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ABSTRACT

Multi-principal element alloys (MPEAs) form a unique class of alloys (3 or more
elements) that are sought-after due to their exceptional mechanical properties.
However, a significant challenge in the discovery and design of MPEAs lies
in the vast and complex compositional space they occupy, which is both high-
dimensional and sparsely explored. Traditional methods for identifying MPEAs
with desirable properties tend to rely heavily on trial-and-error experimentation,
which is time-consuming and inefficient. In this work, we apply an active learn-
ing approach, PAL 2.0, utilizing a Bayesian optimization framework as a means
to significantly accelerate the discovery of MPEAs with particularly high hard-
ness. The framework closely integrates physics-based Gaussian process models
with experimental validation. Our methodology enables the model to intelligently
navigate the compositional space and make informed decisions about the most
promising alloys to synthesize and test. Based on recommendations made by PAL
2.0, we successfully synthesized 20 new MPEAs through a rapid arc-melting pro-
cess|Gienger et al.|(2024) Among these 20, we identified two new alloys with
exceptionally high Vickers hardness values of 1269 and 1263. While the original
training dataset had only three MPEAs with hardness above 1000, our method rec-
ognized five additional compositions with a hardness over 1000, thereby doubling
the number of very hard MPEAs. The most striking discovery is the appearance
of silicon and tantalum together in the alloys, an “out of distribution” combina-
tion not seen in any high hardness alloy within the original training dataset. This
study demonstrates the power of PAL 2.0 as a fast, efficient, and scalable tool for
the discovery of materials with optimal properties. It offers a pathway to explore
other complex, high-dimensional material spaces, paving the way for creative ad-
vancements in materials science.

1 INTRODUCTION

The development of advanced materials with exceptional mechanical properties is critical to various
engineering applications, ranging from aerospace to power generation. In recent years, MPEAs,
and the closely related class of materials known as high-entropy alloys (HEAs), have emerged as a
promising class of materials that challenge traditional alloy design strategies. Unlike conventional
alloys, which consist of a single principal element, MPEAs are composed of three or more elements
in near-equiatomic concentrations (Yeh et al.| (2004); (Ostovari Moghaddam et al.| (2021)). This al-
loying approach allows researchers to exploit a vastly expanded compositional space, leading to
the discovery of alloys with remarkable properties, including high strength, ductility, and thermal
stability (George et al.| (2020)). One of the most intriguing features of MPEAs is their ability to
maintain a stable solid-solution phase. This phenomenon, theoretically driven by configurational
entropy, inhibits the formation of brittle intermetallic phases and promotes the formation of com-
plex microstructures that can be tuned for desired mechanical properties. Consequently, MPEAs
have shown potential for applications in extreme loading and temperature environments. However,
despite their promise, the vast compositional design space of MPEAs makes it challenging to sys-
tematically identify alloy compositions that exhibit optimal mechanical properties using “Edisonian”
materials discovery approaches (Liu et al.|(2022)). This situation is tailor-made for the intervention
of machine learning and high-throughput approaches to navigate the MPEA design space more ef-
fectively and efficiently.
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Computational and experimental methods employed in MPEA design New experimental ap-
proaches have emerged to accelerate the discovery of MPEAs. These include high-throughput exper-
imentation (Bresnahan & Poerschke| (2024); [Koneru et al.| (2022); |Gienger et al.| (2024); |Hastings
et al.| (2025)), additive manufacturing (Li et al.| (2022); Pegues et al| (2021)), and combinatorial
development (Rao et al.| (2022a))). Following manufacturing, Vickers microhardness tests are fre-
quently conducted as a practical proxy for mechanical strength in high-throughput workflows since
hardness is relatively easy to measure on small ingots, and correlates reasonably well with strength,
making it an ideal screening target (Paramore et al.| (2025); Roy et al.|(2023));|/Acemi et al.| (2024)).
However, purely experimental methods can be rather expensive in terms of labor and resources.

As an alternative to experimental studies, several computational methods, such as the well-known
and well-used CALculation of PHAse Diagrams (CALPHAD) and density functional theory (DFT),
offer a calculation-based approach to materials discovery (Rao et al.| (2019); Huang et al.| (2018));
Kormann et al.| (2015); Wang et al.| (2019)). Computational frameworks like CALPHAD and DFT,
while powerful, are often computationally intensive for composition selection, deterring optimiza-
tion across vast multi-principal element alloy design spaces. To address these shortcomings, a range
of supervised and generative machine learning (ML) techniques have been developed to accelerate
alloy discovery by predicting phase stability, mechanical properties, and processing windows. For
example, Chandraker ef al. (Chandraker et al.| (2025))) trained a series of ML models to predict
the yield strength of the Co-Cr-Fe-Mn-Ni alloy system given composition, printing parameters and
testing conditions as inputs and in Ref. |39 authors use ML models to predict room temperature fa-
tigue life in single-phase Co-Cr-Fe-Mn-Ni system and the multi-phase Al-Co-Cr-Fe-Ni system. The
success of these methods shows the power of ML approaches to predict the behavior of HEAs.

