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Intermetallic titanium aluminides are interesting for aerospace and automotive
applications due to their superior high-temperature mechanical properties. In
particular, y-TiAl-based alloys containing 5-10 at.% Niobium (Nb) have attracted
significant attention. Molecular dynamics (MD) simulations can elucidate and
optimize these materials, provided that accurate interatomic potentials are
available. In this work, we compare active and passive machine learning
approaches for developing TiAINb interatomic potentials using both deep
potential molecular dynamics (DeePMD) and the moment tensor potential
(MTP) methods. Our comprehensive evaluation encompasses elastic constants,
equilibrium volume, lattice parameters, and finite-temperature behavior, as well
as simulated tension tests and generalized stacking fault energy calculations to
assess the impact of Nb on the thermo-mechanical properties of y-TiAl and
a,-TizAl phases. Active learning consistently outperformed passive learning for
both methods while requiring only a fraction of the training samples. Notably,
active learning with DeePMD yielded a single potential capable of predicting the
properties of both phases, whereas MTP exhibited limitations that necessitated
separate training for each phase. Although active learning potentials excelled
in predicting high-temperature behavior, their room-temperature property
predictions were less accurate due to a sample selection bias toward higher
temperatures. Overall, our thermomechanical analysis demonstrates that Nb
incorporation enhances ductility while simultaneously reducing strength.

KEYWORDS

TiAlNDb alloy, machine-learning interatomic potentials, deep learning, moment tensor,
active learning, molecular dynamics, density functional theory

1 Introduction

Intermetallic alloys based on yp-titanium aluminide (y-TiAl) have emerged as
superior lightweight materials for aerospace and automotive applications. Their
unique combination of low density, excellent oxidation resistance, and strong creep
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resistance at elevated temperatures makes them particularly
attractive (Appel et al., 2011). Typically, these alloys consist of two
intermetallic phases: the y-TiAl phase, which adopts an ordered
face-centered tetragonal structure (L1),, P4/mmm), and the «,-
Ti; Al phase, characterized by an ordered hexagonal structure (D0,
P6;/mmc). Significant progress has been made in developing y-
TiAl alloys for high-temperature applications, notably within the
TNM (TiAl-Nb-Mo) and TNB (TiAl-Nb-B) systems (Appel et al.,
2011; Zhang et al,, 2016; Li et al., 2014; Clemens and Mayer, 2012;
Klein et al., 2016). These systems generally contain 5-10 at.% Nb
along with minor additions of elements such as Mo, B, C, Si, W, Cr,
and Ta. Although Nb is known to enhance mechanical performance
by improving both strength and ductility (Zhu et al., 2018; Chen and
Zhang, 2002; Cheng et al., 2016; Liu et al., 2022; Song et al., 2020;
Zhang et al., 2023; Appel et al., 2011, Appel et al., 2006; Clemens
and Mayer, 2012; Appel et al., 2000; Liu et al., 2002), its precise role
in these alloys remains somewhat ambiguous.

In our previous work Chandran et al. (2024a), we investigated
the effect of Nb on the thermo-mechanical properties of TiAl-
based alloys using atomistic simulations with Farkas’ ternary
interatomic potential (Farkas and Jones, 1996). We examined
a range of models—from single-phase structures and lamellar
interfaces to complex microstructure-informed atomistic models
(MIAMs) featuring nano-polycolonies. Our study revealed that
Farkas’ potential (Farkas and Jones, 1996) is limited in handling Nb
concentrations above 1 at.% in MIAMs and above 2 at.% in certain
lamellar interfaces, a significant drawback given that Nb levels of
5-10 at.% are most promising for enhancing strength and ductility.
To overcome this limitation, our subsequent work Chandran et al.
(2024b) focused on developing machine learning (ML)-based
interatomic potentials for TiAINb in molecular dynamics (MD)
simulations. We employed moment tensor potential (MTP)
and deep potential molecular dynamics (DeePMD) methods,
performing a comparative evaluation based on error analysis,
performance metrics, and calculations of key material properties
such as elastic constants, equilibrium volume, and lattice
parameters. Finite temperature properties, including specific
heat capacity and thermal expansion, were also computed, and
mechanical properties were assessed through simulated uniaxial
tension tests and generalized stacking fault energy calculations.
However, these approaches required extensive datasets (333,340
configurations for DeePMD and 40,000 for MTP) and struggled
to accurately capture the a,-Ti;Al phase characteristics. In the
current work, we implement an advanced active learning strategy to
develop a robust interatomic potential with reduced reliance on large
datasets. We also compare active and passive learning procedures
to determine the effective approach for developing the interatomic
potentials for TiAINb alloys.

The development of such an effective potential is a crucial
step, as it provides the foundation for bridging the gap between
atomistic mechanisms and macroscopic mechanical behavior. The
ultimate failure of polycrystalline materials is mainly governed by
processes initiated at the atomic and microstructural scales, such
as dislocation activity and nano-void formation (Maruschak et al.,
2023). Key properties calculated from atomistic models, including
the generalized stacking fault energy (GSFE) and elastic constants,
directly inform these fundamental deformation mechanisms.
Therefore, an accurate potential is an essential first step toward
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building predictive, multi-scale models of the structural integrity
and service life of Ti-Al-Nb components.

Various ML techniques have been developed for generating
interatomic potentials. Among these, the deep potential (DP)
and MTP methods have distinguished themselves through their
success in modeling both ordered and disordered systems. DP-
based potentials have been effectively applied to diverse systems,
including MgCl,-NaCl and MgCl,-KCI (Xu et al., 2023), LiF and
FLiBe (Rodriguez etal., 2021), AIN (Li et al., 2024) and Cu (Du et al.,
2022). Similarly, MTP has been utilized in studies on Tij;Al)sN
(Tasnadi et al., 2021). In addition, the work by Lu et al. (2023) is
particularly noteworthy, as it developed a DeePMD potential for
TiAIND that not only validates the bulk material properties of TiAl-
based alloys but also provides accurate evaluations of the stacking
fault energy and tensile properties of y-TiAl. Notably, Zhao et al.
(2024) applied the neuroevolution potential (NEP) method to
train a general-purpose Ti-Al-Nb potential that both explains the
high-temperature mechanical properties of TiAl-based alloys and
reproduces their fundamental material properties.

