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Abstract: The growth velocity of the crystal-melt interface during solidification is one
of the important parameters that determine the crystal growth morphology. However,
both experimental investigations and theoretical calculations are time-consuming and
labor-intensive. Moreover, machine learning (ML)-based methods are severely limited by
the limited amount of available experimental data. In this work, the crystal-melt interface
velocity of four alloy systems under different values of undercooling was calculated by
molecular dynamics simulation. The results showed a similar trend to the experimental
data. A framework including molecular dynamics (MD) calculation and a transfer learning
(TL) model was proposed to predict the interface velocity of binary alloys during free
solidification. In order to verify the effectiveness of the model, eight ML models were
constructed based on pure experimental data for model comparison. The prediction ability
of the different models was assessed from two perspectives: interpolation and extrapolation.
The results show that, regardless of whether it is interpolation or extrapolation, the TL
model driven by both physical information and experimental data is superior to ML models
driven solely by experimental data. The interpretability analysis method reveals the specific
role of feature values in the interface velocity prediction of binary alloys.

Keywords: free dendrite growth; interface velocity; undercooling; transfer learning;
molecular dynamics simulation

1. Introduction

Dendrite growth is one of the most common phenomena in the solidification process
of alloys and plays a crucial role in both theoretical solidification studies and industrial
practice [1,2]. The properties of the interface between the crystal and the liquid phase govern
the crystal growth and ultimately the microstructure of the resulting material. Among
these properties, the growth velocity of the crystal-melt interface during the solidification
process is an important manifestation of the crystal growth morphology. Morphological
instability is the fundamental cause of dendrite formation, arising from the combined
effects of undercooling and temperature gradient during solidification. Growth velocity is
the dynamic characterization of dendrite growth induced by morphological instability. By
analyzing the velocity, the changing trends of undercooling and temperature gradient in
the solidification system can be inferred, providing key parameters for studying the kinetics
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of dendritic growth [3,4]. Therefore, investigating the crystal-melt interface velocity holds
significant importance and offers broad prospects for research.

In terms of experiments, many studies have been conducted to measure the interface
velocity in suspended droplets using capacity proximity sensor technology, photodiode
technology, and high-speed camera technology [5]. However, experiments are usually
complex and require a lot of human and material resources. Therefore, simulation technol-
ogy is used to compensate for the shortcomings of experiments in this regard. Computer
simulation of solid-liquid interfaces and crystal growth in pure metals and binary alloys
has a well-established history [6-16]. These studies include traditional dendrite growth
analysis models, phase-field models, cellular automata, Monte Carlo methods, molecular
dynamics [17-20], and other numerical simulation methods for dendrite growth and solidi-
fication. Molecular dynamics (MD) simulation has been used to study the interface velocity
of various metals in some studies [21,22]. With the help of MD simulation, researchers
could analyze particle systems with highly complex internal interactions at the atomic scale
and study the dynamic evolution process of the system at the atomic level [23-27].

Conventionally, studies on materials have predominantly relied on experiments or
theoretical calculations. When confronted with the vast expanse of the material search
space, such an approach results in substantial consumption of both human and material
resources [28-30]. In recent years, following the paradigms of experimentally driven,
theory-driven, and computationally driven research, the data-driven material research
paradigm has received widespread attention. With the growth of material data and the
improvement of algorithms, machine learning (ML) can effectively and automatically
predict a variety of material properties. In contrast to classical theoretical or numerical
approaches, ML utilizes data as its fundamental “raw material” and can manifest learning
capabilities without the need for explicit programming. ML has been widely used in
material research and has made important contributions in various scenarios, such as the
fields of high-entropy alloys [31-35] and batteries [36,37].

Recently, in the field of dendrite growth and solidification, there have been studies
using ML methods to predict the interface growth velocity of alloys. Vanga et al. [38]
predicted the interface velocity using ML algorithms trained on experimental data. In this
work, five algorithms were considered, and the R? score of the artificial neural network
(ANN) was greater than 0.89. However, the data in this study consist solely of experimental
results and lack physical information. In our previous work [39], the thermophysical
parameters of the Galenko-Danilov free dendrite growth model (GD model) [40,41] were
introduced into an ML model to predict the interface velocity, and it was confirmed that
the combination of ML and a physical model could improve the prediction effectiveness.
However, there is a certain gap between the rationality and physical knowledge contained
in the GD model and MD. The model employed in this study is comparatively simplistic,
and the methodology for acquiring physical information also exhibits potential areas
for enhancement.