In addtion to generative modeling, active learning strategies such as Bayesian optimization have
gained significant traction in designing new materials (Sharma Priyadarshini et al.| (2024); Halpren
et al. (2024); Sulley et al.| (2024); |Kusne et al.| (2020); [Liu et al.| (2022); |L1 et al.| (2024); Roy et al.
(2023); Rao et al.| (2022b)). Constraint-aware and supply-chain-informed Bayesian design frame-
works have been used to optimize alloys (Khatamsaz et al.| (2023); Mulukutla et al.| (2025))), while
others have implemented batch Bayesian optimization to efficiently identify alloys maximizing spe-
cific hardness and stiffness (Paramore et al.|(2025))). A primary focus of the studies mentioned above
has been on multi-objective optimization for a given alloy system such as FeCrNiCoCu.

“Closed loop” materials discovery Although in silico materials discovery and modeling has sev-
eral benefits, the ultimate goal remains to translate the discovery to synthesizable materials. To
achieve this, closed-loop and active learning approaches are being adopted. These approaches in-
volve iterative cycles of experimental testing that are used to inform and improve predictions of
better materials based on computational models (Kusne et al| (2020)). Optimal materials identi-
fied by a model are manufactured and tested, and the experimental data are fed back to the model
to inform further predictions (Alvi et al.| (2025); |Angello et al.| (2024)). For instance, studies have
used multi-task and deep Gaussian process Bayesian optimization to leverage property correlations
in multi-objective optimization of FCC HEAs (Alvi et al.| (2025)). Closed-loop frameworks have
been found to reduce the overall time for materials discovery by over 90% (Kavalsky et al.[(2023)),
and they have shown success in the discovery of organic solid-state lasers (Strieth-Kalthotf et al.
(2024)) and functional inorganic compounds (Kusne et al.|(2020)), MPEAs (Rao et al.|(2022b)) and
superconductors (Pogue et al.| (2023))).

In this study, we identified novel high-hardness MPEA compositions building on our previously de-
veloped materials discovery framework, PAL 2.0 (Sharma Priyadarshini et al.| (2024)). We employ
Bayesian optimization with a physics-based prior, allowing it to accurately predict a target material
property based on known physio-chemical properties of the constituent elements. Here, we show
that using PAL 2.0 inside a closed loop, with rapid synthesis and characterization, enabled quick
and efficient exploration of the large compositional space of MPEAs, yielding alloys of signifi-
cantly higher hardness within only three cycles. The hardness values of these alloys exceed those
discovered by Roy et al. using their GAN model (Roy et al.[(2023)), indicating that PAL 2.0 can
outperform generative models for MPEA discovery.
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2 METHODS AND MATERIALS

2.1 PHYSICAL ANALYTICS PIPELINE (PAL) 2.0

PAL 2.0 is a materials discovery method that uses Bayesian optimization in conjunction with a
physics-based surrogate model (Sharma Priyadarshini et al.| (2024)). The strength of the method
lies in the combination of feature engineering based on decision trees, a neural network prior, and
a Gaussian process surrogate model. The objective of materials discovery algorithms is to optimize
a given material property, f(xp), where xp are the input descriptors used to describe the search
space. The inputs, xp, are usually physico-chemical properties or “one-hot-encoded” composition
vectors. The first task to address is to identify the search-space representation, xp. In PAL 2.0, we
use XGBoost (Chen & Guestrin|(2016))) to select elemental physico-chemical properties that are put
together as an input vector, xp. Details of our choice of XGBoost over other feature engineering
methods can be found in Ref. 40l