Active learning is a sophisticated approach that initiates the
training process with a small dataset. As learning proceeds, the
algorithm selectively incorporates the most informative data points,
thereby incrementally enhancing the model’s performance. This
strategy facilitates the development of high-quality interatomic
potentials without the need for extensive datasets, substantially
reducing computational costs—especially considering that dataset
generation often relies on numerous computationally intensive ab
initio molecular dynamics (AIMD) calculations. AIMD integrates
the atomic equations of motion in real time using forces derived
from first-principles, thereby capturing the dynamic evolution of
a system at finite temperatures. In contrast, density functional
theory (DFT) is a static approach that calculates the ground-
state electronic structure for a fixed atomic configuration, yielding
highly accurate energies and forces. Thus, while AIMD utilizes
DFT to generate realistic dynamical trajectories, DFT itself provides
precise, time-independent property evaluations. Active learning has
been successfully implemented within the MTP framework for
various materials, including Rosenbrock et al. (2021), Ta-V-Cr-W
alloys (Gubaev et al., 2023), Cu-Ni-Si-Cr alloys (Angel et al., 2023;
Attarian et al., 2022), Mo-Nb-Ta systems (Novikov et al., 2021), as
well as Cu-Pd, Co-Nb-V; and Al-Ni-Ti systems (Gubaev et al., 2019),
along with Zr (Luo et al.,, 2023) and U (Chen et al., 2023). Similarly,
active learning in DeePMD has been applied to materials such as
Ag,S (Balyakin and Sadovnikov, 2022), B,C (Ghaffari et al., 2024;
Du et al, 2022), HfO; (Wu et al,, 2021), AI (Cheng et al., 2021),
MgAlSi (Zhu et al., 2024), MgCl,-NaCl-KCl (Feng and Lu, 2024),
SnSe (Guo et al,, 2021), and SrTiO; (He et al., 2022).

In this paper, we compare passive and active learning strategies
using the MTP and DeePMD methods. Section 2.1 describes
the generation of the dataset for potential training. Here, the
term “dataset” refers to the collection of atomic configurations,
along with their corresponding energies and forces derived from
AIMD simulations, which serve as the input for training the
interatomic potentials. We also introduce the formulations of
the MTP (Section 2.2) and DeePMD (Section 2.3) active learning
strategies, as well as the methodology for simulated tension tests
(Section 2.4). In Section 3.1, we present a detailed analysis of active
learning performance—illustrated through root mean square error
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FIGURE 1

Graphical workflow of the study. The diagram outlines the active learning strategy implemented for both MTP and DeePMD and it illustrates the two
levels of comparison between active and passive learning potentials. Sampling (MD simulations, Section 2.2, Section 2.3) generates diverse atomic
configurations at the target thermodynamic conditions, while labeling (DFT calculations, Section 2.2, Section 2.3) assigns accurate energies and forces
to those configurations. In Comparison 1, both potentials are trained using the same number of samples to directly evaluate their relative performance,
while in Comparison 2, different sample sizes are used to achieve comparable error levels. The conclusion summarizes the comparisons in terms of
data requirements and prediction accuracy of active learning potential for both methods.

(RMSE) energy/atom and force curves—and compare these metrics
with those obtained via passive learning. Finally, MD simulations
were conducted to evaluate the predictive accuracy of the developed
potentials, as demonstrated by equilibrium lattice parameters,
equilibrium volume and elastic constants (Section 3.2.1), finite-
temperature properties (Section 3.2.2), and thermo-mechanical
behavior under uniaxial tension, including GSFE calculations
(Section 3.2.3). Figure 1 depicts a comprehensive workflow that
outlines both the active learning strategy employed in our study and
the approach used to compare passive and active learning potentials.

2 Materials and methods
2.1 Dataset generation

The dataset generation began by constructing a series of unique
structural configurations for y-TiAl and &, -Ti; Al alloys with varying
Nb concentrations. These concentrations spanned from 1 at.% to
14 at.%, resulting in 28 unique structural configurations. Each
configuration consisted of 108 atoms for y-TiAl and 128 atoms
for a,-Ti;Al. Here, a configuration refers to a distinct atomic
arrangement within the simulation cell, defined by the specific
positions and chemical identities of the atoms. While the primary
focus was on Nb concentrations between 1 and 10 at.%, additional
configurations with concentrations up to 14 at.% were included
to strengthen the dataset for training. The introduction of Nb
atoms into titanium lattice sites was carefully executed, accounting
for the preferential site occupancy of Nb in these materials. The
methodology for generating these configurations is detailed in our
prior work Chandran et al. (2024a), as well as in other related
studies (Holec et al., 2016; Ouadah et al., 2020; Ouadah et al., 2021;
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Song et al., 2000; Wei et al., 2012). Precise structural configurations
were generated using the Atomsk tool (Hirel, 2015).

To generate the dataset, AIMD simulations were performed
on these configurations using the Vienna ab-initio simulation
(VASP). The AIMD calculations employed projector augmented
wave (PAW) potentials (Blochl, 1994) to accurately model
electron-ion interactions, while exchange-correlation effects
were treated via the generalized gradient approximation
(GGA) using the Perdew-Burke-Ernzerhof (PBE) functional
(Perdew et al., 1996; Perdew et al., 1997). An energy cutoff of 510 eV
was adopted, with the Brillouin zone sampled by a I'-centered 1 x
1 x 1 k-point mesh and a time step of 0.5 femtoseconds to ensure
temporal precision.

For active learning, short AIMD simulations were conducted
at 300 K using the NVT ensemble (constant particle number,
volume, and temperature) for 2.5 ps. These runs provided the initial
training set for the DeePMD and MTP active learning models.
The dataset containing the training and testing data for both
MTP and DeePMD are available under the link: Active learning
dataset. In contrast, the passive learning models were trained
on the TiAINDb dataset from our previous work Chandran et al.
(2024b), which comprises additional AIMD simulations carried
out with both the NVT ensemble and the NPT (which maintains
constant particle number, pressure, and temperature while allowing
volume fluctuations) ensemble for approximately 10 ps across
all configurations. For further details on the TiAINb dataset,
please refer to Chandran et al. (2024b).

For DeePMD potential training, the DeePMD-kit (Wang et al.,
2018) was employed in conjunction with the LAMMPS package
(Thompson et al, 2022) for MD simulations. Similarly, MTP
potentials were trained using the MLIP package (Novikov et al.,
2021), integrated with LAMMPS (Thompson et al, 2022) to
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streamline MD simulations. These tools facilitated efficient and
accurate training for both DeePMD and MTP models.

2.2 Moment tensor potential (MTP) and
active learning strategy

The theoretical foundation of MTP and its associated
moment tensor descriptors has been extensively discussed in our
previous work Chandran et al. (2024b) and in other publications
Novikov et al. (2021), Podryabinkin et al. (2023). We refer the reader
to these resources for a detailed understanding of these concepts.
This section will concentrate on the active learning formulations
concerning MTP.

Traditional methods for constructing interatomic potential
training sets often involve manual trial-and-error. However,
by defining extrapolation mathematically, this process can be
automated. The D-optimality criterion (Novikov et al., 2021), which
maximizes the information matrix, introduces an extrapolation
grade, denoted as y(cfg). This grade correlates with prediction errors
without requiring ab initio data. In active learning simulations,
configurations exceeding a specified y threshold are computed using
an ab initio method and then added to the training set, thus reducing
extrapolation.

