5c), is not suitable for HT applications, due to its low Hcj

(Fig. 5d). As is evident from Fig. 5d, except for the Ce/Co binary
system Ce3Co7, all the other La/Co/Ni ternary systems showed
low Hcj@150 °C, well below that of pristine Nd–Fe–B. Among all
the 6 recommended compositions, only Ce3Co7 showed
improved overall HT performance compared to that of pristine
Fig. 6 Recommended compositions and their corresponding (a) Br@80 °
performance of recommended compositions as compared to the initia
colored based on the relative cost of the corresponding compositions
variation ofMBr&Hcj

. (e) Variation ofGBr&Hcj
over iterations, with the initial da

shown as vertical bars for iteration 3, similar to that in Fig. 5. The comp
doping species.

J. Mater. Chem. A
Nd–Fe–B, with a ∼8.9% enhancement in Hcj@150 °C and
∼1.4% reduction in Br@150 °C, at a similar cost. Detailed values
for all the recommended compositions are shown in ESI† Table
S5.

To improve the overall performance, the recommendations
in Stage 2 were made to maximize MBr&Hcj

. The recommended
compositions and the associated Br@80 °C, Hcj@150 °C and
MBr&Hcj

are shown in Fig. 6a–c, along with the experimentally
measured values. The values are shown for all the compositions
in the initial dataset (with pristine Nd–Fe–B highlighted as
a cross), as well as the 9 extra compositions recommended in
Stage 1 and Stage 2. Merits of the recommended samples are
also benchmarked against pristine Nd–Fe–B, the composition
with the highest MBr&Hcj in the initial dataset (Fig. 6c). As
compared to the rst two iterations in Stage 1, the recom-
mended compositions here demonstrate reasonably high
Br@80 °C (Fig. 6a), and importantly, much higher Hcj@150 °C
(Fig. 6b). Note that the rst two compositions recommended
here, 3: C1 (Ce1Co1) and 3: C2 (La1Ce1Ni0.25) both showed
a higher Hcj@150 °C than the pristine Nd–Fe–B, albeit with
slightly lower Br@80 °C. The resulting MBr&Hcj

of these two
compositions are hence much higher than those of the pristine
Nd–Fe–B, at a similar cost, and ∼10% reduced cost, respec-
tively. Fig. 6d shows a scatter plot demonstrating the distribu-
tion of Br@80 °C and Hcj@150 °C where variation of MBr&Hcj

is
represented by the dashed gray contour lines. The majority of
C, (b) Hcj@150 °C, (c)MBr&Hcj
in iteration 3. (d) Contour plot showing the

l dataset (with pristine Nd–Fe–B highlighted as a cross), with symbols
w.r.t. pristine Nd–Fe–B. The dashed gray contour lines represent the
taset shown as iteration 0. In (a–c) themodel-predicted range (m± s) is
ositions are specified based on the main phase wt% of the associated

This journal is © The Royal Society of Chemistry 2023
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Table 2 Compositions with positive performance–cost ratio gain
DGBr&Hcj

in the entire dataset. The compositions are specified based on
the main phase wt% of the associated doping species

Iteration Main phase wt%
Relative
cost GBr&Hcj

DGBr&Hcj

1: C1 Ce3Co7 0% 0.189 4.8%
3: C1 Ce1Co1 −2.4% 0.198 18.4%
3: C2 La1Ce1Ni0.25 −9.2% 0.224 13.1%
3: C3 Ce5Y0.5Co1 −19.7% 0.195 3.3%
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the compositions recommended in Stage 1 (iteration 1, 2)
demonstrated low MBr&Hcj

, except for 1: C1 (orange diamonds).
This arises from the low Hcj of these samples, as Stage 1 was
concerned with maximizing Br@150 °C only. The performances
of the three compositions recommended in iteration 3 in Stage
2 (indicated with stars) surpassed those in the initial dataset as
well as those in Stage 1, at a similar cost level (indicated by
similar color of points in Fig. 6d). It is also worth noting that
composition 3: C2 (indicated with cyan stars), at ∼10% reduced
cost, achieved MBr&Hcj

greater than that of pristine Nd–Fe–B.
Detailed values for all the recommended compositions are
shown in ESI† Table S6, and demagnetizing curves of the rst
two compositions recommended in iteration 3 : 3: C1 (Ce1Co1),
3: C2 (La1Ce1Ni0.25) are shown in ESI† Fig. S5.

