
FUSION: Dataset Pruning via Fusing Uncertainty with Structural Information for

Optimal Neural Training in Crystal Property Prediction

Xiean Wang
1*, Pin Chen

1,2*, Liqin Tan
1
, Yutong Lu

1,2
, Qingsong Zou

1,3†

1School of Computer Science and Engineering, Sun Yat-sen University, Guangzhou, China
2National Supercomputer Center in Guangzhou, China

3Guangdong Province Key Laboratory of Computational Science, Sun Yat-sen University, Guangzhou, China
{wangxan, tanlq8}@mail2.sysu.edu.cn

{chenp85, luyutong, mcszqs}@mail.sysu.edu.cn

Abstract

The rapid expansion of materials databases offers unprece-
dented opportunities for accelerating materials discovery via
machine learning. However, the widespread assumption that
larger datasets inherently produce better models does not
hold in practice. We propose FUSION (Fusing Uncertainty
with Structural Information for Optimal Neural training),
an offline dataset pruning strategy that synergistically com-
bines uncertainty quantification with crystallographic struc-
ture analysis via geometric fingerprinting, framing dataset
pruning as a discrete optimization problem. Through evalua-
tion across 3 benchmark datasets, FUSION consistently out-
performs baselines, including random pruning, uncertainty
sampling, weighting factor pruning, diversity sampling, and
active learning. It demonstrates robust transferability across
11 diverse architectures, outperforming random pruning by
1.91–13.65% across different datasets, with an average im-
provement of 6.36%. Moreover, our analysis suggests that
different models exhibit varying robustness characteristics
when faced with pruned training data, highlighting the impor-
tance of model selection tailored to dataset composition. We
identify optimal pruning points where removing just 0–8% of
training data improves model performance, yielding gains up
to 12.67% in specific model–dataset combinations. These re-
sults establish a new paradigm for materials informatics that
prioritizes data quality over quantity, offering a pathway to-
ward more efficient and sustainable machine learning work-
flows in computational materials science.

1 Introduction

The advent of high-throughput computational materials dis-
covery has catalyzed an unprecedented expansion of materi-
als databases, with repositories such as the Materials Project
(Jain et al. 2013), Open Quantum Materials Database (Saal
et al. 2013), and AFLOW (Curtarolo et al. 2012) now con-
taining millions of crystal structures and their associated
properties. This data abundance has enabled the develop-
ment of increasingly sophisticated machine learning models
for materials property prediction (Schmidt et al. 2019; But-
ler et al. 2018), yet a fundamental assumption underlying
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current approaches, that larger datasets inherently yield su-
perior model performance, remains largely unexamined and
potentially counterproductive.
Recent advances in materials informatics have predom-

inantly focused on architectural innovations (Chen et al.
2024; Yan et al. 2024; Ito et al. 2025) and feature engi-
neering (Damewood et al. 2023). In contrast, the equally im-
portant questions of optimal dataset composition and data-
efficient learning paradigms, despite their growing impor-
tance amid the exponential expansion of materials databases,
have received comparatively limited attention (Li et al. 2024;
Lookman et al. 2019; Li et al. 2023; Wang, Chen, and Zou
2025). The fundamental challenge in pruning datasets for
materials property prediction lies in the complex interplay
of structure, uncertainty, and learning behavior. Effective
pruning must account for (1) predictive uncertainty, which
reflects both model confidence and data quality (Gal and
Ghahramani 2016; Lakshminarayanan, Pritzel, and Blun-
dell 2017); (2) crystallographic and chemical diversity es-
sential for covering materials space (Meredig et al. 2018;
Janet et al. 2019); and (3) the architecture-specific learning
dynamics inherent to different neural networks (Ramprasad
et al. 2017; Schmidt et al. 2019).
To address these limitations, we propose FUSION

(Fusing Uncertainty with Structural Information for
OptimalNeural training), an offline dataset pruning method-
ology that synergistically combines uncertainty quantifica-
tion with crystallographic structure analysis. FUSION for-
mulates the dataset pruning as a discrete optimization prob-
lem that balances predictive uncertainty with structural rep-
resentativeness, enabling identification of redundant sam-
ples while preserving essential learning information. In our
work, we also establish a data preprocessing framework
compatible with model training, which can be integrated
with any existing machine learning models for material
property prediction.
Our main contributions are summarized as follows:

• We propose FUSION. To the best of our knowledge, this
is the first material dataset pruning method that simulta-
neously considers model cognition and essential material
structure information.

