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Abstract

The electron localization function (ELF) provides a chemically interpretable representation
of bonding and interstitial electron localization, but generating volumetric ELF fields with
density functional theory (DFT) is computationally expensive for large candidate libraries.
We present ELFNet, a structure-to-field model that predicts DFT-derived ELF grids from
computationally inexpensive superposed atomic density (SAD) inputs for high-pressure
chemical-template screening. To train the model, we constructed a pressure-targeted
Perdew—Burke—Ernzerhof (PBE) ELF dataset containing 326,009 converged unary and
binary prototype structures spanning 89 elements and covering pressures from
approximately -50 to 500 GPa. ELFNet uses periodic full-grid convolutions and a
composite objective designed to recover sparse high-ELF features. We evaluated the model
on 50,000 metal-only templates derived from known high-pressure superhydride
prototypes. Predicted fields captured chemically meaningful differences in the spatial
topology of interstitial localization, while global maximum ELF values and maximum-
location errors provided complementary measures of agreement with DFT references. On
the reported hardware, the full inference-through-write workflow reduced summed per-
structure elapsed time by approximately 350-fold relative to fixed-geometry Vienna Ab
initio Simulation Package (VASP) ELF generation. These results establish SAD-to-ELF
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prediction as a low-cost front-end screening method for prioritizing candidate metal templates before downstream
first-principles validation.

INTRODUCTION

Electronic-structure calculations reveal bonding and localization patterns that energies alone do not capture.
The electron localization function (ELF) represents these patterns as chemically interpretable three-
dimensional maps. Introduced by Becke and Edgecombe, ELF is a dimensionless real-space descriptor of
electron localization based on the local behavior of same-spin electron pairs"!. ELF is now widely used to
identify chemically meaningful features such as bonding and lone-pair basins, atomic shell structure, and
interstitial electron localization in molecules and solids™*. For each spin component ¢, ELF may be written
schematically as

D (r)
D% (r)’

ELFs(r) = Xo(r) = M

1+Xo'(r)2’

where D, measures the excess local kinetic-energy density associated with Pauli repulsion and D’ is the

corresponding reference for a homogeneous electron gas of the same spin density. ELF values range from 0
to 1, with values close to 1 indicating strongly localized electron-pair regions, values near 0.5 corresponding
to behavior similar to a homogeneous electron gas, and values near 0 indicating suppressed localization. This
representation is particularly valuable when conventional bonding descriptions are incomplete because it
reveals localized regions that are not readily classified as two-center bonds, lone pairs, or formal valence
assignments.

High-pressure chemistry is one such regime because compression can alter orbital ordering, bonding,
reactivity, and the set of stable stoichiometries'*. Hydrogen-rich compounds are a prominent example. Since
Ashcroft’s proposal that hydrogen-dominant metallic alloys could host high-temperature
superconductivity', experimental and theoretical studies have identified hydrides with exceptionally high
superconducting transition temperatures, including sulfur hydrides and lanthanum hydrides at megabar
pressures®'". Recent work has broadened this landscape through calcium clathrate and superhydrides, alloy
superhydrides, and molecular hydrides that retain high transition temperatures or reduce stabilization
pressures!'??'). Dense hydrogen networks can provide the high phonon frequencies and strong
electron-phonon coupling required for such transition temperatures. Nevertheless, discovering new high-
pressure hydrides remains challenging because many metal frameworks, hydrogen arrangements,
compositions, and pressures must be evaluated before promising candidates can be identified.

The high-pressure hydride search space can be reduced through chemical template theory. In metal
superhydrides, stability is not governed exclusively by direct metal-hydrogen bonding. Chemical template
theory instead emphasizes the metal sublattice, which can host localized interstitial electronic states
described as quasi-atom orbitals. The associated ELF maxima coincide spatially with interstitial sites that are
subsequently occupied by hydrogen networks. Previous work has shown that these localization patterns can
template hydrogen-network assembly and rationalize structural trends across high-pressure hydride
families™. ELF therefore provides a descriptor of template strength and of the electronic topology that favors
hydrogen clathrates and related motifs. Related work has also shown that ELF-derived bonding-network
descriptors correlate with superconducting critical temperatures in hydrogen-based superconductors™.

Chemical template theory has recently been combined with machine learning for superhydride discovery.
Previous work integrated chemical-template features into an ML-guided screening workflow and reported
the batch discovery of complex metal superhydrides, including non-integer hydrogen-to-metal ratios, new
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structural prototypes, and large primitive cells®*. That study illustrates both the value and the computational
bottleneck of ELF-based screening. Crystal-structure searches conventionally generate and relax large
candidate pools”**, while recent machine-learning-guided, active-learning, and generative workflows can
accelerate candidate generation, relaxation, and triage before first-principles validation””". As candidate
cells grow, sometimes exceeding 50 atoms per primitive cell in non-stoichiometric superhydrides, direct
density functional theory (DFT) calculations with ELF output remain expensive, and searches over
thousands of hypothetical metal templates can devote substantial computational effort to generating ELFs for
structures that are ultimately rejected.