Putting compositions at different cost levels on the same
footing, the merits of the compositions were further evaluated
based on the performance–cost ratio GBr&Hcj

, calculated as
MBr&Hcj

/cost, as shown in Fig. 6e, where pristine Nd–Fe–B
demonstrated the highest of GBr&Hcj

in the initial dataset. A
performance–cost ratio gain, DGBr&Hcj

, dened as percentage
gain in GBr&Hcj

w.r.t. pristine Nd–Fe–B, was found to be negative
(or zero) for all the compositions in the initial dataset, whereas
4 out of 9 compositions recommended demonstrated positive
DGBr&Hcj

. These four compositions are shown in Table 2.
Notably, the rst two compositions in iteration 3 demonstrated
the highest DGBr&Hcj

of 18.4% (3: C1) and 13.1% (3: C2), and are
therefore promising candidates for cost-effective Nd–Fe–B PMs.
These compositions demonstrate excellent performance at RT
as well, as shown in ESI† Fig. S6, although it was not as
signicant as that observed at HT, as discussed above. In
addition, the recommended compositions with high GBr&Hcj

showed excellent temperature coefficients of Br (aBr
) and Hcj

(ßHcj
) at 150 °C as well (see ESI† Note 4), for example, improved

ßHcj
over pristine Nd–Fe–B, as shown in ESI †Fig. S7. Therefore,

excellent RT performance, along with improved temperature
stability, contributed to the improved HT performance of these
recommended compositions.

5 Discussion
5.1 Post-hoc interpretation

Closer inspection of the recommended compositions and the
predicted values indicates a transition from exploration to
exploitation from iteration 1 to 3. For example, inspection of the
Ni wt% of the recommended compositions reveals that 1: C2
and 1: C3 in iteration 1 featured a Ni wt% (3 wt%) beyond the
range covered in the initial dataset (0–1.9 wt%), and thus was
extrapolative in nature, and this was not the case in iteration 2–
3 (w.r.t. the augmented dataset). The predicated uncertainty (Br
values, for example) w.r.t. that of the predicted values (mean)
decreased from iteration 1 to 3, indicative of a transition from
uncertainty-driven (explorative) to mean-driven (exploitative)
search strategy, as more data were accumulated and the model
became more ‘condent’ (and less ‘uncertain’) in its prediction,
as illustrated in ESI† Fig. S8.55,65 In addition, the selection
strategy of the trained model, namely, characteristics of the
recommended compositions, was driven by the associated
This journal is © The Royal Society of Chemistry 2023
optimization goal. Fig. 7 shows the distribution of wt% of La
and Ce for recommended compositions. The model demon-
strated a manifest preference for La as Nd-site doping species in
Stage 1, with 5 out of 6 recommended compositions being
entirely or primary La, as observed in Fig. 5. Hence, the selec-
tion strategy was La-oriented in Stage 1, where the optimization
of Br@150 °C was the goal. Notably, all the 3 compositions
recommended in iteration 2 were La/Co/Ni ternary systems,
indicating the model's strong “belief” in the superior Br@150 °C
of the La/Co/Ni system, which was also borne out by the
experimental results. Here the choice of La over Ce as the Nd-
site doping species could be attributed to the higher TC of
La2Fe14B (530 °C) than that of Ce2Fe14B (424 °C),2 which
contributed to improved temperature stability and hence higher
Br@150 °C. These La-oriented systems, however, demonstrated
very low Hcj, as shown in Fig. 5d. When the optimization goal
shied from Br@150 °C in Stage 1 to MBr&Hcj

in Stage 2, the
selection strategy shied from La-oriented to Ce-oriented, as
indicated by the dominance of Ce in the 3 recommended
compositions in iteration 3 (Fig. 6). Hcj of these Ce-oriented
compositions, both at RT and HT, was much higher than that
of La-oriented ones in Stage 1 (see Fig. 6 and ESI† Fig. S6).