Second, we construct a surrogate model that approximates f(xp). Here, we consider the surrogate
model to be a Gaussian process (GP) with a prior mean function m(zp), and a covariance function,
k(xp,x’n). The posterior probability distribution on the mean function (u*) and covariance (v*)

of the GP model is evaluated based on new observations (:r(Dt)) and the prior using the following
equations,

i = map)+ kap,xp))(k(wp,a) + 1) (y(ap) — m(zp)), (M)
o= k(@) el = kap, 2 (k(ep, 25)) + 02 D) T ke, 2 )T @
We use two choices for m(xzp). The first is setting m(zp) = 0, which is a GP model with a

zero-mean for the prior. Our second choice is representing m(zp) using a small neural network
(NN) as described in Ref. 40l The covariance function k(zp, z’,) gives a measure of the similarity
between two candidates in terms of their physical descriptors (D). In PAL 2.0, we measure this
similarity using a 5/2 Matérn kernel. The hyperparameters of our models (for the mean function and
covariance) are optimized using a “maximum likelihood estimate” approach (for| (2014)) in concert
with the Adam optimizer (Kingma & Ba (2014)). We implement the commonly used “Expected
Improvement” (EI) acquisition function (Snoek et al.|(2012)) to determine the next set of promising
material candidates. We have found EI to work well in the past for our studies of metal halide
perovskite systems (Herbol et al.| (2018;/2020); Sharma Priyadarshini et al.| (2024)).

Finally, we run PAL 2.0 with two Gaussian Process models (m(zp)=0 and m(zp) given by a NN)
to obtain alloy candidates for manufacturing. The final candidates are chosen based on a consensus
of recommendations made by the two GP models. This is accomplished by making recommenda-
tions using both GP-0 and GP-NN in the Bayesian optimization framework. The recommendations
are then compared and only common recommendations from both surrogate models are selected for
subsequent manufacturing. The PAL 2.0 codebase is implemented using PyTorch’s Bayesian opti-
mization library (BOTorch) (Balandat et al.| (2019)). Figure E] shows a schematic of the workflow
for a computational-experimental closed-loop discovery approach that uses PAL 2.0. In this paper,
we focus on using only the PAL 2.0 framework to provide recommendations for manufacturing and
do not compare the performance of PAL 2.0 against other methods since experiments are part of
the loop here. We have previously benchmarked the performance of PAL 2.0 against several state-
of-the-art materials discovery algorithms in Ref. |40l We refer interested readers to this previous
publication for further benchmarking details.

2.2 CLUSTERING USING k-MEANS TO GENERATE NOVEL ALLOY COMPOSITIONS

To expand the search space of the closed-loop experiments beyond the dataset provided in Ref. (8]
we developed an algorithm to generate novel alloy compositions based on existing MPEAs. Ini-
tially, k-means clustering is performed on a dataset of approximately 350 experimentally confirmed
MPEAs with known hardness values (Borg et al.| (2020)). The algorithm then generates new alloy
compositions based on the cluster centroids with some random variation.

We calculate two metrics to determine the optimal number of clusters for the £ means clustering
method. These are the inertia and silhouette scores. Inertia measures the distance of each point in a
cluster from that cluster’s centroid, and it is calculated using Eqn. equation[3] I is the overall inertia
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Figure 1: Schematic showing the workflow for closed-loop materials discovery methodology using
PAL 2.0 and the arc-melting facility at the Johns Hopkins University Applied Physics Laboratory
(JHU/APL).

of the dataset, n is the total number of data points, z; is the position of a point, and p; is the position
of the centroid of the cluster to which point ¢ belongs.

n

1= (x:— ) 3)

i=1

Values for the inertia for each number of clusters (k) are shown in Fig.[6a]in the Appendix. Generally,
the optimal value of k is located near the “elbow” of the inertia plot, as this offers a compromise
between cluster compactness and model simplicity. Our results suggest k values of 2, 3, or 4 to
be appropriate. We use the silhouette score as a second metric to determine the optimal number of
clusters. A silhouette score is calculated for a single data point using the following equation,

) — bl —ald)
S(i) = max{a(i),b(i)}

Here, S(i) is the silhouette coefficient of the data point ¢, a(%) is the average distance between i and
all the other data points in the cluster to which ¢ belongs, and b(7) is the average distance from 4
to all clusters to which ¢ does not belong. It essentially measures the distance of each point from
its assigned cluster in contrast to its distance from all other clusters. These scores range from -1 to
1. High silhouette scores are desirable, as they indicate high separation between clusters. Figure
[6b] shows that 2 clusters result in the maximum mean silhouette score (0.37), which is significantly
higher than the scores for 3 and 4 clusters (0.28). Furthermore, Fig. [7]shows that two clusters result
in the most even distribution of scores and the fewest number of negative scores. Based on these
results from the inertia and silhouette analyses, we chose two as the number of clusters and used
these clusters to generate novel MPEA compositions to expand PAL 2.0’s search-space.

