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Machine learning reveals transferable rules for grain boundary segregation energies
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1. Introduction

Grain boundaries (GBs) fundamentally influence
material properties [1, 2, 3, 4]. Solute segregation at
these interfaces alters local chemistry and atomic
structure, effectively modulating macroscopic perfor-
mance [5, 6, 7, 8, 9, 10, 11, 12]. Consequently, under-
standing segregation behavior is essential for tailor-
ing structural and functional reliability [13, 14]. While
the segregation energy spectrum is critical for con-
trolling this behavior, conventional first-principles
density functional theory (DFT) and molecular dy-
namics (MD) methods are often limited by compu-
tational cost or the accuracy of interatomic poten-
tials [15, 16]. Machine learning (ML) offers a scalable
solution, provided robust descriptors and training
protocols are established [17, 18].

In this work, we demonstrate accurate and trans-
ferable ML prediction of GB segregation energies and
the associated segregation trends across metallic bi-
nary alloys by extracting transferable rules from a
consistent dataset and modeling method. Using poly-
crystalline models as a common foundation, we sys-
tematically quantify how polycrystal size, descriptor
choice, and algorithm selection influence predictive
accuracy and computational cost. This analysis iden-
tifies practical modeling choices that enable reliable
training data generation and robust prediction, in-
cluding an efficient polycrystal size (~170 A with 10
grains), a high-fidelity descriptor (Smooth Overlap
of Atomic Positions (SOAP), retaining strong perfor-
mance under dimensionality reduction), and an accu-
rate, stable learning strategy (ensemble methods, par-
ticularly Extra Trees). Collectively, these results pro-
vide a transferable approach for high-throughput pre-
diction of GB segregation energies and behavior, sup-
porting accelerated screening and microstructure-
guided design of alloys with targeted interfacial chem-
istry and performance.

2. Substantial section

This work establishes a systematic computational
workflow integrating large-scale polycrystal model-
ing, high-throughput MD calculations, and ML to pre-
dict GB segregation behavior. As shown in Figure 1,
the unified framework (1) generates Voronoi tessel-
lated polycrystals relaxed via LAMMPS; (2) computes
segregation energies using the site-by-site substitu-
tion method:

AE; = Egphite - Egoute <1>

and (3) optimizes ML models mapping local atomic
environments to energies.

As summarized in Figure 2, our systematic eval-
uation identifies the specific modeling parameters
required for accurate and efficient GB segregation
prediction. First, regarding structural representation,
a polycrystal size of ~170 A containing 10 grains is
found to offer the optimal balance, sufficiently sam-
pling diverse GB motifs while maintaining computa-
tional tractability. Second, in terms of feature deter-
mination, SOAP descriptor demonstrates the highest
fidelity in encoding local environments, with an op-
timized configuration of ny,ax =10, . =5,and a 5
A cutoff. Structurally, we show that SOAP is robust
to dimensionality reduction; approximating the de-
scriptor with ~20 principal components via PCA pre-
serves near-full accuracy while significantly reducing
computational cost. Finally, comparative algorithm
analysis reveals that the Extra Trees model yields the
strongest performance (R* > 0.95 for most binary
alloys).

2.1 Related work

Traditional atomistic simulations, such as MD
and DFT, are standard for probing GB segregation
but are computationally limited when sampling the
immense structural diversity of polycrystalline net-
works [16, 19, 20]. Consequently, data-driven ap-
proaches have evolved from utilizing simple geomet-
ric descriptors—such as coordination analysis and
Voronoi volume [17], to employing high-fidelity, atom-
centered descriptors like the SOAP. To address the
high dimensionality of such descriptors, techniques
like PCA are increasingly integrated. Wagih et al.
have demonstrated that coupling PCA-reduced SOAP
features with regression models enables efficient and
accurate predictions across diverse binary and com-
plex alloy systems [19].

Parallel to feature engineering, the selection of
regression algorithms has shifted to capture the non-
linear nature of interfacial energetics. While linear
models provide interpretability for general spectral
trends [19], our studies indicate that tree-based en-
semble methods, such as Random Forests and Extra
Trees, significantly outperform linear regression in
reproducing complex site-specific segregation behav-
iors. These findings highlight the necessity of a sys-
tematic workflow that concurrently optimizes poly-
crystal sampling, descriptor fidelity, and algorithmic
complexity to achieve robust transferability.
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Fig. 1: Automated workflow for GB segregation energy prediction. (a) Structure generation and preprocessing:
Polycrystalline supercells are constructed via Voronoi tessellation, followed by pre-relaxation in LAMMPS.
Bulk and GB atoms are identified in OVITO, and site-specific energies are calculated (Ep,x,Ecs). (b) Vec-
torization: Local atomic environments are encoded via SOAP, ACE, or related descriptors and reduced to
low-dimensional feature vectors (z) using PCA. (c) Machine learning: Ensemble learning models such as
Extra Trees and Random Forest regressors are trained to map descriptor vectors to atomic energies, enabling

accurate and efficient prediction of GB segregation energies.
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Fig. 2: Summary of the transferable rules and end-to-end workflow, along with the recommended parameter
settings, for accurate and efficient machine-learning prediction of grain-boundary segregation energies.
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