To understand the microstructural origin of the improved
Hcj of compositions in iteration 3, back-scattered SEM images of
the recommended compositions of iteration 2 and iteration 3
are shown in Fig. 7. Clearly, Ce-oriented compositions showed
thicker and more uniform grain boundaries (Fig. 7d–f) than the
La-oriented compositions (Fig. 7a–c). This distinct difference in
the microstructure of the Ce-oriented and La-oriented systems
is believed to be responsible for the higher Hcj of the former.78

In contrast to La and Ce, Y was rarely recommended by the
model, except in 3: C3 (Ce5Y0.5Co1), where only ∼0.5 wt% Y was
included. Although Y was known to improve the temperature
stability of Nd2Fe14B, the observed improvement was found to
be insufficient to justify its presence. The variation of Br&Hcj

with the wt% of La, Ce and Y as predicted by the model (Stage 2)
is shown in ESI† Fig. S9, where the model identied Y to be
much more detrimental to the magnetic properties of Nd–Fe–B
than Ce at both RT and HT, which, coupled with the higher cost
of Y over La and Ce, could help explain why the model favored
the latter two over Y.

Notably, at ∼10% reduced cost, the superior performance of
3: C2 (La1Ce1Ni0.25) is believed to arise partially from the pres-
ence of Ni as well. Ni could potentially benet Nd–Fe–B in two
aspects: (1) Ni possesses a higher TC than Fe, and hence benets
J. Mater. Chem. A
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ßHcj
as well as aBr

, resulting in the improved HT performance of
Nd–Fe–B, similar to that of Co; (2) Ni is found to be able to
effectively reduce the grain size of the Nd–Fe–B microstructure,
leading to higher Hcj and ßHcj

.79 For example, ßHcj
of 3: C2 (La1-

Ce1Ni0.25) at 150 °C is −0.590% per °C, which is superior to the
value of −0.600% per °C for pristine Nd–Fe–B (ESI† Fig. S7). In
addition, the measured grain size of 3: C2 (La1Ce1Ni0.25) is 4.13
± 0.16 mm, appreciably smaller than that of pristine Nd–Fe–B
(4.69 ± 0.19 mm), suggesting the effectiveness of Ni at grain size
reduction, even at a low wt% of 0.25%. However, Ni is detri-
mental to RT Br at the same time. The superior performance of
3: C2 is believed to arise primarily from an optimal wt% of Ni,
balancing Br, Hcj and cost.

Previous studies have shown Ce/Co to be a promising doping
combination for achieving Nd–Fe–B PMs with excellent perfor-
mance, due to the synergistic effects of Ce and Co.22,32 This was
“recognized” by the model, which recommended two Ce/Co
systems: 1: C1 (Ce3Co7) and 3: C1 (Ce1Co1), with the latter
demonstrating the highest MBr&Hcj

and GBr&Hcj
among all the

compositions. These Ce-oriented compositions demonstrated
much higher Hcj@150 °C than La-oriented ones, yet at the same
time lower Br@150 °C (see ESI† Fig. S10). The above observation
hence points to a trade-off between Br@150 °C and Hcj@150 °C.
Hence, it is unlikely that simultaneous enhancement of Br and
Hcj could be achieved through doping with the investigated
species in this work, although it can be achieved with a grain
boundary diffusion process80 or through an annealing process.81
5.2 Performance–cost relationship

The obtained model could be used to gain insight on the
performance–cost relationships for Nd–Fe–B samples. Fig. 8a
Fig. 7 Distribution of wt% of La and Ce for recommended compositions,
as a cross). Back-scattered SEM image of recommended composition
compositions in iteration 3.