• Through comprehensive evaluation across 3 benchmark
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datasets and 11 model architectures, we systematically
discover and quantify the “optimal pruning points” phe-
nomenon for the first time in materials science.

• We develop a complete end-to-end training pipeline that
seamlessly integrates dataset pruning into the existing
model training workflow, providing a systematic ap-
proach for materials property prediction.

2 Related Work

2.1 Data Redundancy

Materials databases accumulate near-equivalent structures,
such as polymorphic variations, minor lattice distortions,
and systematically enumerated structural decorations, which
make up a substantial fraction of the database content (Haas-
trup et al. 2018; Zhou et al. 2019). This redundancy man-
ifests particularly in databases like Materials Project (Jain
et al. 2013), where individual compositions such as Al2O3

exhibit 15 distinct crystallographic representations spanning
a range of thermodynamic stabilities (Oguchi 2024). Mate-
rials databases exhibit unique characteristics where chemi-
cally similar compounds can display vastly different elec-
tronic and thermodynamic properties, as demonstrated by
high-throughput DFT screening studies conducted by Saal
et al. (2013). Conventional structural similarity-based prun-
ing methods fail to distinguish between geometrically alike
structures that provide genuine learning value versus those
that introduce noise, leading to models that overfit to specific
atomic arrangements rather than generalizable structure-
property relationships (Meredig et al. 2018). This necessi-
tates pruning strategies that simultaneously consider both
crystallographic similarity and predictive learning dynamics
to optimize dataset composition for robust materials prop-
erty prediction.

2.2 Similarity and Uncertainty

Geometric descriptors can be used to measure the simi-
larity of crystal structures. They have evolved from sim-
ple structural features to sophisticated rotationally invari-
ant representations. Early approaches relied on neural net-
work representations of potential energy surfaces (Behler
and Parrinello 2007) and handcrafted molecular descriptors
such as Coulomb matrices (Rupp et al. 2012), which pro-
vided intuitive but limited representations of atomic interac-
tions. A significant advancement came with the introduction
of Smooth Overlap of Atomic Positions (SOAP) descrip-
tors (Bartók, Kondor, and Csányi 2013), which provided
smooth, differentiable representations of local atomic envi-
ronments that respect rotational and translational symmetry.
Building upon these foundations, subsequent developments
have extended geometric representations to include more
sophisticated approaches: Ward et al. (2016) developed a
general-purpose machine learning framework incorporating
chemically diverse attributes for materials property predic-
tion, while Pham et al. (2017) introduced orbital interaction-
based descriptors such as the Orbital Field Matrix (OFM).
More recent work has focused on incorporating global struc-
tural information through techniques such as Crystal Graph

Convolutional Networks (Xie and Grossman 2018) and ad-
vanced many-body representations (Huo and Rupp 2022).
The DScribe library (Himanen et al. 2020) has standard-
ized many of these approaches, enabling systematic com-
parisons and reproducible research across different descrip-
tor methodologies. When applied to dataset pruning, typi-
cal practices such as k-means clustering or diversity sam-
pling based on geometric descriptors aim to ensure structural
diversity (Abbas et al. 2024). However, these approaches
inherently assume that geometric diversity correlates with
learning value, an assumption that may not hold under the
complex dynamics of neural network training (Zheng et al.
2023).
Uncertainty quantification (UQ) has become a crucial as-

