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Decoding non-linearity and complexity: deep
tabular learning approaches for materials science

Vahid Attari ©* and Raymundo Arroyave

Materials datasets, particularly those capturing high-temperature properties pose significant challenges for
learning tasks due to their skewed distributions, wide feature ranges, and multimodal behaviors. While tree-

based models like XGBoost are inherently non-linear and often perform well on many tabular problems,

their reliance on piecewise constant splits can limit effectiveness when modeling smooth, long-tailed, or

higher-order relationships prevalent in advanced materials data. To address these challenges, we

investigate the effectiveness of encoder—decoder model for data transformation using regularized Fully
Dense Networks (FDN-R), Disjunctive Normal Form Networks (DNF-Net), 1D Convolutional Neural

Networks (CNNs), and Variational Autoencoders, along with TabNet, a hybrid attention-based model, to

address these challenges. Our results indicate that while XGBoost remains competitive on simpler tasks,

encoder—decoder models, particularly those based on regularized FDN-R and DNF-Net, demonstrate

better generalization on highly skewed targets like creep resistance, across small, medium, and large

Received 22nd April 2025
Accepted 7th July 2025

datasets. TabNet's attention mechanism offers moderate gains but underperforms on extreme values.

These findings emphasize the importance of aligning model architecture with feature complexity and
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1. Introduction

Predicting materials behavior is inherently challenging due to
the non-linear and interdependent relationships between alloy
chemistry, processing conditions, and properties. Tabular
materials data often include dense numerical and sparse cate-
gorical features with weaker correlations and multi-modal
characteristics, making pattern recognition more difficult.
Deep learning has found success in tasks such as sequence-to-
sequence modeling and data reconstruction, and shows
promise in capturing complex dependencies for modeling
materials properties. However, applying deep learning models
to materials data presents unique challenges. In materials
science, physics-based relationships require explicit incorpo-
ration of domain knowledge, and the “black-box” nature of
these models limits interpretability. Their success also hinges
on the availability of large, high-quality datasets, which are
often costly and scarce. Furthermore, the significant computa-
tional demands of deep learning raise questions about its effi-
ciency compared to simpler methods like random forests or
physics-informed neural networks. Addressing these chal-
lenges is essential to fully harness the value of materials data for
advancing predictive modeling, improving design efficiency,
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demonstrate the promise of hybrid encoder—decoder models for robust and generalizable materials
prediction from composition data.

and complementing traditional physics-based approaches
(Fig. 1).*7

Deep learning has shown remarkable promise across various
domains, including materials science, where it has been
successfully applied to predict mechanical properties of
alloys,*®? discover new thermoelectric materials,” and identify
phase transitions in complex multicomponent systems.*
However, while these successes highlight its potential, applying
deep learning to tabular data, which is prevalent in materials
science, presents unique challenges. Materials science data
often spans multiple orders of magnitude, reflecting the diver-
sity of material properties and phenomena. For example,
mechanical properties like yield strength range from tens
of MPa for polymers to thousands of MPa for metals and
ceramics, while electrical conductivity varies from as low as
107" S m™" in insulators to 10 S m™~ ' for conductors like
copper. Similarly, thermal conductivity can range from less
than 0.1 W m " K" in insulators to over 1000 W m~ " K ' in
materials like diamond, and diffusion coefficients vary from
107> m?® s in solids at low temperatures to 10" ®* m* s™* in
liquids. Even creep behavior spans orders of magnitude under
high-temperature conditions, influenced by factors such as
stress, temperature, and microstructure.

Data scarcity, challenges in data preparation, predictive
accuracy, and interpretability are all vital considerations in
materials science applications to ensure that models provide
actionable insights for experimental validation. To tackle data
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. The diagram illustrates the complete workflow from data ingestion
panel (bottom left) shows data streams, privacy considerations, and
bles (center) explicitly represent how the processed data, including
re structured and passed into the machine learning models. The top

panels depict different encoder—decoder architectures: (a) autoencoder models for reconstruction tasks, (b) asymmetric encoder—decoder
models (FDN-R, DNF-Net, CNN) for feature transformation and mapping, (c) variational encoder—decoder models for handling uncertainty, and
(d) encoder—decoder models with attention mechanisms for interpretability. The workflow culminates in the visualization panel (far right),

highlighting property prediction insights such as heteroscedasticity ana

lysis. Together, this framework integrates data reconstruction, trans-

formation, uncertainty quantification, and interpretability to support robust property prediction and materials informatics analysis.