J. Mater. Chem. A
and c show the performance vs. cost over the entire design space
based on model prediction for Br@80 °C and Hcj@150 °C (Stage
2), respectively. A few observations are made here. (1) There is
a spread of about∼2 KGs for Br@80 °C and∼2 KOe forHcj@150
°C at a xed cost, which is an indication that substantial and
nearly xed improvement could be attained at different levels of
cost. (2) The highest Br@80 °C and Hcj@150 °C that can be
achieved through composition optimization decreases with the
cost, as indicated by the upper boundary of the spread in the
middle region (from C1 to C3). To show this more clearly, points
were sampled from the upper boundary at regular intervals (5%
of the cost of pristine Nd–Fe–B) and plotted in Fig. 8b and d. A
preliminary linear t in the region bounded by C1 and C3
rendered a slope of 0.324 KGs/10% cost for Br@80 °C and 0.354
KOe/10% cost for Hcj@150 °C, namely, for each 10% cost
reduction (10% of that for pristine Nd–Fe–B, namely, ∼23.6
RMB/KG), the highest achievable Br@80 °C and Hcj@150 °C are
reduced by 0.324 KGs and 0.354 KOe, respectively. The above
plots generated with the as-obtained model furnish a glimpse
into the performance–cost relationship of Nd–Fe–B in a quan-
titative way, and provide guidelines as to how much more room
for improvement there exists in terms of optimizing the above
properties, and importantly, how this varies with the design
goal of cost-reduction. In addition, a non-linear trend of the
variation is observed in the upper boundary of Br@80 °C and
Hcj@150 °C, and specically, evidenced by a marginal drop in
between C1 and C2, and signicant decrease in between C2 and
C3, especially for Hcj@150 °C. Finally, the distribution of the
scatter points in Fig. 8a and c suggests that in general, a high
amount of Co is unfavorable for achieving high values of
Hcj@150 °C, also evident from the low wt% of Co in the
along with that of the initial dataset (with pristine Nd–Fe–B highlighted
s: (a–c) La-oriented compositions in iteration 2, (d–f) Ce-oriented

This journal is © The Royal Society of Chemistry 2023
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Fig. 8 (a) Scatter plots showing Br@80 °C vs. cost over the entire design space based onmodel prediction, (b) the corresponding upper boundary
from (a); similarly, (c) and (d) show the results forHcj@150 °C. Points are colored based on Cowt% in (a) and (c). The three levels of cost constraint:
C1, C2 and C3 are indicated with perpendicular dashed magenta lines.
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compositions recommended in Stage 2 (Fig. 6). This is different
from the scenario in Stage 1 (Fig. 5), where optimization of
Br@150 °C was the goal and high wt% of Co was recommended
invariably. This again points to the trade-off between Br and Hcj

for Nd–Fe–B, where the doping wt% of Co was concerned.
5.3 Further validation of the model