The D-optimality criterion is particularly straightforward for
linear regression, where MTP is parameterized by linear variables
E=1{¢,...,¢,}. For a given configuration, the energy can be
expressed as Novikov et al. (2021):

E™ (cfgi&) = ) ) &Bu(n) = Y &) Baln) = ) & ) Bulny)-
a=1 i a=1 i

i a=1
S
by(cfg)

(1)

Here B, represents the basis functions and #; corresponds to
local atomic neighborhood of i atom. When fitting to energy
values, an overdetermined system of K linear equations for £ is
solved, which can be represented in the following matrix form:

b (Cfgl) b, (Cfgl)
B= : : . )

b, (Cng) by, (Cng)

Each equation corresponds to a specific configuration. The D-
optimality criterion selects m configurations that form the most
linearly independent system of equations. This is equivalent to
finding an m x m submatrix A with the largest determinant, |det(A)],
which corresponds to the maximum volume. These configurations
constitute the active set. Within the MLIP code, the active learning
state is characterized by this active set, along with A and its
inverse, A~'. From the MTP perspective, this D-optimal active set
contains the most “extreme” and diverse configurations. The Maxvol
algorithm efficiently constructs this active set by choosing the
submatrix with the greatest volume from a pool of configurations.

The extrapolation grade y(cfg) for a given configuration is
computed as:

y (cfg) = max |, 3)
<j<m
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where
(¢ oo ¢y)=(by ... b,)A™". (4)

If y(cfg) > 1, this indicates that | det (A)| could be increased. In such
cases, the Maxvol algorithm replaces the row in A indexed by

k=arg max le;ls (5)
with the corresponding row from (b, ...b,,), and the active set is
updated accordingly.

When the active set and the training set are the same, the
parameters & can be determined by solving the system:

&= (E™ (cfg,)... E9™ (cfg,,)) A" (6)

Therefore, the energy of any configuration can be written as:

E™P (cfg) = Z GEM™ (cfgj). (7)
s

This mathematical formulation shows that MTP is extrapolating
if y(cfg) > 1, and interpolating otherwise. Here EY™ corresponds
to the quantum mechanical energy of configurations obtained
using AIMD calculations. Thus, y effectively serves as the
extrapolation grade.

To extend the D-optimality criterion to MTP with nonlinear
parameters, energies E™P are linearized with respect to the
parameters 0, assuming these are close to their optimal values. In
this scenario, the matrix B becomes a tall Jacobi matrix:

9 g (et .h 0 Em (fg 0
36, E™®P (cfg,;0) 30, E™P (cfg,;0)
B= ®)
O p(cfg i B) o <O E™P(cfg ;)
36, 8> a0, 8>

Each row of this matrix corresponds to a specific configuration
in the training set, while the matrix A has a similar structure. The
rest of the active learning algorithm remains the same as in the linear
case. Equations 1-8 pertain to the active learning strategy of MTP.

To assess the effectiveness of our active learning strategy, we
conducted two types of comparisons. In Comparison 1, we evaluated
the performance of active versus passive learning using an identical
number of training configurations, thereby isolating the impact of
the learning strategy on model accuracy. In Comparison 2, we varied
the dataset sizes to determine the number of configurations required
by each approach to achieve comparable RMSEs. While working
with MTP, we found that attempting to train a single active learning
model for both y-TiAl and «,-Ti;Al phases yielded unsatisfactory
results. Consequently, we opted to perform active learning separately
for each phase to better fine-tune the models.

For each phase, we employed a consistent active learning
workflow that comprises two main phases: sampling and labeling.
During the sampling phase, MD simulations are performed using
the initial potential (trained on a limited sample size) to explore
the configuration space—the set of possible atomic arrangements
and states of the system. Configurations where the model fails to
accurately predict energies or forces are identified. In the labeling
phase, these selected configurations are accurately annotated using
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DFT simulations, and the new data is incorporated into the training
set, thereby refining the potential.

The initial training set comprised 170 configurations extracted
from short NVT simulations of 2.5 ps at 300 K. We initiated the
training with a 10.mtp (potential model with level 10) model and
divided the active learning process into four steps. Steps 1, 2,
and 3 corresponded to Comparison 1, using an equal number of
samples for both learning strategies, while Step 4 extended the
process for Comparison 2 by incorporating datasets of varying
sizes. In step 1, MD simulations were conducted using the NVT
ensemble at 300 K across different Nb concentrations, with iterations
continuing until no new configurations were added to the training
set. In Step 2, the exploration temperature range was expanded
to 300 K, 500 K, 700 K, and 900 K, and the iterative process was
repeated until no new configurations were chosen. In Step 3, we
upgraded the model to 20.mtp, refined the k-point mesh to 2 x
2x2 for DFT labeling, and pruned half of the configurations
obtained with a coarser k-point mesh during the previous steps.
This procedure follows the methodology outlined in Luo et al.
(2023), Novikov et al. (2021), Bock et al. (2024). The iterations
continued until no new configurations were selected. Finally, in
Step 4, we further upgraded the model to 24.mtp and repeated
the active learning iterations across the full temperature spectrum
(300 K-900 K), again until the training set stabilized.

For MD exploration, we utilized LAMMPS (Thompson et al.,
2022), while VASP (Kresse and Furthmiiller, 1996b; Kresse and
Furthmiiller, 199a) was employed for the ab initio calculations.

2.3 DeePMD and active learning strategy

The theoretical foundations of DeePMD have been discussed
extensively in our previous work Chandran et al. (2024b) and
elsewhere Zhang et al. (2019). Here, we focus on the active learning
aspects. As with MTP, we performed two types of comparisons: in
Comparison 1, we evaluated the performance of active versus passive
learning using an identical number of training configurations;
in Comparison 2, we varied the dataset sizes to determine how
many configurations each approach requires to achieve comparable
RMSEs. Unlike the MTP approach—where separate active learning
processes were conducted for y-TiAl and a,-Ti;Al—the DeePMD
method incorporated both phases together.

For DeePMD, we began with a larger initial dataset of 40,000
configurations (20,000 for y-TiAl and 20,000 for a,-Ti;Al), since
deep neural networks typically require more training data than
linear regression-based models. This dataset was assembled from
snapshots of short AIMD simulations (2.5 psat 300 K using the NVT
ensemble), which provided the initial training data for the active
learning procedure.

During the sampling phase, MD simulations were conducted
at 300K, 500K, 700K, and 900 K using both the NVT and
NPT ensembles for all Nb concentration cases across both phases.
For Comparison 1, active learning iterations were performed
over 80 cycles. The process began with 300 K NVT simulations,
then transitioned to 300 K NPT simulations, with the number
of simulation steps increasing as the iterations progressed, and
eventually extending to higher temperatures. The production model
of potential for Comparison 1 was obtained with a training run of 2 x
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10° steps. By the end of these iterations, the RMSEs for energy/atom

and force were within acceptable limits. For Comparison 2, the
exploration was extended by an additional 20 iterations, focusing
on high-temperature configurations until the potential error was
further reduced. As with Comparison 1, the production model of
potential for Comparison 2 was obtained using a training run of 2 x
106 steps.