scarcity and confidentiality concerns, generative approaches
like variational autoencoders (e.g. Tab-VAE") or Tabular
Generative Adversarial Networks' can be employed to create
synthetic datasets, enhancing model robustness. Tackling data
preparation for largely skewed features can be achieved using
robust transformations, such as quantile transformation or log-
scaling, to ensure features are more suitable for model
training.**'* When paired with interpretable architectures'®> and
efficient inference strategies,'® these methods can advance the
use of tabular materials data in scientific discovery and design.
Recent innovations, such as transformers and hybrid models
combining tree-based methods with neural networks, show
promise in overcoming these challenges. Transformers leverage
self-attention mechanisms to capture complex feature interac-
tions, offering an advantage for the heterogeneous and multi-
scale nature of materials data. However, inconsistencies in
benchmarking practices and unequal levels of optimization
hinder direct comparisons with traditional methods like
gradient-boosted decision trees (GBDT)."””* To fully realize
their potential, deep learning models in materials science must
balance predictive accuracy with alignment to domain-specific
physical principles and interpretability. Achieving this will
require improved benchmarking frameworks, access to diverse
and high-quality datasets, and the integration of domain

2766 | Digital Discovery, 2025, 4, 2765-2780

knowledge into model development. These advancements
could close the performance gap with traditional methods and
enable deep learning to address the unique demands of mate-
rials science and unlock its potential for solving complex
problems.

Several emerging neural architectures, inspired by concepts
from the encoder-decoder and other hybrid methods, have
shown promise in addressing the limitations of traditional
models, particularly in handling tabular data workflows. For
example, TabNet enhances interpretability and performance by
dynamically selecting relevant features through attention
mechanisms.?” Neural Oblivious Decision Ensembles (NODE)
combine decision rules with neural networks to efficiently
model feature interactions.”” FT-Transformers and TabTrans-
former employ self-attention to capture complex relationships
between numerical and categorical features.”*** Hybrid
approaches like DeepGBM integrate gradient-boosting
machines with neural networks to combine feature trans-
formation and prediction.”> These advancements, along with
models like Wide and Deep Networks*® and DNF-Net (Disjunc-
tive Normal Form Networks),*” improve scalability, interpret-
ability, and predictive performance, positioning them as robust
alternatives to traditional methods.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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In this work, we evaluate the potential of several deep
learning architectures to outperform traditional GBDTs in
accuracy and efficiency when applied to materials science
tabular datasets. Our findings demonstrate that neural archi-
tectures tailored for tabular data can effectively handle the
complexity and wide range of property scales often encountered
in materials science. Beyond static datasets, these models
exhibit promise in processing streams of data generated from
high-throughput experiments or autonomous systems, making
them particularly relevant for real-time analysis. Additionally,
their ability to capture intricate dependencies and handle
complex, multimodal distributions positions them as critical
tools for addressing the inherent variability in materials data.
These advancements also align with the principles of FAIR
(Findable, Accessible, Interoperable, and Reusable) data,
ensuring that the insights derived from these models can be
leveraged across diverse research and industrial contexts. In
Section 2, we detail the architectures and approaches used in
this study, while Section 4 compares the performance of deep
learning models and GBDTs, highlighting their respective
strengths in handling complex materials datasets.

2. Methods for tabular data

2.1. Baseline encoder-decoder pipeline

The encoder-decoder model is widely recognized for its ability
to reconstruct data and capture complex relationships between
features by learning a latent representation. For regression
tasks, it can be adapted to learn complex input space and
predict continuous output values. The encoder maps the input
data X into a latent space Z, which can either have a lower-
dimensional representation (undercomplete model) or
a higher-dimensional representation (overcomplete model) for
rich representative learning. The decoder then maps Z to the
predicted output ¥. These transformations are defined as:

Z = f(X), Y = g,(2), 1)

where the model is trained by minimizing a loss function L,
which measures the difference between the predicted output ¥
and the target data Y. The objective is to find the parameters ¢
and ¢ that minimize the following:

minL (Y, V) = L(Y.g(4(X))) @)

Training is typically performed using gradient-based
methods. After training, the model can be used to transform
new data X, into predictions Voew:

Qnew = gd)(ft‘?(xnew)) (3)

This baseline encoder-decoder approach is not inherently
interpretable, primarily due to the lack of transparency in its
latent representations. However, with attention mechanisms,
feature analysis tools, and visualizations, it can become
explainable, providing some insights into its decision-making
Next, discuss three neural network

process. we will
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architectures: regularized fully connected dense networks,
Disjunctive Normal Form Networks (DNF-Nets), and Convolu-
tional Neural Networks (CNN). These architectures, when
combined with encoder-decoder frameworks, can enhance
prediction accuracy by leveraging latent space representations
and reducing noise. Interpretability is further improved
through feature selection in DNF-Nets and filter visualization in
1D-CNNs. Interpretability ensures trust and accountability by
enabling the understanding of model predictions, feature
importance, and decision-making processes, which is particu-
larly crucial for debugging models, achieving regulatory
compliance, and gaining user acceptance.”®*®

2.1.1. Regularized dense neural network block. A fully
dense neural network, also known as a fully connected or
feedforward network, is a foundational deep learning architec-
ture that remains widely used for solving diverse machine
learning problems across various dataset types.* In this archi-
tecture, each neuron in one layer connects to every neuron in
the next, allowing the model to capture complex, non-linear
relationships between features. For a given input vector x, the
output of the i-th layer is computed as:

yi=fIWx +b) (4)

where W; is the weight matrix, b; the bias term, and f a non-
linear activation function such as ReLU, sigmoid, or tanh.
Multiple layers refine the data representation, improving model
predictions. The parameters ¢ include the weight matrices,
biases, and, if applicable, trainable activation parameters like
the slope « in LeakyReLU. Regularization terms, such as the L2
coefficient A, help control overfitting by penalizing large
weights. These parameters collectively determine how the dense
block processes and learns from data. Fully connected layers are
not transparent, offering little insight into their decision-
making process.*

2.1.2. Disjunctive normal form (DNF) block. A DNF
network block is a neural network architecture designed to
model logical structures, similar to decision trees, making it
interpretable and efficient for capturing complex relationships
in tabular data. The DNF block operates by combining multiple
logical conjunctions (AND conditions), which are then aggre-
gated using disjunctions (OR conditions). Each conjunction
represents feature interactions modeled through linear trans-
formations and activation functions, mimicking the behavior of
a logical AND operation. The outputs of these conjunctions are
then aggregated to form a disjunction, effectively modeling
a logical OR operation. This hierarchical structure enables the
DNF block to identify and represent complex feature relation-
ships in a manner that is both interpretable and computa-
tionally efficient. Key parameters of a DNF block include the
number of clauses (representing distinct logical interactions),
the number of literals per clause (defining how many features
contribute to each interaction), the choice of activation function
(e.g., ReLU or Sigmoid), and regularization techniques such as
dropout to prevent overfitting. This structure makes DNF
particularly suitable for applications requiring interpretability
and robust modeling of feature interactions.

Digital Discovery, 2025, 4, 2765-2780 | 2767
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2.1.3. 1D-convolutional neural network block. A 1D-
Convolutional Neural Network (1D-CNN) block is specifically
designed to extract local patterns from sequential or ordered
data, such as time series or audio signals.** The architecture
employs convolutional filters that slide across the input data,
capturing localized features through a combination of linear
transformations and non-linear activation functions. These
filters enable the model to detect patterns such as trends or
periodicities, which are essential for understanding structured
data. Typically, the convolutional layers are followed by pooling
layers that down-sample the data, reducing computational
complexity while preserving critical information. This hierar-
chical structure allows 1D-CNNs to progressively capture more
abstract patterns as the data flows through deeper layers.
Parameters of the model include the weights of the convolutional
filters, biases, and the choice of activation functions, such as
ReLU, which introduces non-linearity to the model. 1D-CNNs can
be combined with fully connected layers to refine feature repre-
sentations, making them versatile for a variety of tasks. Recent
advancements have demonstrated the efficacy of these neural
network blocks in competitions and real-world applications by
leveraging shortcut connections and innovative architectures to
improve feature extraction and accuracy, particularly in domains
where spatial locality is less pronounced, such as tabular data.