Here we discuss how our model could be used to gather further
insights on the peculiar role of the involved doping species, in
light of additional experimental results. First, the effect of Co on
Br is discussed. Fig. 9a and b show the variation of Br@20 °C and
Br@150 °C with Co wt% as predicted by the model (Stage 1). As
our current dataset only includes Co wt% of 18% for the unary
system, we utilize our earlier experimental results of a Co-series
that feature a different base composition termed another base
here: B0.965Dy3 M0.56 (M = Al, Cu, Ga, Ti, Zr) as compared to the
current base used for model construction. This new base
features a different wt% of Al, Ga, B from the current base, and
importantly, an additional 3% Dy, among other differences.
Note how the pristine Nd–Fe–B sample, with no doping of Co (as
indicated by the le-most points in Fig. 9a and b), shows
different Br, due to the difference in the base composition as
detailed above. Given such a difference in base composition, the
main goal here is to examine how our model captured the
trends observed in the experiment. The model predicted that
a Co wt% below ∼5% does not lead to appreciable degradation
of Br@20 °C, but is detrimental to Br@20 °C beyond it, as shown
in Fig. 9a. This trend predicted by the model was also observed
This journal is © The Royal Society of Chemistry 2023
with experimental results on the new base. In addition, as
shown in Fig. 9b, the model predicted an increase in Br@150 °C
with Co wt%, peaking at∼10%, and a drop beyond it. The above
trend agrees with the experimental results up to ∼10%, where
the values rise up quickly at a low wt% of Co, but show
a tendency to plateau at ∼10%. As such, although a high
Co wt% was generally required to enhance Br@150 °C, as was
the case in Stage 1, Co wt% beyond ∼10% was not recom-
mended (Fig. 5). This trend is also conrmed by recent studies,
and attributed to the transition of the grain boundary phase
from the non-magnetic to the ferromagnetic state at a high wt%
of Co.33 The above results demonstrated that the model was able
to learn patterns that are general and translate well to other Nd–
Fe–B samples with different base compositions. This generality
of the learned model is crucial, in suggesting that our model is
robust enough to be applicable for a wide range of applications
involving Nd–Fe–B materials with varying base. Secondly, we
comment on the role of Ce. As shown in Fig. 9c, the decrease in
both Br@80 °C and Hcj@150 °C with Ce wt% as predicted by the
model (Stage 2) was shown to be much more signicant as
Ce wt% goes beyond ∼5%. This variation could be attributed to
the formation of a secondary CeFe2 phase in the microstructure
beyond a critical Ce wt% of ∼5%, as shown in Fig. 9d as well as
in other published studies.82 As such, we note here that
although our model takes as input the amount of the doping
species only and hence is microstructure-agnostic, its predic-
tions, when scrutinized, could still shed light on possible
microstructural changes in Nd–Fe–B samples, and hence are
helpful towards guiding experimental characterization.
J. Mater. Chem. A
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Fig. 9 Variation of (a) Br@20 °C and (b) Br@150 °C with Co wt% as predicted by the model (Stage 1), as compared to that of a series of Co-doped
Nd–Fe–B samples with a different base composition as compared to the current base used to construct themodel. (c) Variation of Br@80 °C and
Hcj@150 °C with Ce wt% as predicted by the model (Stage 2), (d) variation of wt% of CeFe2 in the sample with Ce wt% for all the samples in the
initial dataset.
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6 Conclusion

We proposed the use of an adaptive-learning framework for
accelerated discovery of Nd–Fe–B-based PMs, with La, Ce, Y, Co,
and Ni as doping species. It was shown that feature engineering
is crucial towards the construction of models with high
predictive capability, as compared to using compositions alone
as features. Based on a lean set of 24 compositions, the trained
surrogate model successfully predicted new compositions with
an improved performance–cost ratio over that of the pristine
Nd–Fe–B. Our work led to the discovery of several promising
compositions: (a) La/Co/Ni ternary systems with excellent HT
remanence, (b) Ce/Co binary system and (c) La/Ce/Ni ternary
systems with enhanced overall performance (MBr&Hcj

), at similar
cost and ∼10% reduced cost, respectively. These novel compo-
sitions were identied through Bayesian Optimization within 3
iterations only, from a vast optimization space with ∼200 000
possible candidates, demonstrating the effectiveness of the
adaptive-learning approach in accelerated materials discovery.
Closer examination of our surrogate model also revealed
interesting performance–cost relationships inherent to Nd–Fe–
B materials. The generality of the obtained model, as validated
with additional experimental results, suggests that the above
novel compositions could potentially be transferable to Nd–Fe–
B samples with different base compositions. Importantly, as
sintered PMs were studied in this work, which is used in
industry for scaled-up production, the novel compositions
J. Mater. Chem. A
identied in this work could potentially impact the develop-
ment of new Nd–Fe–B materials for HT applications.
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