However, current ML research regarding the interface velocity is confronted with the
problem of data shortage. Typically, data for an alloy consist of merely several to dozens of
data points. This scarcity renders it arduous to construct an accurate model for the interface
velocity. The challenge is compounded when attempting to predict and analyze alloys of
other systems using the known data from a few alloys, a process known as extrapolation.
In order to address the issue of data scarcity, MD calculation data can be introduced. These
data are obtained based on physical knowledge, which can be integrated into the dual
drive of physics information and experimental data. Introducing physical information
into ML models can effectively compensate for the lack of data. In scenarios where the
calculated data fail to precisely align with the experimental conditions, transfer learning
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presents itself as a viable and sophisticated solution. Its core objective is to leverage the
knowledge acquired from one or multiple related tasks to effectively address another target
task. It breaks through the limitation that traditional ML needs a large number of target
task data, thus greatly improving the generalization ability and learning efficiency of the
model. It has become a new research hotspot and development direction in the field of ML,
and has been proved to be effective in the field of materials. Although TL has been applied
in many fields, such as predicting alloy strength and plasticity [42], as well as predicting
the creep fracture life of high-temperature titanium alloys [43], it has not yet been applied
in the field of solidification.

In this work, we propose an interface velocity modeling framework combining MD
simulation and TL. First, experimental data of the dendrite growth velocity of four binary
alloys were collected. Second, the interface velocities of the four alloys were calculated by
MD simulation and compared with the experimental data. Third, two types of ML models
were constructed. One is driven by pure experimental data. The other introduces MD
simulation data into the ML model through the TL strategy, and the model is driven by
both physical information and experimental data. From the perspective of interpolation
and extrapolation abilities, the ability of the model to predict the interface velocity was
explored. Finally, the influence of features on the interface velocity was analyzed through
the interpretability method.

2. Materials and Methods

The workflow of this work is illustrated in Figure 1. It can be seen that this work
consists of four parts. First, experimental data on the crystal interface velocity of four
binary alloys were collected, including NiZr, NiCu, CoCu, and FeCu. Second, the dynamic
solidification process of the four alloys was simulated using MD, and the interface velocity
was calculated. Third, eight ML models driven by experimental data and a TL model
driven by both physical information and experimental data were built. Subsequently, the
interpolation and extrapolation capabilities of these two types of models were investigated.
Finally, the influence of different features on the prediction of the interface velocity of
dendrites was analyzed through interpretability analysis.
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Figure 1. Flowchart of this work.
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2.1. Dataset Briefing

A comprehensive review of existing experimental studies on the interface velocity
of binary alloys under different values of undercooling reveals that current experimental
data are primarily obtained through electromagnetic levitation equipment (EML) for free
dendritic growth in undercooled single-phase solid-solution alloys. EML can provide a
container-free curing environment to achieve deep undercooling of droplets. Specifically,
this work compiles data from four alloy systems (Nig9Zri, NizgCuyp, FegpgCuyz,, and
Cos12Cu1g g, where the subscript indicates the proportion of each element) [44-47], and the
undercooling range of all alloys spans 0-300 K. The collected experimental dataset includes
21 experimental points for NiggZrj, 28 experimental points for NiyyCusg, 13 experimental
points for Fegy sCuy», and 23 experimental points for Cog; 2Cu;g g, totaling 85 data points,
which constitutes a typical small dataset. The interface velocity distribution of the four
alloys at different values of undercooling is shown in Figure 2.

40
B CoCu
Nizr u
351 v i ] *
* FeCu : V‘k *

30 1 ",v'
% By
£ 25 P
> ) v
220 ¥
= [ ] v *
(]
& 151
g ™ v
~ 101 v

[ | v *
| |
5 [ |
“ vvwYw x x
- vy *
0 N Byy X ook
0 50 100 150 200 250 300

Undercooling (K)

Figure 2. Experimental data of interface velocity as a function of undercooling [44—47].