2.2. TabNet: attentive interpretable tabular learning

TabNet employs a sequential attention mechanism to dynami-
cally select the most relevant features at each decision step,
enabling it to efficiently capture complex relationships in tabular
datasets.”” Unlike traditional fully connected neural networks,
TabNet performs feature selection dynamically, mirroring the
interpretability of decision tree models while retaining the flexi-
bility and power of neural networks. The TabNet encoder is
composed of a feature transformer, an attentive transformer and
feature masking. A split block divides the processed representa-
tion to be used by the attentive transformer of the subsequent
step as well as for the overall output. TabNet decoder is
composed of a feature transformer block at each step. Attention
mechanisms have emerged as a pivotal architectural element in
deep neural networks (DNNs), significantly enhancing their
interpretability.** This mechanism ensures that the outputs from
one step guide the feature selection process for subsequent steps.
By iteratively refining feature selection and transformation across
multiple steps, this model's parameter set encompasses weight
matrices, bias terms, and parameters for the attention mecha-
nism, which collectively determine the feature selection and
transformation process. To prevent overfitting, regularization
techniques such as L2 regularization and sparsity-inducing
penalties are commonly applied.

2.3. Generative tabular learning using VAE

The deterministic design of classical encoder-decoder models
limits their ability to generate diverse outputs, constraining
their effectiveness in capturing and navigating complex data
distributions. A VAE shares an encoder-decoder structure, but
extends it by incorporating probabilistic modeling in the latent
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space, making it ideal for cases where uncertainty in predictions
is important and generative tasks. The encoder transforms the
input X into a distribution over the latent space, rather than
a single point. Specifically, the encoder outputs the mean u; and
variance ¢;> for the latent variable z:

zi=p+o00e e~N(0]1) (5)

where z; represents a latent variable sampled from the distri-
bution, u; and g; are learned parameters that describe the mean
and variance, and ¢ is a random noise sampled from a standard
normal distribution, enabling stochasticity in the latent space.
The decoder then maps the data by mapping the latent variable
z; back to the output space:

yi :fdecoder(wizi + bz) (6)

where fyccoder 1S @ non-linear transformation (e.g., a fully con-
nected layer with ReLU), W; represents the weight matrix for the
decoder, and b; is the bias term.

The objective of the variational encoder-decoder is to
maximize the evidence lower bound (ELBO), which consists of
two terms: the reconstruction loss (e.g., mean squared error
between the input x and the reconstruction y) and the Kullback-
Leibler (KL) divergence between the learned latent distribution
and a standard normal distribution. The full loss function can
be written as:

L = Eyqx [log p(ylz)] — Dxr(¢(z[x)p(2)) (7)

The parameter set § in a variational encoder-decoder block
includes the weights and biases of the encoder and decoder, the
mean and variance parameters u; and o;, and any regularization
terms used to control overfitting.

2.4. Extreme gradient boosting

Extreme Gradient Boosting (XGBoost) is a powerful ML algorithm
based on decision trees, optimized for speed and performance. It
belongs to the family of boosting algorithms, where multiple
weak learners (typically decision trees) are combined sequentially
to form a strong predictive model.>® XGBoost works by fitting
a new tree to correct the errors of the previous trees, iteratively
improving the model's predictions. Given an input vector x, the
output of the model at step t is computed as:

= Zﬁ(X) (8)

where fi(x) represents the prediction from the i-th tree, and y, is
the cumulative prediction at step t. The trees are added one by
one to minimize the residual errors of the previous trees.
XGBoost optimizes a regularized objective function that consists
of a loss term and a regularization term to prevent overfitting:

L= t0n5) + Y00 ©)
i=1 k=1

where £(y;,);) is the loss function, which measures the differ-
ence between the true label y; and the predicted label y;, and

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Q(fi) is a regularization term that controls the complexity of
each tree, penalizing large trees to avoid overfitting. The
parameter set f for XGBoost includes the weights of the decision
trees, the regularization coefficients (L, L,), and the learning
rate, which controls how quickly the model adapts to errors
during training where L, (lasso) encourages sparsity by penal-
izing the absolute sum of weights, and L, (ridge) discourages
large weights by penalizing the squared sum.