pect of reliable materials property prediction, particularly
in scenarios where prediction confidence directly influences
experimental decision-making (Lookman et al. 2019; Rac-
cuglia et al. 2016). Traditional UQ approaches, such as deep
ensembles (Lakshminarayanan, Pritzel, and Blundell 2017)
and Monte Carlo dropout (Gal and Ghahramani 2016), pro-
vide uncertainty estimates but often come with substantial
computational overhead. Deep evidential regression (DER)
(Amini et al. 2020; Sensoy, Kaplan, and Kandemir 2018)
offers a promising alternative by estimating both aleatoric
(data-driven) and epistemic (model-driven) uncertainty in
a single forward pass. Its applications in materials science
have demonstrated enhanced calibration and improved out-
of-distribution detection (Soleimany et al. 2021). In light of
the above, UQ in materials machine learning has been pri-
marily applied to improve prediction accuracy and model re-
liability, with limited exploration into using uncertainty es-
timates to guide dataset pruning.

2.3 Dataset Pruning

Dataset pruning has received growing attention across ma-
chine learning domains such as computer vision (Paul, Gan-
guli, and Dziugaite 2021; Sorscher et al. 2022) and NLP
(Abbas et al. 2023; Xia et al. 2024). The limited body of
work addressing materials dataset pruning has primarily fo-
cused on coarse-grained approaches that sacrifice precision
for computational efficiency. Li et al. (2023) investigated
redundancy in large-scale materials datasets using uncer-
tainty measures derived from model ensemble disagreement
or simply the mean absolute error (MAE) value of a sin-
gle model’s predicted attribute, demonstrating that signifi-
cant dataset reductions are possible without substantial per-
formance loss. Li et al. (2024) proposed MD-HIT, a greedy
redundancy reduction algorithm inspired by bioinformat-
ics clustering techniques, utilizing composition-based and
structure-based distance metrics to systematically eliminate
redundant samples above predefined similarity thresholds.
However, their approaches rely on relatively simple metrics
and do not account for the complex interplay between struc-
tural similarity and learning value.
Although structural analysis tools and uncertainty estima-

tion techniques have both advanced significantly in mate-
rials research, they remain largely siloed in practice. Crys-
tallographic descriptors provide physically grounded repre-
sentations but are seldom aligned with the data effectiveness
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Figure 1: Framework and training pipeline overview of the proposed FUSION dataset pruning method.

goals of neural network training. Conversely, uncertainty-
aware methods improve model calibration, yet rarely inform
decisions about which training data are worth keeping. Few
existing approaches combine these perspectives into a cohe-
sive pruning strategy. In this work, we bridge this divide by
jointly leveraging predictive uncertainty and structural simi-
larity to perform fine-grained, model-agnostic dataset prun-
ing, enabling more efficient and principled learning in mate-
rials informatics.

3 Method

3.1 Problem Formulation

We define an ω-redundant subset D̂ω → D as a subset whose
removal results in model generalization performance degra-
dation of at most ω:

L(ω̂→D̂ω
)↑ L(ω̂) ↓ ω (1)

where ω̂ and ω̂→D̂ω
are the optimal model parameters trained

on the full dataset D and the pruned dataset D \ D̂ω, respec-
tively, and L(·) denotes the expected loss over the true data
distribution. In practice, L(·) is estimated using validation
or test set performance.
The dataset pruning problem then becomes finding the

largest ω-redundant subset:

D̂max
ω = arg max

D̂ω↑D
|D̂ω| s.t. L(ω̂→D̂ω

)↑ L(ω̂) ↓ ω (2)

3.2 Uncertainty Estimation

Our approach uses uncertainty to quantify the influence of
each crystal structure on model generalization. The data-
based uncertainty Uale(xi) and the model-based uncertainty
Uepi(xi) are estimated using DER (Amini et al. 2020). For a
given crystal structure xi, the model outputs parameters of

a Normal-Inverse-Gamma (NIG) distribution, and the total
uncertainty is computed as:

U(xi) = sigmoid(↑Uale(xi) + εUepi(xi))

= sigmoid

(
↑ ϑi

ϖi ↑ 1
+ ε · ϑi

(ϖi ↑ 1)ϱi

)
(3)

where ϖi, ϑi, and ϱi are the NIG distribution parameters out-
put by the model for input structure xi. The sigmoid func-
tion ensures the uncertainty estimate is bounded in (0, 1),
enabling the estimated uncertainty to remain strictly positive
and providing numerical stability. Effective dataset prun-
ing requires distinguishing between aleatoric and epistemic
uncertainties rather than simply removing high-uncertainty
samples. The parameter ε in Equation 3 controls this distinc-
tion: when ε ↔ 0, the formulation emphasizes aleatoric un-
certainty to eliminate data noise, while larger ε values em-
phasize epistemic uncertainty to reduce model knowledge
gaps.

