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ABSTRACT

We present a mathematically grounded workflow to alleviate data scarcity in High-Entropy Alloys
(HEAs) by generating, filtering, and exploiting synthetic tabular data for downstream tasks in phase
classification and candidate recommendation. The approach integrates four families of generators—
CTGAN, TVAE, Gaussian copulas, and SMOTE—evaluated through a triple protocol that balances
statistical fidelity (SDMetrics column-shape and pair-trend scores), predictive utility via TSTR
(Train Synthetic, Test Real), and novelty/privacy through distance-to-closest-record (DCR). We cast
the amount and mixture of synthetic data as an optimization problem, applying Bayesian search (Op-
tuna) with early stopping to identify generator proportions that maximize weighted F1 over Random
Forest and XGBoost while preserving plausibility.

At the sample level, we introduce an individual quality score combining a KDE-based likelihood
(fidelity), outlier penalties (Isolation Forest), and a target “sensible novelty” term shaped on DCR.
Percentile-based filtering shifts solutions toward a Pareto-efficient frontier between fidelity and pre-
dictive performance. Beyond augmentation, we deploy a TVAE-driven exploratory stage for alloy
recommendation: generate a virtual composition library under compositional constraints, screen
with a calibrated phase classifier, score by a target novelty function that favors moderate distance
from the real support, and select diverse representatives via clustering. A lightweight thermody-
namic post-filter using AHmizx, ASmix, §, 2, and VEC further prioritizes physically plausible
candidates.

On a curated HEA dataset, the best configuration reaches a mean F1 of 0.814 in the full-data sce-
nario and 0.777 when starting from 25% of real data. Under exploratory generation, 3,288 high-
confidence BCC/FCC candidates are proposed, of which 1,555 pass the thermodynamic screen.
Validation across external datasets indicates that gains are largest when real data are scarce and
structurally coherent; improvements attenuate on noisier bibliographic corpora, underscoring data
quality as a moderator of augmentation benefits. The contribution is a reproducible, optimization-
driven pipeline that formalizes the augmentation—fidelity trade-off, integrates domain constraints,
and supports early-stage discovery via diverse, plausibly novel compositions.
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