In the data collected for constructing the ML model, the prediction label is the interface
velocity, and the features are composition, undercooling, and liquidus temperature. Due
to the introduction of MD in this work, the thermophysical parameters in the GD model
that might cause conflicts were removed compared to previous work [39]. The proportion
of different elements in binary alloys directly determines the basic physical and chemical
properties of the alloy. As is well known, undercooling serves as a control parameter for
achieving different solidification microstructures [48]. The liquidus temperature is the
temperature at which an alloy begins to solidify, reflecting the thermodynamic properties of
the alloy system. The importance of specific features will be further explained in Section 3.4.

2.2. MDD Simulation

MD simulation was conducted using open-source software, namely Large-scale
Atomic/Molecular Massively Parallel Simulator (LAMMPS) [49]. The interface veloci-
ties of NiZr and NiCu at different undercooling values were studied using the embedded
atom method (EAM) [50,51], and the interface velocities of FeCu and CoCu were studied
using the modified embedded atom method (MEAM) potential function [52,53].

In the construction process of the initial system, in order to avoid any surface effects,
periodic boundary conditions were applied in all directions. Four alloy models were con-
structed by random substitution based on the proportion of experimental alloys. The size
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was 10a x 10a x 30a (a is the lattice constant for the crystallized phase; please refer to the
potential functional files in the Supplementary Materials for specific values), containing
12,000 atoms. In order to create a solid-liquid interface, the upper and lower parts of
the system (perpendicular to the Z direction) were melted by equilibrium melting at a
temperature higher than the melting temperature, while the middle part was maintained
at a temperature lower than the melting temperature. For this purpose, a constant num-
ber of atoms, pressure, and temperature (NPT) ensemble was used, and a time step of
1 femtosecond was maintained throughout the entire research process. Subsequently, the
entire system was relaxed at the estimated melting point temperature. The conditions under
which both solid and liquid phases coexisted were the equilibrium melting conditions (i.e.,
combinations of pressure, P, and temperature, T). Finally, these solid-liquid simulation cells
were used for the subsequent free solidification simulation. A typical starting configuration
depicting the projected atomic positions in Cog; ;Cuig g is shown in Figure 3. In order to
obtain the melting temperature, we changed the estimated temperature at intervals of 10k
and repeated the above steps, visually observing the data through OVITO until the interface
position did not move after a period of relaxation. The calculated melting temperatures of
NiCu, CoCu, NiZr, and FeCu were 1400 K, 1500 K, 1690 K, and 1745 K, respectively.

eeoppratOcegOaRGPe

Figure 3. Typical starting configuration for free solidification simulation (projected on XZ plane
system: Cogj oCuyg g, where Co atoms are represented as blue and Cu atoms are represented as red).

In the simulation of free solidification, in order to promote interface growth, the
solid-liquid system was equilibrated at different temperatures (using the NPT ensemble
with P = 0). The position of the solid-liquid interface was clearly tracked relative to
time. To accurately locate the interface position, bond-orientational order [54] was used to
distinguish atoms in the solid and liquid phases. The averaged local bond order parameter

is as follows: N
_ . 1 Ny(i
qlm(l) == ] Zk:b(()) qlm(k)/ (1)

Ny (i)

where N p(i) is the number of all neighboring atoms of atom 7 (k = 0 represents atom i itself).
The local order parameter [55] can effectively distinguish local ordered structures:

= 2
ql(Z \/21+12m_l |qlm | 4 (2)

Based on these definitions and functions, the g, parameter was employed to distin-
guish between atoms in the solid phase and those in the liquid phase, and to differentiate
various crystal structures. The g, parameter for each atom was calculated over periodic time
intervals. The entire system was divided into uniform cells perpendicular to the Z direction,
and the average order parameter of all atoms within each cell was computed. Figure 4
shows the order parameters of the CoCu system in its initial state. The g, parameter value
of the crystal-phase region is about 0.4, while that in the liquid-phase region is about 0.15.
The order parameter undergoes a sudden change near the liquid-solid interface, and we use
this to determine the interface position. Through the acquisition of the interface position at
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every instant, the interface velocity corresponding to different values of undercooling can
be computed according to the temporal variations in the interface position.
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Figure 4. Average atomic order parameter (g) of each layer in CoCu alloy system at ¢ = 0.

2.3. Transfer Learning Strategy

In many cases, the data volume of the target task, i.e., the target domain, is limited
or the acquisition cost is high, while other related tasks or fields, i.e., the source domain,
possess a large amount of data and knowledge. TL is an ML strategy of breaking through
these limitations, by utilizing rich data and knowledge from the source domain to assist in
model construction for the target domain [56].