3.3 Geometric Feature-Based Weighting Factor

For each crystal structure, we compute a geometric feature
fingerprint F(xi) that captures both local atomic environ-
ments and global structural characteristics. This fingerprint
is derived using the SOAP descriptor (Bartók, Kondor, and
Csányi 2013), which provides rotationally and translation-
ally invariant representations of crystal structures.
The computation of F(xi) involves several key steps.

First, we identify equivalent atomic sites within the crys-
tal structure using space group symmetry analysis. For a
crystal structure, atoms that are related by symmetry oper-
ations occupy equivalent sites and contribute identically to
the material’s properties. We group atoms into equivalent
site classes {Si1, Si2, . . . , Siki}, where each class Sij con-
tains mij symmetrically equivalent atoms. Next, we com-
pute SOAP descriptors sij for each equivalent site group.
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The geometric feature fingerprint is then computed as a
weighted average over all equivalent site groups:

F(xi) =
1

Ni

ki∑

j=1

mijsij (4)

where Ni =
∑ki

j=1 mij is the total number of atoms in the
unit cell. Finally, we apply L2 normalization to the geomet-
ric fingerprint to ensure scale invariance.
Using the geometric feature fingerprints, we define the

Weighting Factor as:

W(xi) = exp

(
↑ς ·min

j ↓=i
d(xi,xj)

)
(5)

where d(xi,xj) = 1↑F(xi)TF(xj) is the cosine distance
between geometric fingerprints, and ς is a hyperparame-
ter controlling the influence of structural similarity. This
Weighting Factor increases for structures that are similar to
others in the dataset, penalizing redundant structural infor-
mation, while decreasing for structurally isolated examples
that may represent unique material classes.

3.4 Optimization-Based Dataset Pruning

We define the influence of a structure xi as:

I(xi) =
U(xi)

W(xi)
(6)

where U(xi) is the predictive uncertainty for structure xi

and W(xi) is the Weighting Factor that accounts for the
structure’s representativeness in the dataset.
Directly solving this optimization problem described in

Equation 2 is computationally intractable as it requires enu-
merating 2|D| possible subsets and retraining the model for
each subset evaluation. The key insight of our approach is
to replace the expensive retraining requirement with influ-
ence scores I(xi), enabling scalable approximation of the
original NP-hard problem. We formulate the dataset pruning
problem as a discrete optimization that maximizes the num-
ber of removed structures while constraining the collective
impact on model performance:

max
w

n∑

i=1

wi

s.t.
1

n

n∑

i=1

wiI(xi) ↓ ω

wi ↗ {0, 1}

(7)

where wi = 1 indicates that structure xi is selected for re-
moval, and wi = 0 indicates retention. The constraint en-
sures that the collective influence of removed structures re-
mains bounded by ω, limiting the performance degradation.
To solve this discrete optimization problem, we employ a
simulated annealing algorithm (Kirkpatrick, Gelatt Jr, and
Vecchi 1983).

3.5 Iterative Optimization for Optimal Training

Figure 1 presents the FUSION framework, which comprises
7 stages organized within an iterative optimization loop. The
process begins with Dataset Splitting, where data is parti-
tioned into training, validation, and test sets, with the test
set strictly held out. In the second stage, Surrogate Model
Training, a DER model is fitted to estimate predictive un-
certainty. Next, Geometric Feature Analysis extracts struc-
tural fingerprints using SOAP descriptors combined with
symmetry-aware aggregation. In the fourth stage, Influence
Scoring, uncertainty estimates are integrated with similarity-
based weighting to assess each sample’s contribution to gen-
eralization performance.
The final three stages, Discrete Optimization, Dataset

Pruning, and Model Training and Evaluation, form a closed-
loop system that iteratively explores pruning configurations
by adjusting the tolerance parameter ω. Through this cyclic
process, FUSION identifies the Optimal Pruning Point at
which targeted dataset pruning leads to peak model perfor-
mance. This enables comprehensive evaluation across mul-
tiple architectures and facilitates model selection tailored to
varying dataset compositions.