3. Implementation and optimization
of models

3.1. Bayesian hyperparameter optimization

The predictive performance and generalization ability of ML
models, particularly deep learning architectures, are highly
sensitive to their hyperparameters.*® Examples include the
number of layers, learning rate, dropout rate, and regularization
parameters. To systematically explore these, we employed the
tree-structured Parzen estimator (TPE), a versatile Bayesian opti-
mization algorithm, implemented via the Optuna framework.*>-*
The objective was to minimize the loss function f{x):

Xopt€ arg minf (x) (10)
xeX

where x,,c denotes the set of hyperparameters yielding the best

performance. Compared to exhaustive grid or random search,

TPE efficiently concentrates sampling in promising regions of

the hyperparameter space, significantly reducing computa-

tional cost.

We performed hundreds of optimization trials per dataset,
tuning between 5 and 10 hyperparameters depending on the
architecture. These parameters and their range are listed in
Table S4. Each trial was evaluated over a fixed training duration
of 50 epochs (or number of boosting rounds for XGBoost),
rather than using early stopping, to ensure fair comparison of
convergence behavior. To test the significance of performance
differences across models, we applied Friedman's test at a 95%
confidence level.

Prior to optimization, we quantified first- and higher-order
statistics of each feature, such as mean, standard deviation,
skewness (asymmetry), and kurtosis (tailedness). These
moments informed our expectations for model learning chal-
lenges, such as handling heavy-tailed or skewed distributions.

To evaluate generalization, we applied a standard random
split strategy, typically reserving 10-15% of the data as a hold-
out test set, with the remaining data used for training and
internal validation during hyperparameter optimization. In
cases where the dataset was small, the validation and test sets
occasionally overlapped, serving as a pragmatic compromise to
assess performance. K-fold cross-validation was subsequently
applied using the best hyperparameters to rotate the test split,
offering a more comprehensive assessment and reducing vari-
ance in performance estimates.

3.2. Evaluation metrics

Model performance was evaluated using a range of regression
metrics designed to capture different aspects of prediction

© 2025 The Author(s). Published by the Royal Society of Chemistry
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error, tailored to the challenges of materials datasets. For
targets spanning multiple orders of magnitude, we employed
scale-normalized metrics such as the Mean Squared Loga-
rithmic Error (MSLE) and the Symmetric Mean Absolute
Percentage Error (SMAPE) to balance contributions across
scales. Standard measures like Mean Squared Error (MSE) and
Root Mean Squared Error (RMSE) were also reported to main-
tain comparability with common benchmarking practices.

We note that while SMAPE is valuable for normalizing errors
relative to the combined magnitude of predictions and true
values, it introduces slight asymmetry that can favor over-
predictions. To complement accuracy-focused metrics, we
further assessed optimization efficiency and stability through
average convergence rates, calculated as the mean relative
improvement in loss across successive trials, highlighting how
quickly each model approached its best performance. Table 1
summarizes the formal definitions of these metrics.

3.3. Hyperparameter importance

To further understand the interplay between data characteris-
tics and model design, we analyzed the importance of each
hyperparameter in driving performance improvements. Hyper-
parameter importance was computed using functional ANOVA
(fANOVA) as implemented in Optuna, which estimates the ex-
pected change in the objective function when varying one
hyperparameter while holding others near their optimal values.
This helps identify which hyperparameters most influence
model loss, guiding future tuning efforts and clarifying why
certain architectures may exhibit greater sensitivity to optimi-
zation (as evidenced by steeper convergence rates or more
variable trial outcomes).

By comparing hyperparameter importance profiles across
models and datasets, we could directly connect these insights
back to our earlier statistical characterization (skewness,
kurtosis, and combined complexity measure |skew| + |kurt — 3|),
illustrating how data distribution properties impacted the
relative tuning needs of different architectures.