“4)

2.3 EXPERIMENTAL SET UP AND MANUFACTURING

Candidate alloy recommendations from PAL 2.0 were manufactured in the arc-melting facility at
JHU/APL using the procedure described in Ref. [Gienger et al| (2024). We weigh elemental feed-
stock in accordance with PAL 2.0’s recommendations and place them in arc-melting sample hearths.
The target sample weight is set to 1 gram for the final composition. We arc-melted the samples using
a MRF SA-200 arc-melt furnace with currents up to 120 A in an argon atmosphere. Each sample
is melted two times, flipped, and then melted once or twice more to encourage homogeneity. To
account for volatilization and in order to end with a composition closer to the predicted material,
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samples containing manganese, chromium or aluminum were made with initial feedstock weights
~10 wt% higher than the final target weights. In our experiments and characterization, we only
included samples where the post-melt mass matched the pre-melt mass, indicating minimal mate-
rial loss during arc-melting. This was done to mitigate the risk of high compositional uncertainties
arising in arc-melted alloys that contain elements with significantly different melting and boiling
points.

The arc-melted samples are sectioned and cold-mounted in epoxy, with up to three samples in one
mount for expediency of preparation and hardness testing. The samples were prepared under stan-
dard metallographic procedures down to 1200 grit, followed by a 1 ym alumina polish and finished
with 20 nm colloidal silica. While the three samples prepared within each mount have different com-
positions, and thus different polishing rates, each mount was polished such that the hardest samples
in the mount were sufficiently polished by the end. We mechanically tested the samples using the
Vickers indentation method according to ASTM standard E92. At least three indents at 500 grams
were performed on each sample. In some cases, we observed extensive cracking at 500 grams indent
load; for such samples, the indent load was reduced to 300 grams. Indents with excessive cracking
or deformation were excluded according to the standard.

We note here that we did not heat-treat the samples after melting and all characterization was done
was as cast alloys. This might result in the alloy not being homogenized and having multiple phases.
However, as shown in Sec. ??, the dataset that we used for training (Borg et al.[|(2020)) has most
alloys reported as cast without heat treatment. Our decision to not heat-treat the samples keeps the
training and recommended datasets consistent with each other. Finally, we perform X-ray diffraction
(XRD) on the samples to confirm phase formation and compare experimental patterns to predicted
structures.

3 RESULTS

3.1 PAL 2.0 RECOMMENDATIONS FOR MANUFACTURING

The closed-loop PAL 2.0 materials discovery framework involves a “human-in-the-loop” approach
that leverages domain expertise to impose constraints, create an initial physics-based hypothesis
for the input space, and down-select final candidates to manufacture. Here, the constraints include
exploring only those elements that can be manufactured in the arc-melting facility and have low
cost.

We start by creating a physical descriptor search space for MPEAs, based on the elemental properties
listed in Table These properties are selected based on domain expertise. The first elemental
property we consider is the valence electron count. This is a crucial property to include because
it directly influences the bonding behavior, phase stability, and mechanical properties of the alloy.
A recent study by Islam et al. (Islam et al.| (2018))) further corroborates the importance of valence
electron count in determination of the phase of MPEAs. We also consider three types of atomic radii,
as listed in Table [T} The empirical atomic radius influences atomic packing and lattice distortion
among other properties. In MPEAs, atoms of different elements have varying atomic radii, leading
to a mismatch in atomic size. This size difference causes lattice distortion, which can strengthen the
alloy through mechanisms such as solid-solution strengthening. Therefore, we include the empirical
atomic radii in our surrogate model for hardness of the MPEAs. Similarly, the van der Waals atomic
radius and covalent atomic radius are good indicators of weak bonding forces and interface behaviors
and covalent bonding nature of the elements. Covalent bonds are directional and typically stronger
than metallic bonds, so incorporating elements with strong covalent bonding tendencies can enhance
the strength and hardness of an MPEA. Knowing the covalent atomic radius helps predict how these
atoms will bond with surrounding metallic atoms and how much strengthening can occur. Lastly, we
use the element’s electron density. Data for the elemental properties is gathered using a combination
of www . webelement s . com/database and Refs. [Slater| (1964)); Cordero et al.| (2008)); ipubl (2023).
A compiled list of the properties is available as part of the public GitHub repository that is mentioned
in the Data and Code Availability statement.

We perform feature selection using LASSO (Tibshirani| (1996)), and XGBoost (Chen & Guestrin
(2016)) on the properties listed in Table[T]on the dataset curated by Borg et al. (Borg et al.|(2020)).
This step is vital as the goal is to enable PAL 2.0 to facilitate material discovery in a physics-
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Physio-chemical elemental property
Valence electron count (VEC)
Empirical atomic radius (remp) [pm]
Van der Waals atomic radius (ry) [pm]
Covalent atomic radius (7., ) [pm]
Electron density (p(7)) [g/cm?]