4 Experiments

4.1 Experimental Setup

We evaluate our approach on three materials property pre-
diction tasks from the well-established Matbench bench-
mark (Dunn et al. 2020): Dielectric, with 4,764 samples, for
predicting refractive index from crystal structure; JDFT2D,
with 636 samples, for predicting exfoliation energies of 2D
layered materials; and Perovskites, with 18,928 samples,
for predicting formation energies of perovskite structures.
These datasets cover diverse material systems and property
types, including optical, mechanical, and thermodynamic
properties, providing a representative benchmark for eval-
uating model generalization and robustness.
All experiments, except for the out-of-distribution (OOD)

test, use fixed dataset splits of 70% for training, 15% for
validation, and 15% for testing. To ensure fair comparison,
the test set remains identical across all pruning methods
and ratios in the same task, while training and validation
sets undergo different pruning strategies. Each configura-
tion is evaluated with five random seeds to enable statisti-
cal significance testing. We use ALIGNN (Choudhary and
DeCost 2021) combined with DER (Amini et al. 2020) as
our surrogate model for generating uncertainty. The pruned
datasets are then used to train and test ALIGNN. In the
cross-model experiments, we set ε = 0 to eliminate the im-
pact of model-based uncertainty Uepi(xi), and only retain
data-based uncertainty Uale(xi). Then we use the surrogate
model ALIGNN to prune the dataset for training all models
of different architectures. To prevent data leakage and ensure
a fair evaluation, the surrogate model was trained without
any access to the test set in all experiments.
We assess our pruning methods across 11 architec-

tures for materials property prediction. The models encom-
pass graph-based approaches, including CGCNN (Xie and
Grossman 2018), SchNet (Schütt et al. 2018), MEGNet
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Figure 2: In-distribution MAE comparison across pruning methods on three Matbench datasets. (Left) Dielectric (unitless);
(Middle) JDFT2D (meV/atom); (Right) Perovskites (eV). Lines show the mean MAE over five random seeds.

(Chen et al. 2019), ALIGNN (Choudhary and DeCost 2021),
and PotNet (Lin et al. 2023), as well as transformer-based
architectures such as DeeperGATGNN (Omee et al. 2022),
Matformer (Yan et al. 2022), eComFormer (Yan et al. 2024),
iComFormer (Yan et al. 2024), SODNet (Chen et al. 2024),
and CrystalFramer (Ito et al. 2025). This diversity ensures
the generalizability of our pruning methodology across dif-
ferent neural network architectures. To ensure fair compari-
son, identical test sets are used across all models.
We construct OOD splits using leave-one-cluster-out

cross-validation (Meredig et al. 2018). Materials are first
grouped into clusters via k-means clustering on SOAP de-
scriptors, then each cluster is iteratively held out as the test
set while training on the remaining clusters. We select clus-
ter partitions that yield the most challenging evaluation sce-
narios: 40 clusters for Dielectric and JDFT2D datasets, and 5
clusters for Perovskites. We report the averaged MAE across
the first 5 iterations in the following experimental sections.
We compare FUSION against five baseline methods.

Random Pruning serves as the fundamental baseline, im-
plementing purely stochastic structure selection without do-
main knowledge.Diversity Sampling utilizes Farthest Point
Sampling (FPS) (Eldar et al. 1997; Sener and Savarese 2017)
on SOAP descriptors to maintain structural diversity, priori-
tizing coverage of the materials space through geometric dis-
tance maximization. Active Learning implements Query-
by-Committee using an ensemble (Beluch et al. 2018) of
five ALIGNN models, selecting structures based on pre-
diction disagreement to identify the most informative ex-
amples. Finally, Weighting Factor isolates the structural
similarity component of FUSION by implementing pruning
based solely on geometric relationships, without incorporat-
ing uncertainty information, thereby enabling an indepen-
dent assessment of the contribution from structural analysis.
In contrast, Uncertainty Sampling serves as a complemen-
tary baseline that relies exclusively on uncertainty estimates.
It employs DER (Amini et al. 2020) to compute predictive
uncertainty and prunes data points with the lowest uncer-
tainty values using Equation 3.