4. Results and discussion

4.1. Datasets: ATLAS-RHEA, BIRDSHOT, and MPEA

The ATLAS-RHEA dataset® comprises comprehensive compu-
tational and experimental data for 10626 refractory HEA
compositions, emphasizing creep behavior and thermophysical
properties. It includes 71 features, such as elemental compo-
sitions (e.g., Nb, Cr, V, W, Zr), thermal/mechanical properties
(e.g, coefficients of thermal expansion, thermal conductivity),
and phase stability metrics across various temperatures. The
dataset also covers creep metrics over time intervals (25-2000
minutes) and temperatures (1300 K-2000 K), along with Kou
Criteria for phase stability. While minor data gaps exist in some
properties (e.g., PROP LT, PROP ST, Kou Criteria, ~11%
incomplete entries), the dataset provides a valuable resource for
exploring structure-property relationships and optimizing
high-performance refractory alloys.

Digital Discovery, 2025, 4, 2765-2780 | 2769
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Table 1 Evaluation metrics highlighting various aspects of prediction accuracy in materials informatics

Metric

Formula

Mean squared logarithmic error (MSLE)

Root mean squared logarithmic error (RMSLE)

Logarithmic coefficient of determination (log R?)

Geometric mean absolute error (GMAE)

Symmetric mean absolute percentage error (SMAPE)

Mean absolute scaled error (MASE)

Root mean squared percentage error (RMSPE)

Table 2 summarizes key first-order statistics, highlighting
skewness and kurtosis as important factors influencing model
performance. For instance, the Cobalt creep resistance at 1300 °©
C in the ATLAS-RHEA dataset exhibits extreme skewness (39)
and kurtosis (1500), reflecting a highly non-normal distribution
with substantial outliers. These properties underscore the
necessity for targeted pre-processing techniques, such as log or
quantile transformations. Additionally, robust models capable
of managing extreme outliers may be required. In contrast,
features with lower skewness and kurtosis, such as yield
strength 1000 °C or pugh ratio, display distributions closer to
normality, making them suitable for direct use in training
without extensive preprocessing. These features are less likely to
cause instability in the trained models and typically contribute
to more reliable and consistent predictions. Features with
moderate skewness and kurtosis, such as Scheil LT and Kou
criteria, suggest some degree of asymmetry and outliers, which
could still impact model performance if not accounted for
during pre-processing.

1 o
=D (log(y; +1) —log(y; + 1))*
=1

1 n
\/E Zlog(y,- +1) —log(y; + 1)
p

| _ X (log yi —log j)*

S (log y; — log »)*
1 )
eXp(n;IIOgyflogyi>

100% ¢ [y — )
n ;\yi|+|ﬁi\/2
l Y lyi = ¥l

ne— 1
= P /_Z:;|yf*yf—1|

)

i=1 Vi

The BIRDSHOT dataset* currently contains detailed infor-
mation on 147 non-equimolar Cantor high-entropy alloys
(HEAs), focusing on their composition, processing parameters,
and mechanical properties. Each alloy is characterized by its
elemental fractions (Al, Co, Cr, Cu, Fe, Mn, Ni, V) and evaluated
for key properties such as YS, ultimate tensile strength (UTS),
tension elongation, and hardness. The dataset also includes
computationally derived parameters such as stacking fault
energy, valence electron concentration, and the Pugh ratio,
providing insights into the alloys' mechanical behavior and
stability. For example, the yield strength of the alloys ranges
from 310 MPa to 537 MPa, while tension elongation varies from
18.3% to 25.7%. First-order statistics for this dataset is
summarized in Table 3.

Despite its comprehensive nature, the dataset includes
minor missing data across key properties. Measured properties
like YS and UTS have 141 complete entries (~96%), while
computed parameters such as stacking fault energy, valence
electron concentration, and hardness are available for 131

Table 2 ATLAS-RHEA dataset: first-order statistical summary including skewness and kurtosis of some features