SR WD =

Table 1: Elemental property inputs to the PAL 2.0 framework. Data for the elemental properties is
gathered from a combination of www . webelements. com database web| (2023)) and Refs. |Slater,
(1964)); [Cordero et al.|(2008); jpub (2023).

driven manner, with the chosen properties establishing that link. We use mole fraction weighted
elemental properties as inputs for LASSO and XGBoost. LASSO and XGBoost picked out all five
properties, albeit with varying importance, as shown in Fig. [0 in the Appendix. This implies that
all the properties we chose initially were important to predict hardness. As a result, we kept all five
properties to build our input space for the GP models. It should be noted here that, due to limited
availability of microstructural features such as the phase of the MPEAs, we do not include them
in our models. However, adding microstructural data to the models would be valuable in future
investigations.

To train the GP models, we used the 356 MPEAs from Borg ef al. (Borg et al.|[(2020)) that have
measured hardness values. The prediction accuracy of the two surrogate models we used (GP-0 and
GP-NN) was assessed on a test dataset (10% of 356 MPEAS) using the mean squared error (MSE)
loss. Both GP models exhibited similar performance with respect to the MSE loss, as shown in the
Supplementary Information (SI) Fig. [I0} Finally, the trained models were run to generate recom-
mendations for manufacturing and testing them for hardness. The results of our recommendations
are shown in Fig. [3]and discussed further in Sec.[3.3]

3.2 GENERATION OF NOVEL ALLOY COMPOSITIONS

For the first two manufacturing cycles, we used PAL 2.0 to explore the MPEAs in |Borg et al.|(2020)
that did not have measured hardness values. After two cycles of identifying candidates and man-
ufacturing, we expanded our compositional search space by generating new MPEAs based on the
k-means clusters shown in Fig.[2] Section[2.2]provides details on k-means clustering for the MPEA
dataset. Performing k-means clustering with two clusters on the known MPEA element composi-
tions from Ref. Borg et al.| (2020) allowed us to obtain two centroids representing the respective
mean compositions of the clusters.

As shown in Fig. 24| there was fairly little elemental overlap between the two centroids. The promi-
nent elements of cluster 0 included Mo, Nb, Ta, Ti, and Zr, whereas cluster 1 was high in Al, Co, Cr,
Fe, and Ni. Figure[2b|shows that cluster 0 had a relatively large proportion of samples with hardness
between 400 and 600; those in cluster 1 were more evenly distributed.
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Figure 2: Analysis of the MPEA dataset from Ref. [8lused in training the PAL 2.0 surrogate models
to initiate the closed-loop materials discovery process.
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Using the k-means clusters information, each novel MPEA composition is generated using Algo-
rithm |1} Using this algorithm, we generated a dataset of 1000 novel alloys, of which 225 belonged
to cluster 0 and 775 belonged to cluster 1. This split was chosen to reflect the distribution of MPEAs
in the training data set (Ref. 8). We enforced physics-based composition generation by using cluster
information from known alloys in Borg et al.|(2020). The code used to generate the MPEA compo-
sitions and the generated list is provided in the public GitHub repository whose link is given in the
Data and Code Availability section. Figure [§] shows the average mole fraction of each element in
each cluster for the generated MPEA compositions.

Algorithm 1 Alloy composition generation algorithm using k-means clustering

Require: Observed alloy compositions, M, = 0.1, Mypqe = 0.35
1: Perform k-means clustering
Identify important elements using centroid mole fraction n, > 0.01.
Select N important elements, where IV is chosen randomly from 3,4, 5,6, 7
Select a random scale factor, S, from 0.67 — 1.5
Element mole fraction, m, = n. X S
Normalize m,. such that ) m, = 1.
repeat
max(m.) * 0.9
Normalize m, such that ) m,. = 1.
until All m, satisfy m.,in < Me < Mgz
return Novel alloy composition

TRYRIIUNAELD

—_—

3.3 SYNTHESIS AND TESTING OF MPEAS

A total of 20 samples were fabricated over three closed-loop cycles based on the recommendations
provided by PAL 2.0. We recommend MPEA candidates from Ref. |Borg et al. (2020) for the first
two rounds of manufacturing. In the third round of manufacturing, recommendations were made
from the dataset generated in Sec. [3.2] (Fig. [8). We prioritized samples for synthesis based on the
availability of elements and perceived manufacturability using arc-melting. During the third round
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Figure 3: Experimentally measured hardness values of MPEA candidates recommended by PAL 2.0
over the course of three manufacturing cycles. The third cycle (red squares) represents novel alloy
compositions generated in this work using the algorithm described in Sec. [3;2}

of manufacturing, some of the samples lost significant mass during synthesis, particularly samples
that contained a mixture of light elements (aluminum and manganese) with refractory elements (Mo
and W). This is expected given that aluminum boils at 2,470°C, whereas tungsten remains solid even
at temperatures above 3,000°C. Given that the final composition of such samples is unknown, we
did not test them for hardness. In the future, alloying strategies can be used to mitigate these losses,
but such investigations are outside the scope of this paper.