To assess the reliability of atomic force predictions, we used
the concept of model deviation (Zhang et al., 2019), denoted as
& (Equation 9), which is defined as the maximum standard deviation
of the predicted atomic forces across multiple models initialized with
different parameters:

€ =max || -E", =) )

Here, f; represents the atomic force prediction for atom i
from a specific model, and f; is the average prediction over all
models. The notation (---) represents the ensemble average, which
is computed across the set of models in the ensemble. Using the
maximum standard deviation rather than an average is crucial
because atomic forces are highly sensitive to local variations,
making this metric more effective at identifying localized prediction
failures that might be overlooked by global energy evaluations
(Zhang et al., 2019).

Selected configurations exhibiting high model deviation
These
DFT calculations employed projector augmented wave (PAW)

were subsequently labeled using DFT simulations.

potentials (Blochl, 1994) to accurately model electron-ion
interactions, along with the generalized gradient approximation
(GGA) (Perdew et al, 1996; Perdew et al, 1997) using the
Perdew-Burke-Ernzerhof (PBE) functional. A cutoff energy
of 510eV and a k-spacing of 0.2 A" were used to ensure
precision.

The DeePMD model architecture comprised radial and angular
embedded-atom neural networks, each with three hidden layers
containing 25, 50, and 100 nodes, respectively, to effectively capture
complex interatomic interactions. Additionally, the fitting networks
were constructed with three hidden layers of 240 nodes each. The
training process began with an initial learning rate of 0.001, which
was gradually reduced to 3.51 x 1078 to allow for fine adjustments
and improved predictions. Weighting factors were also carefully
calibrated: energy weights were initially set at 0.02 and increased to 1,
while force weights started at 1,000 and were reduced to 1, thereby
prioritizing force accuracy in the early stages before shifting focus
toward energy accuracy.

2.4 Simulated tension tests

To investigate the influence of Nb on the thermomechanical
properties of the alloy, we performed uniaxial tension tests
using MD models of both the yp-TiAl and a,-Ti;Al phases at
varying Nb concentrations. In these simulations, periodic boundary
conditions were imposed in all directions, and uniaxial tension
was applied along the Z-axis at a strain rate of 10°s™!. Prior to
loading, each system was equilibrated at 300 K using an NVT
ensemble, after which the uniaxial stress was applied along the
Z-direction.
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FIGURE 2
Comparison of RMSE energy/atom and force on the testing dataset during active learning using MTP and DeePMD. Panels (a—d) show MTP results for
the y-TiAl phase, and panels (e—h) for the a,-TizAl phase; panels (i—1) display DeePMD results. "Active” refers to the active learning approach. In
Comparison 1, the active learning potential is evaluated against two passive learning potentials trained with the same number of samples: one at 300 K
(labeled 300 K) and one with multi-temperature data (300 K, 500 K, 700 K, and 900 K, labeled Multi). For Comparison 1, MTP used 3,094 samples for
y-TiAland 1,665 for a,-TizAl, while DeePMD used 57,180 samples. Comparison 2 examines the effect of dataset size by comparing the active learning
potential with passive learning potentials trained on Dataset-A and Dataset-C (20,000 samples) for MTP, and on Dataset-E (127,212 samples) for
DeePMD. For Comparison 2, active learning for MTP used 3,322 samples for y-TiAl and 2,602 for a,-TizAl, while DeePMD required 61,657 samples.

3 Results and discussion
3.1 Error analysis

This section presents the error analysis for the machine learning
potentials developed for y-TiAl and «,-Ti;Al, comparing their
performance against passive learning approaches.

3.1.1 MTP

Figures 2a-h presents the detailed error analysis for the active
learning performed using MTP. Panels a, b, ¢, and d show the RMSEs
for energy/atom and force for Comparison 1 and Comparison 2 in
the y-TiAl phase, while panels e, f, g, and h display the corresponding
RMSEs for the a,-Ti;Al phase using MTP. The learning curves for
MTP in both phases are shown in Supplementary Figure S1 in the
supplementary section.

For the y-TiAl phase, we began with a simple 10.mtp model and
performed MD sampling up to 15 iterations. During iterations 1-5,
only NVT simulations at 300 K were employed. From iteration 6,
NVT simulations covering a temperature range of 300-900 K were
included. At iteration 15, no additional configurations were added
to the training set. Starting from iteration 16, we transitioned to a
more complex 20.mtp model and continued exploring configuration
space with NVT simulations at various temperature ranges. A finer
k-point mesh of 2x2x2 was used for DFT labeling. Iterations
up to 33 were considered for Comparison 1. Subsequently, from
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iteration 34, we switched to a 24.mtp model (Comparison 2)
and continued until iteration 36, where no new configurations
were selected. The transition to 20.mtp and the finer k-point
mesh led to a noticeable drop in RMSE for energy and force
values of y-TiAl, as shown in Supplementary Figure S1 in the
supplementary section. By iteration 33, the training set contained
3,094 configurations, which increased to 3,322 configurations
by iteration 36.

To evaluate the effectiveness of the active learning strategy,
we performed passive learning for Comparison 1 using 3,094
configurations under two scenarios. In the first scenario, only
300 K configurations were included in the training set to replicate
the initial conditions of active learning. In the second scenario,
configurations spanning a range of temperatures (300 K-900 K)
were used. The RMSEs for energy/atom and force for all three
cases (active learning, passive learning with 300 K configurations,
and passive learning with multi-temperature configurations)
are shown in Figures 2a,b. The results indicate that active learning
achieved the lowest RMSE for energy/atom (1.71 x 10~ eV/atom),
followed by passive learning with 300 K configurations (2.61 x
107 eV/atom) and passive learning with multi-temperature
configurations (3.04x 10~ eV/atom). In contrast, the RMSE for
force from active learning (101.35 x 107> eV/A) was slightly higher
than that from passive learning with 300 K configurations (92.83 x
107 eV/A), but lower than that from passive learning with multi-
temperature configurations (115.18 x 1073 eV/A). The higher RMSE
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for passive learning with multi-temperature configurations is
attributed to thermodynamic noise from high-temperature frames.