Figure 5 shows the flowchart of the TL framework in this work. The source domain
is the data calculated from the MD simulation, and the target domain is the experimental
data. To enable the ANN model to learn knowledge and feature-label relationships from
the source domain, the ANN is pre-trained in the source domain and then fine-tuned in the
target domain to adapt the model to new application scenarios. The purpose is to indirectly
learn physical information from MD calculation data and apply this physical information
to predict actual experimental data. Compared to the studies in references [38] and [39],
this work incorporates MD simulation data and applies the TL model, which can fully
explore the feature-label patterns in both MD and experimental data while mitigating the

negative effects caused by their discrepancies.

Calculated data Experimental data

pre-training l l fine-tuning

\0

Original model pre-trained model | Transfer learning model |

Figure 5. TL framework of this work.
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3. Results and Discussion

In order to comprehensively evaluate the prediction ability of the model in terms of the
interface velocity, two cases are considered in combination with the actual situation. One is
the interpolation, which refers to the ability of the model to predict unknown data with the
same alloy system or data distribution as the training data. The other is the extrapolation,
which refers to the ability of the model to predict completely unknown alloy systems. In
both cases, eight traditional ML models were constructed based on experimental data to
facilitate comparison with our proposed framework. Subsequently, a TL model driven by
physical information and experimental data was constructed.

3.1. Interface Velocity Calculation by MD

The evolution of the liquid-solid interface over time during the crystal growth process
of NiZr alloy under an undercooling of 100 K is shown in Figure 6. The interface velocity
at this undercooling could be calculated based on the relationship between the interface
position and solidification time. Similarly, the interface velocities of the four different alloys
under different undercooling conditions could be calculated separately. Given the presence
of inherent errors in this method, the final velocity value was determined as the average of
three measurements. A total of 50 data points for the four alloys were calculated through
MD simulation.
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Figure 6. Evolution of liquid-solid interface position during crystal growth of NiZr alloy under
undercooling condition of 100 K.

Investigating the correlation between the interface velocity and undercooling stands as
a crucial determinant in comprehending the solidification behavior of alloys. Figure 7 shows
the relationship between the interface velocity and undercooling for the four alloy systems
(CoCu, NiZr, NiCu, and FeCu) calculated by MD. It is evident that in all investigated alloy
systems, there is a clear trend indicating an increase in interface velocity as the undercooling
rises. For the CoCu alloy system, as the undercooling increases from 0 K to approximately
200 K, the velocity steadily rises from nearly Om/s to about 45 m/s, showing a good
linear correlation. This indicates that an augmentation in undercooling can effectively
promote crystal growth. A similar pattern is exhibited in the NiZr alloy system, in which
the velocity increases from nearly Om/s to about 60 m/s when the undercooling of the
system increases from 0 K to about 250 K, and the augmentation in velocity is the most
significant among the four alloy systems. For NiCu alloy, when the undercooling reaches
around 140 K, the growth rate of the interface velocity decreases. The growth rate of FeCu
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alloy is relatively slow during the undercooling process from 0 to 50 K, and relatively fast
after exceeding 50 K. There are differences in the interface velocity of various alloy systems
at the same undercooling, which reflects the significant influence of the alloy system and
its composition on crystal growth kinetics. These results provide important data support
for a deeper understanding of the micromechanisms during alloy solidification, and also
provide a theoretical basis for regulating the microstructure and properties of alloys by
controlling undercooling. A total of 50 interface velocity data points for the four alloys
were calculated through MD simulation.
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Figure 7. Relationship between calculated interface velocity and undercooling for (a) CoCu, (b) NiZr,
(c) NiCu, and (d) FeCu.

By comparing Figures 2 and 7, the MD simulation results show a similar trend to the
experimental data, yet differences in the specific values and distribution still exist. In reality,
due to the curved tip of dendrites, there exists the Gibbs—Thomson effect [57], and changes
in interface curvature can affect the results. In contrast, in the current MD simulation,
a flat interface is assumed. The significance of simulation lies in its ability to conduct a
detailed analysis of internal principles from microscopic mechanisms at the atomic level.
In addition, different potential functions could also affect the calculation results, but this
is not the main focus of this work. Furthermore, due to the limited size of the simulation
region, the accuracy of the simulation results can also be affected (see the analysis of the
interfacial composition in Table S4 in the Supplementary Materials). Subsequently, the
physical information hidden in the simulation results will be used in TL to improve its
predictive ability for interface velocity.