We chose to test a total of seven samples based on how close the final mass was to the target mass. We
performed between three and five indents on each sample at either 300 or 500 grams of indent force.
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However, some of the very high hardness samples experienced brittle cracking during indentation
that can be mitigated in the future by decreasing the indentation load. The measured and predicted
hardness values from these tests are compared in Tables 3]and[2] We note here that the predictions
of PAL 2.0 are within 20% of the measured hardness value. We expect these errors to exist since we
do not consider descriptors for which we do not have data. This includes descriptors such as phases,
grain size and other microstructural properties that are indicators of strengthening mechanisms in
MPEAs.

100.0
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Element Occurrences

Ag Al B C CaCo Cr Cu Fe Ga Hf Li MgMnMoNbNd Ni PdRe Sc SiSnTa Ti V W Y Zn Zr
Element

(a) Heat map of elements in MPEA compositions with hardness values above 900 in
Ref. |8
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(b) Heat map of elements in MPEA compositions recommended by PAL 2.0.

Figure 4: Analysis of MPEA compositions (a) in the training dataset from Ref. 8| with hardness more
than 900 and (b) recommended for manufacturing by PAL 2.0.

The measured hardness values from the three rounds of manufacturing are shown in Fig.[3] We
see that PAL 2.0 consistently improves the hardness of the recommended MPEAs by at least 15%
each round. Moreover, in the third round of manufacturing, we were able to identify two alloys
with hardness values of 1263 and 1269. These values are 7% higher than the highest hardness
value (1183) of any alloy in the initial training dataset (Borg et al.|(2020)). In Fig. 4 we compare
the elemental occurrence in PAL 2.0 recommendations versus alloys that have hardness values of
more than 900 in the training dataset (Borg et al. (2020)). We see that, although chromium is
present in every alloy with high hardness in the training dataset (Fig.[4a)), our PAL recommendations
give more weight to cobalt. We make another striking observation: The highest hardness materials
recommended by PAL 2.0 incorporate silicon, which is not present in Fig. @ Moreover, these
alloys were composed of cobalt, silicon and tantalum. This combination of elements is not present
in a single alloy within the training dataset. This discovery shows the potential of PAL 2.0 to identify
out-of-distribution materials with exceptional properties. It also demonstrates the value of physics-
based models and closed-loop approaches to search parameter spaces beyond our chemical intuition.

We also carried out extensive characterization of the top performing alloys using SEM imaging and
EDS mapping, XRD and analysis of the phase diagram using ThermoCalc. These results are shown
in Figs.[5|and [12]

ThermoCalc modeling, applied to the Ta—Co-Si system, suggested the formation of a complex mul-
tiphase mixture including the CoSi B20 phase, a C14 Laves phase with a nominal composition
of (Co,Si)Tay, and a TasSiz DBL phase, Fig.[5b] These predictions aligned well with our exper-
imental results. XRD revealed reflections consistent with Ta;Si3 and binary silicide phases, such
as TaCo1Si7 and TaCoSi, confirming that the synthesis produced the predicted compound. Some
oxidation was evident, indicated by the presence of CoO and SiO; in the XRD pattern, likely sur-
face oxides. Figure [5adisplays backscatter electron imaging and EDS maps showing two distinct
phases: a nearly stoichiometric primary phase and a secondary phase enriched in Ta and depleted in
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(a) Secondary electron image that shows two primary phases and EDS color maps showing the location of
elements in the image.
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Figure 5: Analysis of sample 53, Cog.320S10.34Tag.33. (a) Secondary electron image that shows two
primary phases and EDS color maps showing the location of elements in the image. Phases 1 and
2 marked in the figure are detailed in Table[d (b) Volume fractions of different phases present as
calculated using ThermoCalc, and (c) X-ray diffraction pattern for the Cog. 329Sig.34Tag.33 system.