For Comparison 2, we examined whether a passive learning
model trained on a larger dataset could match or exceed the
predictive accuracy (in terms of RMSE) of active learning. At
this stage, the active learning model was trained using 3,322
samples. Initially, passive learning was performed using Dataset-
A (20,000 samples). Although the errors obtained from Dataset-
A were comparable to those from active learning, we further
investigated whether increasing the sample size with Dataset-B
(80,000 samples) could reduce the error. Figures2c,d compare
the performance of active learning and passive learning using
Dataset-A, while the RMSE values for Dataset-B are provided in
Supplementary Table S1 in the supplementary section. Note that the
passive learning models for Comparison 2 utilized a 24.mtp model.
As shown in Figures 2c¢,d, active learning produced a lower RMSE
for energy/atom (1.37 x 10~ eV/atom) than passive learning with
Dataset-A (1.67 x 10~ eV/atom). However, the force RMSE from
active learning (84.72x 107 eV/A) was slightly higher than that
from passive learning (80.59 x 107 eV/A). Furthermore, passive
learning with Dataset-B resulted in errors similar to those of both
active learning and passive learning with Dataset-A, yielding RMSE
values of 1.32x 107> eV/atom for energy/atom and 80.14x 107
eV/A for force, indicating that expanding the sample size to 80,000
did not significantly reduce the error values.

For the a,-Ti;Al phase, a similar active learning strategy as
that of y-TiAl was applied. The learning curves for Comparison
1 and Comparison 2 are shown in Supplementary Figure S1 in
the supplementary section. Initial training involved 300 K samples
starting with a 10.mtp model up to iteration 18. From iteration
19 onward, configurations from a broader temperature range (300
K-900 K) were included, continuing until iteration 48 when no
new configurations were selected. At this point, we transitioned
to a 20.mtp model, applied a finer k-point mesh (2x2x2), and
resumed exploration. A significant drop in RMSE for energy/atom
was observed, although the decrease in RMSE for force was less
pronounced. At iteration 61, the training set contained 1,665
configurations, which were used for Comparison 1. From iteration
62 onward, we adopted a 24.mtp model and concluded at iteration 65
with 2,602 configurations in the training set, used for Comparison 2.

For Comparison 1, we compared active learning with
passive learning using 1,665 configurations. The passive learning
scenarios included both 300 K-only and multi-temperature samples.
As shown in Figures 2e,f, active learning yielded a slightly higher
RMSE for energy/atom (2.26 x 107> eV/atom) than passive learning
with 300 K samples (1.91x 107 eV/atom), yet a markedly lower
RMSE compared to multi-temperature samples (5.39 x 107
eV/atom). Similarly, active learning produced a lower RMSE for
force (119.56 x 107 eV/A) than both passive learning with 300 K
samples (121.90x 107 eV/A) and multi-temperature samples
(141.81x 10 eV/A). The higher RMSE observed for passive
learning with multi-temperature configurations is beacuse of the
thermodynamic noise from high-temperature frames.

For Comparison 2, passive learning was conducted using
Dataset-C (comprising 20,000 samples), while active learning was
performed with 2,602 samples. Similar to the y-TiAl case, although
Dataset-C produced errors comparable to those obtained from
active learning, Dataset-D (comprising 80,000 samples) was also
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employed to assess how the errors change with an increased sample
size. The RMSE comparisons between active learning and passive
learning using Dataset-C are presented in Figures 2g,h, while the
errors from Dataset-D are tabulated in Supplementary Table S1 in
the supplementary section. As illustrated in Figures 2g,h, active
learning resulted in a slightly higher RMSE for energy/atom (1.51 x
107 eV/atom) compared to passive learning using Dataset-C (1.20 x
1073 eV/atom). However, for force, active learning (94.94 x 1073
eV/A) achieved a slightly lower RMSE than passive learning using
Dataset-C (95.06 x 107> eV/A). Furthermore, Dataset-D produced
errors similar to those of both active learning and passive learning
with Dataset-C (energy/atom: 1.23 x 107> eV/atom; force: 94.44 x
107 eV/A), indicating that increasing the sample size to 80,000 did
not substantially improve the error values.

3.1.2 DeePMD

Here, we explore the comparison between active learning of
DeePMD and passive learning using Comparison 1 and Comparison
2. The learning curves are presented in Supplementary Figure S2 in
the supplementary section. Initially, we used 20,000 samples each
from the y-TiAl and «,-Ti; Al phases. Exploration began with NVT
simulations for both phases at 300 K for 10 iterations, followed by
NPT simulations at 300 K for another 10 iterations. Subsequently,
higher temperature simulations were introduced, combining NVT
and NPT simulations for MD exploration every 20 iterations. By the
end of 80 iterations, the potential exhibited sufficiently low RMSE
for energy/atom and force, was selected for Comparison 1. At this
stage, the training data contained 57,180 samples. We continued
with 20 more iterations using higher-temperature NVT and NPT
simulations to ensure the potentials were adequately trained on
high-temperature samples until the error values of the potential
becomes significantly lower than that in Comparison 1. The training
data then contained 61,657 samples.

Figures 2i-1 show the RMSEs for energy/atom and force for
active learning potentials and their passive learning counterparts for
Comparison 1 and Comparison 2, respectively. Similar to the case
of MTP, for Comparison 1, we performed passive learning with the
same number of samples as active learning (57,180 samples). Two
scenarios were considered: one with only 300 K samples (matching
the starting conditions of active learning) and the other with multi-
temperature samples. The RMSE values for the active learning
potential (RMSE energy/atom = 3.43 x 10~ eV/atom, RMSE force =
95.27 x 1073 €V/A) were lower than those for both passive learning
cases (300 K samples: RMSE energy/atom = 4.03 x 107 eV/atom,
RMSE force = 99.41 x 107> eV/A; multi-temperature samples: RMSE
energy/atom = 4.54x 10~ eV/atom, RMSE force = 111.89x 107>
eV/A. Similar to the MTP case, the increased RMSE observed in
passive learning with multi-temperature configurations can be due
to thermodynamic noise arising from high-temperature frames.

For Comparison 2, we conducted passive learning using
Dataset-E, which comprises 127,212 samples. As in the MTP
approach, although Dataset-E produced errors similar to those
from active learning, we increased the sample size to create
Dataset-F (333,340 samples) to examine whether a larger dataset
would yield further error reduction. Note that active learning
was performed using 61,657 samples. The RMSE comparisons
are presented in Figures 2k,l, while the errors for Dataset-F are
provided in Supplementary Table S1 in the supplementary section.
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The RMSE energy/atom values for active learning (2.66x 107
eV/atom) and passive learning with Dataset-E (2.73 x 10~ eV/atom)
are nearly identical, whereas the RMSE force for active learning
(88.53x 107 eV/A) is slightly lower than that for passive learning
with Dataset-E (98.22x 107> eV/A). In contrast, passive learning
with Dataset-F clearly outperforms both active learning and passive
learning with Dataset-E, achieving an RMSE energy/atom of
1.07x1073 eV/atom and an RMSE force of 93.14x 107> eV/A.
In the case of DeePMD, further increasing the sample size results
in an additional decrease in the error.