3.2. Interpolation Ability

Interpolation refers to the ability of the model to predict unknown data with the same
alloy system or data distribution as the training data; therefore, 10-fold cross-validation is
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adopted to evaluate the model. Ten-fold cross-validation could avoid the over-fitting of the
model and ensure the reliability of the evaluation results. Root mean square error (RMSE)
and R-squared (R?) are selected as evaluation indicators.

For the ML model construction based on the pure experimental data, eight typical ML
algorithms were considered in the present work, including support vector regression (SVR),
random forest regression (RF), extra trees regression (ETR), adaptive boosting regression
(AdaBoost), gradient boosting decision tree regression (GBR), k-nearest neighbor regression
(KNN), bootstrap aggregating regression (Bagging), and ANN. For the model construction
driven by both physical information and experimental data, an ANN was created using
Keras API [41] to construct the TL model. In order to obtain physical information, the
model was pre-trained on a computational dataset (source domain). Subsequently, the
parameters were fine-tuned on the training set of experimental data (target domain) to
obtain the TL model. The parameter ranges of each model are shown in Tables S1 and
52 of the Supplementary Materials. Figure 8 shows the 10-fold cross-validation results
of these models, and their specific results are shown in Table 1. As for the eight models,
most models achieve an R? value of up to 0.9. Notably, the ETR and GBR models exhibit
relatively good prediction performance in terms of the R?, both reaching 0.947. Regarding
the RMSE, the ETR model has a lower value of 1.156. This indicates a minimal deviation
between the ETR model prediction values and actual values.
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Figure 8. Interpolation prediction results of different models.

Table 1. Ten-fold cross-validation of R2 scores and RMSE results using various ML models and
TL model.

SVR RF ETR ABR GBR KNN Bagging ANN TL
R? 0.928 0.904 0.947 0.855 0.947 0.920 0.771 0.943 0.964
RMSE 2222 1.901 1.156 3.453 1.800 1.954 2.534 1.236 1.068

For the TL model, the R? score and RMSE achieved values of 0.964 and 1.068, rep-
resenting a notable enhancement over the eight ML models based on the experimental
data. This confirms the excellent prediction ability of the TL model. Owing to the physical
information derived from MD calculations, the TL model is better equipped to capture
the overall data trends in the experimental data. Figure 9 shows the interpolation 10-fold
cross-validation prediction results of the ETR model and TL model.

It is worth noting that the prediction performance of the eight ML models which were
trained on mixed training data of computation data and original experiment training data
was also evaluated. The results showed poor prediction performance and the emergence of
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over-fitting. Although the calculated data show a similar trend to the experimental data,
there are also differences in the specific values and distribution. These differences would
cause outliers and noise points in the mixed data, seriously hindering model learning.
The TL model’s distinctive framework has the potential to alleviate the negative impact
of these differences. Instead, it could learn physical knowledge that is invaluable for
model construction.
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Figure 9. The 10-fold cross-validation results of the (a) ETR model and (b) TL model in the
interpolation case.

3.3. Extrapolation Ability

Extrapolation refers to the ability of the model to predict unknown data with unknown
alloy systems, and in these tasks, there is a huge scarcity of available experimental data.
Therefore, the extrapolation ability of the model is estimated by employing the data of
any three alloys from these four alloys as the training set and the data of the remaining
alloy as the testing set. Specifically, as for the four alloy systems discussed in this work,
the ML model learns the functional relationship between material features (composition,
undercooling, and liquidus temperature) and interface velocity from three alloy systems,
and then applies this ML model to predict the interface velocity of the fourth, entirely
unseen alloy system. This demonstrates a strict extrapolation task, as no data from the target
alloy system are included during training. If the model possesses satisfying extrapolation
performance, it can make reasonable predictions of the interface velocity of alloys without
relying on the experimental data of the corresponding alloy. This approach not only curtails
the expenses associated with the requisite experiments but also holds significant guiding
implications for future experiments and research.