4.2 Experimental Results

Performance on Benchmark Datasets As illustrated in
Figure 2, FUSION consistently achieves the lowest MAE
across all pruning ratios. The performance advantages be-
come increasingly pronounced at higher pruning ratios. For
the Dielectric dataset, FUSION demonstrates progressive
performance gains relative to the second-best method, Di-
versity Sampling, with improvements ranging from 1.0% at
the 20% pruning ratio to 5.5% at the 80% pruning ratio. The
JDFT2D dataset exhibits more substantial performance dif-
ferences, with FUSION achieving a remarkable 12.7%MAE
reduction compared to diversity sampling at 80% pruning.
Diversity Sampling consistently achieves competitive per-

formance across most scenarios, validating the importance
of maintaining structural coverage in the materials space.
However, its exclusive focus on geometric diversity without
consideration of prediction difficulty becomes apparent as a
limitation in challenging scenarios where complex structure-
property relationships require more nuanced data selection
strategies. Active Learning shows considerable instability,
particularly evident in the JDFT2D dataset, where the MAE
jumps to 131.210 at 80% pruning. This instability arises
from the ensemble disagreement metric’s sensitivity to in-
dividual model variations and training stochasticity, result-
ing in inconsistent assessments of sample importance. The
disagreement-based selection criterion, while theoretically
sound for identifying informative samples in traditional ac-
tive learning contexts, proves less reliable for dataset prun-
ing applications where the objective is to identify and re-
move redundant rather than informative samples.

Generalization Under Distribution Shift Out-of-
distribution (OOD) evaluation aims to simulate realistic
materials discovery scenarios where models must generalize
across different chemical spaces. The results in Table 1
reveal that FUSION maintains superior performance across
all configurations, though the relative advantages among
different methods show notable changes compared to the
in-distribution (ID) setting. We conducted paired t-tests over
5 runs for all ID and OOD experiments. While FUSION
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achieved statistically significant improvements over the
second-best baseline in the majority of cases with p < 0.05
in the OOD setting, these differences were generally weaker
than those observed in the ID setting, where p-values were
typically below 0.01. Notably, at a high pruning ratio of
80%, the ID results remained highly statistically significant,
with p-values below 0.001. This contrast highlights the
inherent difficulty of achieving strong generalization in the
OOD setting.
The OOD results reveal a convergence in performance

across methods compared to the ID scenario. For instance,
in the JDFT2D dataset at 80% pruning, the performance gap
between FUSION and the second-best baseline reduces from
9.752 MAE in the ID setting to only 0.185 MAE in the OOD
setting. This convergence pattern occurs consistently across
datasets and suggests that distribution shift introduces fun-
damental challenges that reduce the advantages of sophis-
ticated data selection strategies. The phenomenon indicates
that when models encounter novel chemical spaces, the ben-
efits of careful training dataset pruning become less pro-
nounced, as all methods struggle with the inherent difficulty
of extrapolating beyond their training distributions.

Dataset Method w/o pruning 20% 40% 60% 80%

Dielectric

Random Pruning

0.247

0.267 0.287 0.367 0.421
Diversity Sampling 0.268 0.269 0.302 0.368
Active Learning 0.265 0.274 0.301 0.522
Weighting Factor 0.266 0.268 0.303 0.373
Uncertainty Sampling 0.266 0.297 0.490 0.791
FUSION 0.264 0.265 0.274 0.319