3.2 MD results

In this section, we summarize the results of MD simulations
performed using the potentials derived from both active and passive
learning. In Section 3.1, we assessed the RMSEs of the active and
passive learning potentials under two scenarios—Comparison 1 and
Comparison 2. Here, we present the MD simulation results obtained
with these potentials to evaluate their effectiveness in predicting
the fundamental material and thermo-mechanical properties of the
two phases.

For Comparison 1, we utilized the passive learning potential
trained on multi-temperature samples, which provides a fair
comparison with active learning when exploring high-temperature
properties. For Comparison 2, we selected the active learning cases
using Dataset-A (y-TiAl) and Dataset-C («,-Ti;Al) in MTP, as
well as Dataset-E in DeePMD, all of which achieved performance
comparable to that of active learning in terms of RMSE for
energy/atom and force.

3.2.1 Energy volume curve and elastic constants

In this section, we evaluate the energy-volume (EV)
curves obtained via the Murnaghan fit to compare the
performance of passive and active learning. Figures3, 4
display the EV curves for Comparison 1 and Comparison 2,
respectively, alongside the corresponding DFT curves for MTP
and DeePMD.

Here we focus on MTP. For Comparison 1, the passive learning
potential failed to find a minimum volume, and therefore, the
results for passive learning are not included here. For y-TiAl, the
equilibrium volume predicted by the active learning potential was
16.91 A3, compared to 16.22 A obtained from DFT. The equilibrium
lattice parameters were a=3.99A and c=4.18A for the active
learning potential, while the DFT values were a =3.95A and ¢ =
4.14 A. For a,-Ti; Al, the equilibrium volume predicted by the active
learning potential (17.48 A%) deviated more from the DFT value
(15.88 A3). The predicted lattice parameters were a = 5.79 A and ¢ =
4.73 A, whereas DFT values were a = 5.62A and ¢ = 4.59 A.

For Comparison 2, the equilibrium volume for y-TiAl for
active learning, though over-predicted, remained the same as
in Comparison 1, while the passive learning potential predicted
15.97 A3, which under-predicted the DFT value. For a,-Ti,Al,
the equilibrium volume predicted by active learning was 16.95
A3, while passive learning predicted 16.61 A3, which was closer
to the DFT value. The equilibrium lattice parameters predicted
by active learning for y-TiAl were a=3.99A and c=4.18A,
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while passive learning predicted a = 3.95A and ¢ = 4.14 A. For a,-
TisAl, the predicted lattice parameters were a=579A and c=
4.73 A for active learning, and a = 5.74 A and ¢ = 4.68 A for passive
learning.

When analyzing DeePMD, Figure 4 compares the EV curves for
active and passive learning for both Comparison 1 and Comparison
2. Similar to the case of y-TiAl the passive learning potential failed
to accurately find a minimum volume. For y-TiAl, the equilibrium
volume predicted by the active learning potential was 17 A%, and
the equilibrium lattice parameters were a = 4.03A and ¢ = 4.22A.
These values are farther from the DFT predictions compared to the
MTP case. For a,-Ti; Al the equilibrium volume predicted by active
learning (16.13 A%) was closer to the DFT value (15.88 A%) than in
the MTP case, with lattice parameters a = 5.68 A and ¢ = 4.63 A.

In Comparison 2, the equilibrium volume predicted for y-
TiAl by active learning was 15.80 A%, and that by passive learning
was 15.55 A%, Active learning was closer to the DFT prediction.
The equilibrium lattice parameters for y-TiAl predicted by active
learning were a = 3.91 A and ¢ = 4.10 A, matching passive learning
predictions. For «,-TizAl, the equilibrium volume predicted by
active learning was 16.27 A%, closer to DFT than the passive learning
value of 14.95 A%, The lattice parameters predicted by active learning
were a=5.68A and ¢=4.63A, while those predicted by passive
learning were a=5.51A and ¢ =4.49A, which are closer to DFT
values than the active learning predictions.

Along with evaluating equilibrium volume and lattice
parameters, a comparative analysis of elastic constants was
performed for both y-TiAl and «,-Ti;Al using DFT, active learning,
and passive learning potentials at 300 K. These analyses were carried
out with both MTP and DeePMD (refer Figure 5) models. For
reference the additional plots showing the absolute differences
between the elastic constants predicted by the passive and active
learning potentials with respect to those predicted by DFT are
included in Supplementary Figure S3 in the supplementary section.

For MTP, in the case of y-TiAl, active learning outperformed
passive learning in predicting higher elastic constants such as C;;,
C,, and and Cg, with values closer to those from DFT in both
Comparison 1 (where both learning methods were trained on
the same number of samples) and Comparison 2 (where different
dataset sizes were used to achieve comparable errors). However,
passive learning showed better agreement for constants like Cs;
especially in Comparison 1. In Comparison 2, while both methods
improved their alignment with DFT (see Supplementary Figure S3
in the supplementary section), active learning provided more
balanced performance across all constants, even though passive
learning occasionally achieved closer predictions for Cs;. For
a,-TizAl, active learning generally predicted elastic constants
further from DFT values compared to passive learning, as
highlighted in Supplementary Figures S3c, d in the supplementary
section. Nevertheless, active learning and passive learning results
aligned with DFT in the case of C;5 and C,,.

For DeePMD, in the case of y-TiAl, passive learning exhibited
significant deviations from DFT in Comparison 1—most notably,
C,, was overpredicted and active learning struggled with elastic
constants such as C;; and Cs;. In Comparison 2, both learning
approaches showed improved agreement with DFT; active learning
was more consistent for C;; and C,;. For «,-Ti;Al, active
learning outperformed passive learning in Comparison 1 for
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elastic constants such as C;, and C,5, whereas passive learning
overpredicted higher constants like C,;. Moreover, compared to
the MTP results, the active learning potentials developed with
DeePMD provided predictions for «,-Ti;Al that were closer
to DFT (see Supplementary Figure S3 in supplementary section).
In Comparison 2, both active and passive learning approaches
exhibited improved accuracy. Active learning achieved superior
predictions for C,,, while for C,, both methods demonstrated
marginally better agreement.

Overall,
robust

active  learning  consistently  demonstrated

predictive  capability for fundamental material
properties—including lattice parameters, equilibrium volume,
and elastic constants—compared to passive learning. However,
passive learning exhibited greater variability and a tendency to
overpredict, particularly in Comparison 1. It is also noteworthy
that active learning produced some outliers, especially for the
MTP active learning potential in «,-Ti;Al elastic constants and
for certain equilibrium volume and lattice parameter predictions.
This may be attributed to the fact that these basic properties were
not the primary focus during the active learning sample selection
process, leading to a bias towards higher temperature configurations
that deviate from the base state, thus affecting the overall

prediction accuracy.