The extrapolation prediction results of the eight ML models based on pure experimen-
tal data and the TL model for each alloy system are shown in Table 2. It is evident that
the extrapolation efficacy of ML models varies across different alloys. This variation is
primarily attributed to the differing degrees of similarity between the extrapolation alloy
and the alloys incorporated in the training set. The reason why most models have relatively
good extrapolation ability for NiZr and NiCu systems is that the training data contain alloy
systems containing Ni and Cu, and their proportions are high. The reason why Zr has a
small negative impact on NiZr extrapolation prediction is that the proportion of Zr in NiZr
is very small. On the contrary, the poor extrapolation ability of FeCu and CoCu systems
can be attributed to the large proportion of iron and cobalt in their respective systems, and
the absence of other alloy systems containing iron and cobalt in the training data. It can be
concluded that ML models based on pure experimental data have significantly insufficient
extrapolation results, especially for the alloy system which contains elements that do not
exist in the training set. It is evident that this particular situation represents the most
challenging one. Meanwhile, it holds immense value in both application and research, and
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it has the potential to significantly reduce a substantial amount of experimental expenses. It
is worth noting that for the NiCu system, the R? of SVR was negative; therefore, sensitivity
analysis was conducted, as shown in the Supplementary Materials.

Table 2. Extrapolation prediction performance R? (RMSE) of different ML models for four alloys.

NiZr NiCu FeCu CoCu

SVR 0.508 (7.704) —2.839 (11.636) 0.034 (13.224) 0.598 (7.684)
RF 0.950 (2.448) 0.801 (5.180) 0.580 (8.716) 0.390 (9.467)
ETR 0.907 (3.342) 0.940 (2.839) 0.707 (7.285) 0.566 (7.982)
ABR 0.887 (3.687) 0.755 (5.758) 0.658 (7.870) 0.535 (8.265)
GBR 0.954 (2.349) 0.851 (4.488) 0.562 (8.901) 0.278 (10.297)
KNN 0.418 (8.378) 0.519 (8.065) 0.770 (6.447) 0.628 (7.391)
Bagging 0.919 (3.115) 0.793 (5.290) 0.562 (8.901) 0.508 (8.501)
ANN 0.938 (2.716) 0.879 (4.036) 0.623 (8.257) 0.635 (7.315)
TL 0.956 (2.286) 0.969 (2.032) 0.961 (2.649) 0.930 (3.205)

As for the eight models, the optimal models corresponding to the different alloy
systems were different. In contrast, the TL model showed the best prediction ability in
extrapolation for each alloy. Figure 10 shows the comparison between the results of the TL
model and the optimal model among the eight models trained based on pure experimental
data. It can be observed that for CoCu and FeCu alloys, the value of R? increases from 0.635
and 0.77 to 0.93 and 0.961, respectively, and the RMSE values decreases from 7.315 and 6.447
to 3.205 and 2.649, respectively. As for NiCu alloy, there is also a pleasing improvement
for the TL model. There is no significant improvement for NiZr alloy, mainly because the
GBR model’s prediction performance for it is already very good. This result is primarily
attributed to the fact that through the introduction of MD calculations, physical knowledge
can be incorporated into the TL model prediction of unknown alloys. It could effectively
compensate for the deficiencies inherent in pure data-driven approaches. Therefore, it has
been proven that TL models driven by physical information and experimental data have
excellent ability in predicting unknown alloy systems without corresponding experimental
data. The comparison results and related conclusions regarding the prediction performance
of the eight ML models trained on mixed data of computational data and experimental
data are as general as in the case of interpolation.

Best ML model
TL

NiZr NiCu FeCu CoCu

Figure 10. Comparison of TL model and best ML model based on pure experimental data for
extrapolation prediction RMSE.
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3.4. Interpretability Analysis

In the field of predicting material properties using ML models, it is imperative for
researchers to comprehend the specific mapping process of ML models and explore the
physical mechanisms governing material properties. The ANN model exhibits weak ex-
planatory power and is considered a “black box” model. In order to explore the specific
mapping process of the model, the SHapley Additive exPlanation (SHAP) method was used
for interpretability analysis. SHAP is a game-theory-based approach that combines the
optimal allocation of interpretive “credit” with local model interpretation by building a sup-
plementary model for explanation. It takes all features into account as “contributors” and
assigns SHAP values to each feature for each sample prediction. The SHAP value represents
the deviation between the predicted result and the baseline result caused by the feature
value. Moreover, the SHAP method is capable of yielding excellent visualization effects.