Co. The presence of cobalt enrichment along grain boundaries, as shown in the Co EDS maps, and
fine intergranular cracking suggests residual thermal stress or phase mismatch, but confirms chemi-
cal partitioning consistent with ThermoCalc predictions. Taken together, these findings confirm that
our PAL-guided selection and synthesis of TaCoSi yields multiphase structures, including relatively
unexplored Ta—Co-Si silicides.

4 CONCLUSIONS

We have demonstrated that the PAL 2.0 model is capable of identifying superior high-hardness
materials in the MPEA design space. Through just three rounds of predictions, the hardness values
for the PAL-recommended and experimentally synthesized materials have increased significantly,
being 7% above the highest previously existing hardness value in the 300-strong database. Through
our closed-loop approach, we discovered multiple materials that had Vickers hardness values (VHN)
above 1200 VHN, exceeding anything in the initial training data set. In addition, we were able to
discover five new alloys with a hardness above 1000 VHN, in contrast to just three such alloys in
the original data set.

For future studies, we propose two approaches that can lead to more accurate synthesis of the pre-
dicted compositions. The first is to incorporate some of the physics behind manufacturability (i.e.,
melting temperature) into the model; the second is to explore additional processing routes in the
synthesis approach. Additionally, given that the model has predicted high-hardness materials that
are relatively inexpensive, light, and straightforward to synthesize, effort should be taken to scale up
the material from the small ingots used for discovery to a useful material system in an application
like hard-coating for wear-resistance.
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A APPENDIX: K-MEANS CLUSTERING RESULTS

In this section, we show an analysis of the the inertia score and mean silhouette score to guide the
choice of optimal number of clusters in k-means clustering. We also show the distribution of new
MPEA compositions generated using the generated clusters.
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Figure 6: Two scoring metrics used for different k-means cluster sizes to determine the optimal
number of clusters in the MPEA dataset Ref/Borg et al.| (2020): (a) the inertia score, (b) mean
silhouette score.
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Figure 7: Silhouette score distributions for varying cluster sizes between 2 and 4, using k-means

clustering for the MPEA dataset/Borg et al.| (2020).
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Figure 8: Analysis of the MPEA dataset created using the alloy generation algorithm. The figure
shows average mole fractions of elements in each cluster for the generated MPEA compositions.
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B APPENDIX: FEATURE SELECITON AND PAL 2.0 SURROGATE MODELS
TRAINING RESULTS

Figure [0] shows the property importance for predicting the hardness of MPEAs using LASSO and
XGBoost.
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Figure 9: Descriptor importance values using LASSO (1996) (left) and XGBoost
& Guestrin| (2016)) (right).

Here, we also compare the predictive accuracy of three surrogate models that are part of the PAL
2.0 Bayesian optimization framework - Gaussian process with a zero prior (GP-0), Gaussian process
with a linear prior (GP-L) and Gaussian process with a neural network prior (GP-NN). The violin
plots are generated by creating 25 different train-test data splits from the Borg et al. dataset
using the bagging methodology. We use 90% of the data for training and 10% of the
data for testing. Our comparison shows that all three surrogate models perform nearly the same, with
the GP-NN model having slightly lower overall error. Based on our analysis, we use these surrogate
models in the PAL 2.0 framework to generate recommendations for manufacturing and then used an
equal weight consensus scheme to give recommendations to the experimental team. Details on the
three surrogate models can be found in our previous publication on PAL 2.0. [Sharma Priyadarshini|

2024)
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Figure 10: Predictive accuracy of GP-0, GP-L and GP-NN models on the MPEA dataset from Borg
et al. (Borg et al.|(2020)).
C APPENDIX: EXPERIMENTAL RESULTS ANALYSIS

In this section, we list the hardness value measurements taken from the three rounds of manufactur-
ing and share experimental results from SEM and EDS characterization of the two top performing
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alloys discovered. We also present a phase analysis from the Thermocalc software for these alloys
at the end of this section.

Sample # and Force (g) | Measured VHN | Predicted VHN
Elemental Composition
27
Al .167C00.167Cro.167Fe0.167Nig.167S10.167 300 868 733
254
Cog.111Cug.111Fe0.111Nbg 556 Nig.111 500 627 763
19
Alp.174Coq.174Crg.174F€0.174Nbg.13Nig. 174 300 831 781
93
Coyg.25Crp.25 Mo 25Nbg 25 300 1019 719.5
228
Al 25Crg.25Mo0g.25Nbg 25 300 1002 691.2
34
Alp.147C00.147Cro.147Cu0.147Nig.147Tio.147 Y0.118 300 949 666.4

Table 2: Measured and predicted Vickers hardness values (VHN) for synthesized materials from the
first two rounds of manufacturing.