3.2.2 Finite temperature results

To evaluate the finite-temperature properties and compare
the performance of active and passive learning for MTP
and DeePMD, we computed the radial distribution functions
(RDFs) compared them with AIMD results. The
RDFs were evaluated for both y-TiAl and «,-Ti;Al using
configurations that were not included in the training set.

and
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The RDF comparisons for y-TiAl obtained with MTP and
DeePMD (Comparison 1) are shown in Figure 6, while Figure 7
presents the corresponding comparisons for «,-Ti;Al. Similarly,
the RDF comparisons for Comparison 2 are provided in
the
Supplementary Figure S5).

Supplementary Material ~ (see  Supplementary Figure S4;
RDFs provide a quantitative measure of how accurately a
potential predicts the atomic arrangement in a material. In this study,
RDFs were computed over a range of temperatures to evaluate the
performance of the potentials from low to high temperatures. As
shown in Figure 6 for y-TiAl, the RDFs predicted by both passive
and active learning using MTP and DeePMD are nearly identical,
which is expected since y-TiAl is relatively straightforward for the
potentials to model. In contrast, Figure 7 indicates that a,-Ti;Al
poses a greater challenge for accurate prediction, particularly for
passively trained potentials. This is most evident in the noticeable
discrepancies that appear at 700 K (Figure 7g). This intermediate
temperature allows the system to access complex, high-energy
atomic configurations that may be statistically underrepresented in
a randomly sampled passive learning dataset. The failure of the
passively trained MTP potential to maintain the correct structure
suggests it is extrapolating poorly into these unlearned regions. In
contrast, the comparatively good performance of the active learning
potentials (Figure 7c) demonstrates their ability to identify and
specifically learn from these challenging configurations, resulting
in a more stable and physically accurate model across the wider
temperature range.
2
Supplementary Figure S5 in the supplementary section), the RDF

For  Comparison (refer  Supplementary Figure S4;
curves show a good match with AIMD results for both passive

and active learning. This is in line with our expectations, as our
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FIGURE 6

RDF curves for y-TiAl with a 5.6 at.% Nb configuration obtained from passive and active learning potentials, compared with AIMD results at 300 K,
500 K, 700 K, and 900 K for both MTP and DeePMD. The top row (a—d) shows the AIMD and active learning potential results, while the bottom row
(e—h) presents the curves from the passive learning potential. These results correspond to Comparison 1, where both active and passive learning
potentials were trained using the same number of samples, allowing for a direct evaluation of their relative performance.
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RDF curves for a,-TizAl with a 2.3 at.% Nb configuration obtained from passive and active learning potentials, compared with AIMD results at 300 K,
500 K, 700 K, and 900 K for both MTP and DeePMD. The top row (a—d) shows the AIMD and active learning potential results, while the bottom row
(e—h) presents the curves from the passive learning potential. These results correspond to Comparison 1, where both active and passive learning
potentials were trained using the same number of samples, allowing for a direct evaluation of their relative performance.
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primary aim in Comparison 2 was to employ different sample
sizes for active and passive learning while achieving comparable
errors.

3.2.3 Tension tests and generalized stacking fault
energy

In this study, we evaluated the performance of MTP and
DeePMD potentials in capturing the thermo-mechanical behavior
of our target phases (y-TiAl and a,-Ti;Al). To this end, we simulated
uniaxial tension tests on selected samples at a strain rate of 10%s".
The detailed method is already discussed in Section 2.4. The stress-
strain curves obtained via active learning for both the y-TiAl and
a,-Ti; Al phases for Comparison 1 and Comparison 2 are illustrated
in Figures 8, 9. Our analysis focused primarily on ultimate tensile
strength (UTS) to evaluate the accuracy of the mechanical property
predictions. For the MTP potentials, a consistent decrease in UTS
with increasing Nb concentration was observed in both Comparison
1 and Comparison 2, a trend evident for both y-TiAl and a,-Ti;Al
phases using MTP and DeePMD potentials. Notably, under active
learning in Comparison 1 for MTP, the UTS values for y-TiAl at 3.7
at.% Nb, 5.6 at.% Nb, and 7.4 at.% Nb were very similar (Figure 8d),
and a similar pattern was observed in Comparison 2 (Figure 8f) for
1.9 at.% Nb, 3.7 at.% Nb, and 5.6 at.% Nb. Overall, a significant
reduction in UTS with increasing Nb concentration was found for
both phases, and this trend was consistent across active and passive
learning cases. These observations align with our earlier findings
Chandran et al. (2024a) and with results reported in other studies
Dumitraschkewitz et al. (2017), Lu et al. (2023), Qi et al. (2023).
The stress-strain curves of DeePMD (Figure 9) reveal that the «o,-
Ti; Al phase at high Nb concentrations is particularly challenging
to model accurately. The unphysical fluctuations seen in Figure 9a
and ¢ are the most severe for the highest Nb content. This
suggests that the combination of the complex D0, lattice and the
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significant local distortions introduced by a high concentration of
Nb atoms creates unique, high-energy configurations under strain.
The relative stability of the y-TiAl phase across all concentrations
underscores the difficulty of modeling the a,-Ti; Al phase with high
Nb concentration.

In addition to the tension tests, we computed the generalized
stacking fault energy (GSFE) for both y-TiAl and «,-Ti;Al using
active learning potentials. For the MTP approach, the active learning
GSFE results were compared with those reported in Qi et al.
(2023), where MTP was employed to calculate the stacking fault
energies for these phases, and were further benchmarked against
the corresponding DFT values from the same study. In the case
of DeePMD, due to the absence of previous GSFE studies using
this method, our results were compared solely with the DFT values
reported in Qi et al. (2023).

For y-TiAl, dislocation glide occurs on the {111} close-packed
planes. Here, the complex stacking fault (CSF) is associated
with ordinary (110)/2 dislocations, while the antiphase boundary
(APB) is linked to (112)/2 super-dislocations. (Note that we
did not compute the intrinsic stacking fault (SISF) for y-TiAl)
The GSFE values obtained from active learning using both MTP
and DeePMD, at two stages (Comparison 1 and Comparison
2), are provided in Tables 1, 2. It is evident that the energy
values from Comparison 2 are closer to the reference and
DFT values. This improvement in accuracy can be attributed to
the lower energy/atom and force RMSEs of the active learning
potential in Comparison 2 versus Comparison 1, as shown
in Figure 2. Moreover, an increase in Nb concentration leads
to a noticeable reduction in the energies for both CSF and
APB, consistent with the findings of Dumitraschkewitz et al
(2017). Generally, a higher GSFE indicates greater resistance
to dislocation motion and reduced dislocation mobility, which
directly enhances the strengthening behavior in nanomaterials.
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FIGURE 9

Stress-strain curves for a,-TizAl (a—c) and y-TiAl (d—f) at varying Nb concentrations, obtained using active and passive learning potentials developed
with DeePMD. All simulations were conducted at a strain rate of 10°s™1. Results are shown for both Comparison 1 and Comparison 2. In Comparison 1,
both potentials were trained with the same number of samples to enable a direct performance evaluation, while in Comparison 2 the training dataset
sizes were adjusted to achieve comparable error levels.