JDFT2D

Random Pruning

34.115

54.646 61.806 67.028 96.598
Diversity Sampling 43.749 51.029 53.747 79.947
Active Learning 47.295 53.177 66.590 77.425
Weighting Factor 51.723 63.389 65.905 69.470
Uncertainty Sampling 42.190 45.116 50.044 72.903
FUSION 38.538 43.771 49.164 69.285

Perovskites

Random Pruning

0.077

0.086 0.098 0.200 0.223
Diversity Sampling 0.084 0.093 0.119 0.155
Active Learning 0.085 0.092 0.104 0.149
Weighting Factor 0.084 0.097 0.142 0.200
Uncertainty Sampling 0.113 0.148 0.197 0.293
FUSION 0.083 0.090 0.100 0.127

Table 1: MAE comparison in OOD test across different
datasets, pruning methods, and dataset pruning ratios. Best
results for each dataset-ratio combination are highlighted in
bold, and second-best results are underlined.

Ablation Study Uncertainty Sampling represents the iso-
lated use of the DER uncertainty prediction component
from FUSION. However, as illustrated by Table 1 and
Figure 2, Uncertainty Sampling exhibits significant perfor-
mance degradation at high pruning ratios in both ID and
OOD tests, most notably in the ID test of the Dielectric
dataset, where the MAE increases to 0.940 at 80% prun-
ing, representing a 161% deterioration compared to FU-
SION. This phenomenon exposes the inherent weakness of
relying solely on prediction uncertainty for dataset prun-

ing, as removing low-uncertainty samples can inadvertently
eliminate crucial structural information that supports model
training stability. The samples with low predictive uncer-
tainty often represent well-understood regions of the materi-
als space, and their removal can paradoxically reduce the
model’s ability to generalize to related but distinct struc-
tural configurations. The method’s reliance on model con-
fidence measures that are calibrated on the training distri-
bution is unreliable when applied to OOD samples. This
failure mode highlights a critical limitation of uncertainty-
based pruning strategies and validates FUSION’s incorpo-
ration of distribution-agnostic structural information as a
crucial robustness mechanism. The Weighting Factor base-
line achieves competitive performance at moderate pruning
ratios but experiences significant degradation at aggressive
pruning levels. While structural similarity provides valuable
guidance for identifying redundant crystal structures, it lacks
the predictive awareness necessary to distinguish between
geometrically similar structures that may exhibit vastly dif-
ferent learning contributions.

Cross-Model Consistency and Transferability We train
11 different models on datasets pruned by FUSION and
Random Pruning to evaluate the consistency and transfer-
ability of our pruning strategy across diverse neural net-
work architectures. Table 2 presents a comparison of perfor-
mance improvements achieved by FUSION relative to Ran-
dom Pruning, averaged across all 11 model architectures.

Dataset 20% 40% 60% 80% Average

Dielectric 1.66% 1.38% 1.37% 3.24% 1.91%
JDFT2D 3.27% 3.06% 4.97% 2.76% 3.52%
Perovskites 15.78% 15.98% 12.75% 10.08% 13.65%

Average 6.91% 6.81% 6.36% 5.36% 6.36%

Table 2: Detailed performance improvement analysis. Val-
ues represent the average improvement percentage across
all 11 models. Positive values indicate FUSION outperforms
Random Pruning.

The results demonstrate consistency in FUSION’s supe-
rior performance across diverse model architectures, with
average improvements ranging from 1.91% to 13.65% de-
pending on the dataset characteristics. The Perovskites
dataset exhibits the most substantial improvements, achiev-
ing an average enhancement of 13.65% across all pruning ra-
tios, which can be attributed to the dataset’s high redundancy
and the effectiveness of our approach in identifying redun-
dant crystal structures. The JDFT2D dataset shows mod-
erate but consistent improvements averaging 3.52%, while
the Dielectric dataset demonstrates smaller improvements
of 1.91%, suggesting that different material property predic-
tion tasks exhibit varying levels of dataset redundancy and
thus different potential for improvement through strategic
pruning. The performance advantages tend to be most pro-
nounced at moderate pruning ratios (20%-60%), with some
diminishment at aggressive 80% pruning.
The cross-model evaluation reveals a phenomenon where

relative model rankings exhibit sensitivity to the specific
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Figure 3: Analysis of optimal pruning ratio across models and datasets. We incrementally remove data in 0.5% steps to iden-
tify optimal pruning ratios. (Left) Optimal pruning ratios for each model-dataset pair. (Middle) MAE reduction percentages
achieved at optimal ratios relative to unpruned baselines. (Right) Distribution of optimal pruning ratios, with pruning ratios of
0 excluded from the analysis.