Feature Mean Std. dev. Min Max Median 25% 75% Skewness Kurtosis Complexity
Nb 0.22 0.19 0.00 0.95 0.20 0.05 0.35  0.909 3.289 1.20
Cr 0.21 0.18 0.00 0.95 0.15 0.05 0.30  0.955 3.458 1.41
\Y% 0.22 0.19 0.00 0.95 0.20 0.05 0.35 0.940 3.400 1.34
W 0.14 0.11 0.00 0.90 0.10 0.05 0.20  0.699 3.143 0.84
Zr 0.21 0.18 0.00 0.90 0.15 0.05 0.30  0.915 3.300 1.21
YS 1000 °C 1170.58 637.06 0.00 3399.29 1111.17 673.36 1599.91  0.478 2.742 0.74
EQ 1273 K THCD (W mKil) 14.11 12.95 0.02 62.92 9.27 3.43 22.70  0.974 3.009 0.98
EQ 1273 K density (g cm ) 9.59 1.77 6.05 16.94 9.33 8.29  10.65 0.773 3.563 1.34
1300 min creep CB (1 Sil) 0.00 0.10 0.00 4.01 0.00 0.00 0.00 39.012 1524.244 1560.26
PROP 1500 °C CTE (1 Kil) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.124 3.353 1.48
YS 1500 °C PRIOR 807.87 497.41 0.00 2689.29  738.53  415.22 1127.56  0.656 2.995 0.66
Pugh ratio PRIOR 2.60 0.51 1.45 4.52 2.56 2.23 2.92 0.390 2.914 0.48
SCHEIL LT 1620.39 163.87 1507.01 2353.37 1541.34 1529.62 1599.97 1.954 5.858 4.81
Kou criteria 353.63 402.90 0.13 4656.12  240.34 62.72  463.10 2.184 9.764 8.95
Creep merit 77 876.76 431904.11 —825.33 10135045.82 507.71 40.83 6176.66 11.793 199.473  208.27
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Table 3 Birdshot dataset: first-order statistical summary including skewness and kurtosis for experimental data, contained 147 rows on March

2025

Feature Mean Std. dev.  Min Max Median  25% 75% Skewness  Kurtosis ~ Complexity
Al 1.68 2.34 0.00 15.00 0.00 0.00 4.00 1.564 8.058 6.62
Co 18.57 14.24 0.00 75.00 16.00 8.00 25.00 1.014 4.235 2.25
Cr 7.84 6.32 0.00 25.00 8.00 4.00 10.00 0.875 3.225 1.10
Cu 1.63 3.88 0.00 24.00 0.00 0.00 2.00 3.531 16.961 17.49
Fe 15.07 11.89 0.00 75.00 15.00 5.00 20.00 1.686 7.613 6.30
Mn 5.33 8.10 0.00 40.00 0.00 0.00 8.00 1.602 5.256 3.86
Ni 39.28 14.23 0.00 75.00 40.00 31.00 50.00 —0.521 3.051 0.57
v 10.59 8.17 0.00 30.00 10.00 4.00 15.50 0.545 2.252 1.29
Yield strength (MPa) 388.41  125.27 176.82 790.00  367.00 282.19 460.50 0.630 2.802 0.83
UTS true (MPa) 952.40 239.12 333.00 1581.00 958.00 802.50 1096.62 0.012 2.867 0.15
Elongation (%) 33.65 12.12 0.00 55.70 34.00 26.10 42.25  —0.627 3.307 0.93
Hardness (GPa) SRJT 2.52 0.67 1.63 6.04 2.39 2.09 2.77 2.516 12.689 12.21
Modulus (GPa) SRJT 196.84 22.44 141.59 263.51  193.38 180.73 212.70 0.216 2.798 0.42
Avg HDYN/HQS 1.15 0.04 1.06 1.25 1.15 1.13 1.17  —-0.107 3.008 0.11
Depth of penetration (mm) FE 2.86 0.27 2.22 3.46 2.87 2.66 3.05 —0.140 2.429 0.71

samples (~89%). While the dataset remains highly usable,
handling these missing values through imputation or focusing
on well-reported features will be critical for accurate analysis
and predictive modeling. The dataset contains 22 features,
capturing both experimental and computational results, and is
suitable for developing predictive models, investigating struc-
ture—property relationships, and advancing the discovery of
novel high-performance alloys.