TABLE 1 Comparison of generalized stacking fault energy values for y-TiAl and a,-TizAl using MTP. The figure compares two scenarios: (i) Comparison 1,
where both active and passive learning potentials were trained on the same number of samples for a direct performance evaluation, and (i) Comparison
2, where training dataset sizes were varied to achieve comparable error levels.

Phases Fault energy Nb conc (at.%) Comparison 1 Comparison 2 Ref! DFT!

ONb 680 580 611 600

APB (m]/m?)
8Nb 540 532 — —

y-TiAl

ONb 376 343 372 356

CSF (m]/m?)
8Nb 229 222 — —
ONb 237 72 84 93

SISF (m]/m?)
6Nb 108 52 — —
ONb 311 264 213 256

a,-Ti;Al APB (m]/m?)
6Nb 165 228 — —
ONb 285 346 308 320

CSF (m]/m?)
6Nb 73 215 — —

Qi et al. (2023).

Conversely, alower GSFE implies increased dislocation mobilityand ~ energies, indicating that Nb alloying enhances the ductility of the
improved ductility. a,-Ti; Al phase.

Turning to the a,-Ti;Al phase, which is characterized by In summary, the combined results of the tension tests
hexagonal symmetry and multiple slip systems, our analysis and GSFE calculations suggest that Nb addition generally
primarily focused on the fundamental {0001} plane. Here we  decreases the strength of both phases while simultaneously
computed CSE, APB and SISE As shown in Tables 1, 2, the GSFE  increasing ductility. These findings are in agreement with our
values obtained from Comparison 2 for this phase also align more  previous work Chandran et al. (2024a), which demonstrated that
closely with the DFT benchmarks. Additionally, similar to y-TiAl,an ~ Nb alloying enhances dislocation density and ductility at the cost of
increase in Nb concentration results in a decrease in stacking fault ~ reduced strength.
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TABLE 2 Comparison of generalized stacking fault energy values for y-TiAl and a,-TizAl using DeePMD. The figure compares two scenarios: (i)
Comparison 1, where both active and passive learning potentials were trained on the same number of samples for a direct performance evaluation, and
(ii) Comparison 2, where training dataset sizes were varied to achieve comparable error levels.

Phases Fault energy Nb conc (at.%) Comparison 1 Comparison 2 ‘ DFT?
ONb 655 624 600
APB (m]/m?)
8Nb 455 392 —
p-TiAl
ONb 271 365 356
CSF (m]/m?)
8Nb 86 243 —
ONb 315 77 93
SISF (m]/m?)
6Nb 153 48 —
ONb 450 272 256
a,-Ti;Al APB (m]/m?*)
6Nb 399 289 —
ONb 410 307 320
CSF (m]/m?)
6Nb 266 254 —

Qi et al. (2023).

4 Conclusion

In our study, we performed a comprehensive evaluation of
passive and active learning strategies for developing interatomic
potentials using both MTP and DeePMD methods. The analysis
was structured into two stages. In Comparison 1, both approaches
were trained on the same number of samples, allowing for a direct
assessment of their performance on a fixed dataset. In Comparison
2, the number of training configurations was varied to determine
how many samples are required to achieve comparable RMSE
values for energy/atom and force. Under Comparison 1, the active
learning potential outperformed the passive learning potential. In
Comparison 2, where the primary goal was to achieve comparable
accuracies for passive and active learning potentials, the active
learning potentials required significantly fewer samples. Specifically,
for MTP, the active learning potential used only 3,322 samples for y-
TiAl and 2,602 samples for «,-Ti;Al, compared to 20,000 samples
for passive learning in both phases. Similarly, for DeePMD, the
active learning potential was trained on 61,657 samples, whereas the
passive learning approach required 127,212 samples.

The MTP approach required separate potentials for y-TiAl
and «,-Ti;Al, while DeePMD enabled the training of a single
potential for both phases. Both methods commenced with relatively
small datasets—170 samples for MTP and 40,000 samples for
DeePMD—generated solely at 300 K, which substantially reduced
the need for computationally expensive AIMD simulations. In
contrast, our passive learning work relied on 180 AIMD simulations
of 10 ps each (Chandran et al., 2024b), whereas the active learning
approach required only 32 AIMD simulations of 2.5 ps duration.

The predictive accuracy of the active learning potentials was
further verified by comparing key material properties—such
as elastic volume, and lattice

constants, equilibrium

parameters—against DFT results for both y-TiAl and «,-Ti;Al
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Although active learning generally produced predictions close
to DFT, some outliers were observed, particularly for the elastic
constants of the a,-Ti;Al phase (in Comparison 1) and in certain
equilibrium volume estimates. These discrepancies likely arise
because these basic material properties were not the primary targets
during the active learning sample selection, leading to a bias toward
higher temperature configurations that deviate from the base state.

Finite-temperature properties, as assessed using radial
distribution functions, showed good agreement with AIMD for
both phases, with slightly better results for y-TiAl. Moreover,
simulated tension tests and generalized stacking fault energy
calculations provided insights into the thermomechanical behavior
of the alloy. Analysis of the stress-strain curves revealed a
consistent decrease in UTS with increasing Nb concentration.
Similarly, the GSFE analysis indicated that higher Nb content
reduces stacking fault energies, which correlates with enhanced
ductility. Overall, these findings confirm that Nb incorporation
improves ductility at the expense of reduced strength, in
agreement with our previous work Chandran et al. (2024a) and
other studies Dumitraschkewitz et al. (2017).

The accuracy and reliability of the developed potentials
were validated through a comprehensive procedure. Accuracy
was established by achieving low RMSEs on an independent
test set and by good agreement of key physical properties like
equilibrium volume, elastic constants, and GSFEs with reference
DFT data. The potential’s reliability was confirmed by its ability
to maintain thermal stability up to 900K and to produce
physically realistic stress-strain responses under large deformation.
While some instabilities were observed, they were confined to
the most demanding conditions: the «,-Ti;Al phase with high
Nb content. This demonstrated success under both thermal
and mechanical extremes confirms that these potentials are
accurate and reliable tools for future large-scale simulations.
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Finally, we acknowledge that the scope of this study was
intentionally limited to defect free, single crystal models to isolate
the properties of the y-TiAl and w,-Ti;All phases. While this
approach was necessary to isolate the intrinsic effect of Nb on
the thermomechanical properties of these alloys, it consequently
excludes the complex influence of microstructural features like grain
boundaries and phase interfaces, which are crucial to the behavior
of real-world alloys.

In summary, our study demonstrates that active learning
and accurate approach for

provides a efficient

interatomic potential development, significantly reducing data

more

requirements and computational cost while maintaining robust
predictive performance across various material properties and
thermomechanical behaviors.
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