Figure 11: Indentation and microstructure of sample 27 from Table
(Alp.167Co00.167Crg.167Fe0.167Nig.167S10.167)- The indents made at 300 g force are used for
hardness measurements.

C.0.1 MATERIALS CHARACTERIZATION OF THE FE-MO-SI SYSTEM

ThermoCalc predicted equilibrium phases for the Fe—-Mo-Si system included MosSiz and FeSi
(BCC) in near-equimolar proportions, along with some residual Mo, Fig.[I2] SEM imaging and
EDS mapping showed a dominant, nearly equiatomic FeMoSi phase. Preliminary XRD-indexing
identified the presence of a metallic iron based BCC phase, Fig. Fe,Si and Mo3Si are also
present in the material. Given that the EDS maps show a roughly equiatomic FeMoSi phase, there
is likely a solid solution of these silicides that approaches an FeMoSi composition. Previous stud-
ies not included in our training data show this material class to be exceptionally high hardness. A
secondary phase is enriched in Fe with some Mo depletion. It is possibly the thermodynamically pre-
dicted BCC phase (Fig.[T2) with some Mo substitutions. A third, oxidized phase was also detected,
likely forming due to air exposure, as suggested by oxygen-rich regions in EDS, and confirmed with
FeO reflections identified in XRD. The coexistence of these phases reinforces the concept that this
alloy lies in a largely unexplored compositional space where conventional ternary phase diagrams
offer limited guidance.

Figure @ shows that two binary phases are present in the Fey 34Mog 347Sig.312 alloy, BCC B2
phase with Fe:Si present in a 1:1 ratio with some Mo impurities in the lattice. A second binary phase
with chemical formula of Mo5Si3 and the D8m crystal structure dominates the volume fraction of
the alloy.
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Sample # and Indent | Force (g) | Measured VHN | Predicted VHN
Elemental Composition

42 1 300 1185
2 300 1101
C00A34Sio,333Ta0,327 3 300 1093
4 300 1175

Average 300 1137 931
53 1 500 1170
2 500 1245
C00.329510.34Tag 33 3 500 1363
4 500 1309

Average 500 1269 894
72 1 300 880
2 300 992
Feo.213S10.11V0.35Wo.327 3 300 872
4 300 864

Average 300 900 862
114 1 500 974
2 500 952
Coo.311F€0.345510.344 3 500 940
4 500 933

Average 500 950 894
118 1 300 750
2 300 728
Alp.342Fe0.315M00.343 3 300 711
4 300 653

Average 300 709 1034
170 1 500 1297
2 500 1323
Feo.34M0g.347S10.312 3 500 1387
4 500 1081

Average 500 1263 1042
489 1 300 475
2 300 479
Alp.331C00.347V0.322 3 300 455
4 300 494

Average 300 476 839

Table 3: Measured and predicted Vickers hardness values (VHN) for synthesized materials with
novel compositions recommended based on the dataset generated using the method discussed in
Sec. Results from the first two rounds of manufacturing are listed in Table

Phase | Ta (at%) | Co (at%) | Si (at%) | O (at%)
1 31 30 38 1
2 42 17 38 3

Table 4: Phase composition of phase 1 and 2 in the sample 53, Cog.3295i9.34Tag.33. Phase 1 and 2

are shown in Fig. [5g]
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Figure 12: Analysis of sample 170, Feg.34Mog 347Sig.312, (2) Secondary electron image that shows
three primary phases and EDS color maps showing the location of elements in the image. The phase
composition for each phase is given in Table 3] (b) Volume fractions of different phases present as
calculated using ThermoCalc, and (c) X-ray diffraction pattern for the Fey 34Mo0g.347Si9.312 alloy.

Phase | Fe (at%) | Mo (at%) | Si (at%) | 0 (at%)
1 36 31 29 4
2 58 8 33 1
3 7 24 17 52

Table 5: Phase composition of phase 1, 2 and 3 in sample 170, Feg 34Mo0q.347S10.312. Phases 1, 2
and 3 are shown in Fig.[T2]

18



	Introduction
	Methods and Materials
	Physical Analytics pipeLine (PAL) 2.0
	Clustering using k-means to generate novel alloy compositions
	Experimental Set up and Manufacturing

	Results
	PAL 2.0 recommendations for manufacturing
	Generation of novel alloy compositions
	Synthesis and Testing of MPEA

	Conclusions
	Appendix: K-means clustering results
	Appendix: Feature seleciton and PAL 2.0 surrogate models training results
	Appendix: Experimental results analysis
	Materials Characterization of the Fe–Mo–Si system