The Multi-Principal Element Alloy (MPEA) dataset** contains
information on 1545 alloys across 23 columns, focusing on
chemical composition, microstructure, processing methods, and
mechanical properties. Key attributes include alloy formula,
microstructure classification (e.g., FCC, BCC, or mixed phases),
grain size, processing methods (e.g., casting), and mechanical
properties such as hardness (HV), YS, UTS, elongation, and
Young's modulus. The dataset also includes test conditions (e.g.,
temperature, test type), computationally derived parameters (e.g.,
calculated density and Young's modulus), and bibliographic
details such as DOI references and publication metadata. The
first-order statistics about this dataset is summarized in Table S3.

The dataset exhibits significant variability in data
completeness, with properties like grain size (~15%), hardness
(~34%), and elongation (~40%) moderately reported, while
others, such as experimental density (~7%) and Young's
modulus (~9%), are highly sparse. Elemental contamination
data (e.g., oxygen, nitrogen, and carbon content) are particularly
limited, with only 57, 45, and 4 entries, respectively. These data
gaps may introduce biases and limit usability for certain anal-
yses. Well-reported features like yield strength (~69%) and
processing methods can be prioritized for modeling, while
missing values in moderately sparse features may be addressed
using imputation. Highly sparse features, such as carbon
content, should be treated cautiously or excluded from predic-
tive tasks to ensure result integrity.

4.2. Hyperparameter optimization: ATLAS-RHEA data

We selected the Kou criterion for single-feature hyperparameter
optimization due to its relatively high statistical complexity,

© 2025 The Author(s). Published by the Royal Society of Chemistry

characterized by notable skewness (2.2) and kurtosis (6.8).
These properties make it a challenging yet informative objec-
tive, which is advantageous for evaluating model's ability to
explore a broader and less symmetric parameter space effec-
tively. Fig. 2a shows the variance in model performance during
hyperparameter optimization, comparing multiple encoder-
decoder regressor architectures with VAE and XGBoost con-
ducted using BO. The y-axis represents the objective value on
a log scale, while the x-axis shows the number of trials, sorted by
their objective performance. The goal is to minimize the loss,
with lower curves indicating better optimization results. The
individual convergence plots (Fig. 2a) reveal model-specific
responses to BO, offering insights beyond the sorted view. The
optimization speed and behavior vary significantly across the
models. Both the FDN-R and DNF models exhibit rapid initial
improvements, with sharp drops in objective values within the
first 20-30 trials, quickly converging to stable solutions. In
contrast, models like VAE and XGBoost show slower, more
gradual improvements across trials, requiring more extensive
exploration to identify optimal configurations. This variation in
convergence speed has practical implications: while FDN-R and
DNF can quickly find strong solutions with fewer trials, models
like VAE and XGBoost benefit from longer optimization runs to
thoroughly explore their parameter spaces. Understanding
these differences is crucial for efficiently allocating computa-
tional resources during hyperparameter tuning, particularly
when scaling to larger datasets.

Table 4 highlights the tailored hyperparameter configura-
tions across models. To reduce the hyperparameter search
space and streamline optimization, the number of layers in
both the encoder and decoder is initially fixed. This strategy is
effective when a baseline architecture demonstrates satisfactory
performance. As model development advances, relaxing this
constraint allows the architecture to adapt to data-specific
complexity and potentially enhance generalization. This flexi-
bility becomes particularly important when optimizing models
for datasets with varying feature dimensions and complexity,
such as BIRDSHOT and MPEA. As Table 4 shows the FDN-R and
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Fig. 2 Bayesian hyperparameter optimization history across models (left) based on ATLAS-RHEA data and target properties (right) based on
BIRDSHOT data. Embedded labels (al-a6 and b1-b6) correspond to individual model or target plots. (a) ATLAS-RHEA dataset: optimization
history by model. (a) Shows sorted trials across all models. (al—a6) Correspond to FDN-R, DNF, 1D CNN, VAE, TabNet, and XGBoost, respectively.
(b) Birdshot HEA dataset: optimization history by target feature. (b) Shows combined trial history, followed by (b1-b6): yield strength, UTS, elastic

modulus, hardness, elongation, and HDYN/HQS ratio.

Table 4 Best Hyperparameters for different models using ATLAS-RHEA dataset

Latent Drop-out Learning Batch
Study name Layers  dim rate rate Optimizer  