data subset used for training, demonstrating that optimal
model selection is inherently dependent on the dataset com-
position rather than representing universal hierarchies. This
ranking variability manifests clearly across our experiments:
when training on data pruned using FUSION, in the Di-
electric dataset, ALIGNN achieves superior performance at
pruning ratios of 20%, 40%, 60%, and 80%, while iCom-
Former demonstrates the best performance on the com-
plete unpruned dataset. Similar ranking shifts occur in the
JDFT2D dataset, where iComFormer dominates most prun-
ing scenarios except at 80% pruning, where PotNet takes
the lead. This phenomenon suggests that different mod-
els exhibit varying robustness characteristics when faced
with reduced training data, with some architectures main-
taining performance under data scarcity while others excel
only with abundant training examples. The observed rank-
ing volatility underscores a fundamental limitation of model
evaluation practices that rely on single dataset configura-
tions, highlighting the importance of data-aware model se-
lection strategies that consider the specific characteristics
and size of available training data.

Optimal Pruning Ratio Analysis The relationship be-
tween dataset size and model performance is not strictly
monotonic. As illustrated in Figure 3, the optimal pruning
ratios exhibit remarkable diversity across model architec-
tures and datasets, with a mean of 3.1% and a median of
3.0%, yet spanning a range from 0% to 8.5%. This dis-
tribution suggests the existence of distinct optimal prun-
ing points where strategic dataset pruning enhances model
performance, with notable examples including eComFormer
achieving 12.67%MAE reduction on the Perovskites dataset
at 2.0% pruning and SchNet demonstrating 11.33% im-
provement on JDFT2D at 1.5% pruning relative to the un-
pruned datasets. The marginal utility of additional train-
ing examples follows a diminishing returns pattern that
can become negative when low-quality or redundant struc-

tures dominate the dataset. The heterogeneity in optimal
pruning ratios across architectures reflects each model’s
distinct sensitivity to data quality versus quantity trade-
offs, where transformer-based models like eComFormer and
iComFormer demonstrate greater resilience to aggressive
pruning compared to traditional graph neural networks.
The existence of the optimal pruning points can be at-

tributed to the intrinsic noise and redundancy present in
large-scale materials databases, where similar crystal struc-
tures with minor variations may introduce conflicting learn-
ing signals that impede model convergence and general-
ization. FUSION can serve not merely as a dataset prun-
ing technique but as a data quality enhancement methodol-
ogy that transforms the fundamental relationship between
dataset pruning and model effectiveness in computational
materials science.

5 Conclusion

This paper proposes FUSION, a dataset pruning strategy
that addresses dataset redundancy in crystal property predic-
tion by strategically removing training samples with min-
imal impact on model performance. Our work simultane-
ously integrates model cognition via uncertainty quantifi-
cation with essential crystallographic structure information
through geometric fingerprinting. We systematically dis-
cover and quantify the optimal pruning points in materi-
als science, demonstrating that strategic dataset pruning can
enhance model performance. Additionally, we develop a
comprehensive end-to-end training pipeline that seamlessly
incorporates dataset pruning into existing materials prop-
erty prediction workflows. This paper establishes a new
paradigm for materials informatics that emphasizes intelli-
gent data curation over mere data accumulation and provides
a foundation for more efficient computational materials dis-
covery.
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representing chemical environments. Physical Review
B—Condensed Matter and Materials Physics, 87(18):
184115.
Behler, J.; and Parrinello, M. 2007. Generalized neural-
network representation of high-dimensional potential-
energy surfaces. Physical review letters, 98(14): 146401.
Beluch, W. H.; Genewein, T.; Nürnberger, A.; and Köhler,
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