ETR consistently performed well and was used for comparison with the TL model. In
order to analyze the overall patterns contained in the current dataset, the ETR model was
trained with all the experimental data, and the TL model was trained with the computa-
tional data and all the experimental data. Based on the experimental data used in this work,
the means of the SHAP absolute values of features, i.e., feature importance of the global
interpretability, for the ETR model and TL model are shown in Figure 11. The importance
of each element varies, which may be due to the different data volumes of alloys containing
that element. It can be observed that for both models, the importance of undercooling (AT)
is far ahead. The reason why the importance of liquidus temperature (Tm) is not significant
may be that the Tm of the alloy systems are relatively close.

(b)

o | .~ | —

re [ o |
ni || ™
Tm I Fe .
zr | |
cul zr
0 2 4 6 8 10 0 2 4 6 8 10 12
mean(|SHAP value|) (average impact on model output magnitude) mean(|SHAP value|) (average impact on model output magnitude)

Figure 11. Feature importance bar charts for the global interpretability of interface velocity in the
(a) ETR model and (b) TL model.

The SHAP summary plots for the model prediction of interface velocity are shown in
Figure 12. The labels on the left-hand side of the vertical axis are the feature names, which
are arranged in descending order according to their importance values. The horizontal axis
represents the SHAP values of the features. Each point in every row corresponds to an
actual sample, and the color of the data point is decided by the value of the corresponding
feature. The greater the feature value, the redder the color of the point; conversely, the
smaller the feature value, the bluer the color of the point. This can jointly demonstrate
the impact of feature values on the prediction of all samples. Taking undercooling as an
example, it can be observed that the higher the AT, the higher the SHAP value, which
means that it has a positive promoting effect on the interface velocity.

Through the comparison and analysis of the SHAP results, it can be inferred that
the fact that the TL model has stronger prediction ability than other models is related to
the different roles played by features in different models. In terms of feature utilization,
the TL model is more accurate in grasping key features (AT, Co, etc.) and more effective
in the feature-label mapping process. It is reasonable to believe that the data from MD
calculations guide the TL model to acquire physical knowledge in MD calculations. The
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TL model driven by both physical information and experimental data has a more suitable
complexity, resulting in better performance in velocity prediction. The interpretability
analysis of the extrapolation section can be found in the Supplementary Materials.
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Figure 12. SHAP summary plots for the global interpretability of interface velocity prediction in the
(a) ETR model and (b) TL model.

4. Conclusions

In this work, an ML framework that includes MD computation and a TL model
was constructed to predict the interface velocity of binary alloys during free dendrite
solidification, and the prediction performance in both interpolation and extrapolation
abilities was estimated. The conclusions are as follows:

1. The solidification process of the four alloy systems was simulated via MD, and the
corresponding interface velocity results demonstrated a similar trend to the collected
experimental data.

2. For both interpolation and extrapolation, the TL model, which is driven by both
physical information and experimental data, demonstrates superior performance
compared to the ML models, which rely solely on experimental data. Especially for
the extrapolation prediction of an alloy system, its constituent elements are not fully
included in the experimental data used to train the ML models.

3. Interpretability analysis revealed the importance ranking of features and demon-
strated the way in which features affect the model prediction. By comparing the
interpretability analyses of the ML models only driven by experimental data and the
TL model, it is concluded that the data calculated by MD improve the way features
work in the TL model by introducing physical information indirectly.

In summary, an ML framework integrating MD computation and a TL model has been
successfully constructed to predict the interface velocity of binary alloys. It possesses sig-
nificant application value not only for predicting alloy interface velocities but also for other
material research scenarios characterized by limited experimental data. This framework is
anticipated to offer robust technical support for the advancement of various fields.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/ cryst15050484/s1, Figure S1: Feature importance bar charts for
the global interpretability of interface velocity prediction in CoCu system for the (a) ETR model and
(b) TL model; Figure S2: SHAP summary plots for the global interpretability of interface velocity
prediction in CoCu system for the (a) ETR model and (b) TL model; Table S1: Possible values
of different hyper-parameters for ML algorithms; Table S2: Optimum parameters used for ANN;
Table S3: Bayesian tuning takes the average of the results from 100 different parameter combinations;
Table S4: Atomic ratio in solid and liquid phases of NiCu system during undercooled solidification
at 20 K.
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