These costs motivate a structure-to-field surrogate for ELF. The objective is to predict the ELF grid directly
from structural information without performing a new electronic-structure calculation. In our workflow, the
crystal structure and atomic species are converted into a computationally inexpensive superposed atomic
density (SAD) grid, which ELFNet maps to the corresponding DFT-derived ELF grid. The model preserves
periodicity, represents compression through the lattice geometry, and recovers the sparse high-value ELF
maxima most relevant to template screening. Rather than replacing DFT, ELFNet supports a two-stage
workflow in which predicted ELF fields rank many candidate metal templates before full DFT calculations
are reserved for the most promising structures.

Recent machine-learning methods have predicted three-dimensional electron-density fields for molecules
and periodic materials from atomic geometry or inexpensive initial electronic information, including grid-
based and equivariant architectures that can accelerate or initialize electronic-structure calculations® .
More directly related to ELF screening, machine-learning-predicted maximum ELF values have been used to
discover ternary electrides from large hypothetical candidate libraries"””). ELFNet differs by targeting
complete periodic ELF fields across a broad, pressure-dependent 89-element dataset and evaluating them for
high-pressure metal-template screening.

This study makes two contributions toward that goal. First, we introduce a Perdew-Burke-Ernzerhof (PBE)
ELF dataset developed specifically for learning pressure-dependent localization fields. The dataset contains
unary and binary prototype structures with broad element coverage, including noble gases and f-block
elements that are often sparse or absent in general-purpose materials datasets. Although these elements may
appear chemically inert under ambient conditions, high pressure can activate noble-gas chemistry and
stabilize compounds with unusual stoichiometries and oxidation states”***!. Second, we present ELFNet, a
tull-grid residual three-dimensional convolutional network that maps SAD grids to ELF grids. The model
uses a FlatResNet3D backbone, periodic circular-padding convolutions, and a peak-aware loss. In a case
study involving 50,000 templates, the resulting workflow retained chemically meaningful localization features
while reducing summed per-structure elapsed time by approximately 350-fold on the reported hardware
relative to fixed-geometry VASP ELF generation.

MATERIALS AND METHODS

High-pressure ELF dataset

Design goals

The dataset was designed to learn the pressure-dependent mapping from structure-derived SAD fields to
DFT-derived ELF fields for compact high-pressure prototype cells. Recent general-purpose potential-energy-
surface resources, including MatPES, MP-ALOE, the Materials Project trajectory dataset introduced with
CHGNet, and OMat24, provide broad energy, force, and stress labels for training machine-learning

interatomic potentials™***. Universal and foundational interatomic-potential architectures trained across
broad chemical spaces include M3GNet, CHGNet, DPA-2, NequlP, Allegro, MACE, the MACE foundation
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model, and GRACE"**! In contrast, the dataset developed in this work was assembled around volumetric
ELF output. Energies, forces, and stresses were retained for quality control and possible future use, but the
learning task uses the SAD arrays as inputs and the ELF arrays as targets.

The dataset construction was guided by three requirements. First, the structures had to sample a broad range
of pressures rather than only equilibrium or near-equilibrium volumes. Second, the enumeration had to
include small prototype cells that could be systematically populated across many elements and element pairs.
Third, the coverage had to include elements that may be underrepresented in common materials datasets but
are chemically relevant under pressure, including noble gases and f-block elements.

Prototype families and element coverage

Unary structures were generated from six compact prototype families: simple cubic (SC, Pm3m), body-
centered cubic (BCC, Im3m), face-centered cubic (FCC, Fm3m), hexagonal close-packed (HCP, Ps,/mmc),
diamond cubic (DC, Fd3m), and a hexagonal family represented in the workflow by P6/mmm. Binary AB
structures were generated from seven prototype families: CsCl (Pm3m), HgS (P3,21), NaCl (Fm3m), NiAs
(Ps,/mmc), PbO (P4/nmm), zinc blende (ZB, F43m), and wurtzite (ZW, P6,mc). These compact families were

chosen to span common unary and binary coordination motifs while keeping the enumeration tractable.

The final high-pressure subset contains the following 89 elements: H through Bi, the lanthanides La-Lu, and
the actinides Ac, Th, Pa, U, Np, and Pu. The AB subset covers all 3,916 unordered canonical element pairs
overall, with nearly complete coverage within each binary prototype. This element coverage was chosen to
support exploratory high-pressure screening beyond the chemical space that is most common in ambient-
pressure materials datasets. Under compression, noble gases and rare-earth or actinide elements can
participate in unusual bonding, insertion, or charge-transfer behavior. For example, high pressure stabilizes
xenon oxides with mixed oxidation states and the helium-containing compound Na,He***. Figure 1

summarizes the resulting element coverage and frequency.
The full 89-element inventory is listed in Supplementary Table 1.

Pressure-targeted lattice expansion

To sample compression more systematically, we used the converged fixed-lattice prototype calculations to
construct a pressure-targeted lattice-multiplier grid. Within each structure/prototype/chemical-system
group, final DFT pressures from the original lattice-scale calculations were summarized by the median at
each scale and used to fit a monotonic non-increasing pressure-scale relation using isotonic regression®'l.
The fitted relation was then inverted to select additional lattice-scale multipliers within the usable 0-500 GPa
pressure interval. This procedure produced 164,133 converged pressure-targeted multiplier structures in the
final dataset; details of the fitting, interpolation, target-pressure selection, and multiplier accounting are
provided in Supplementary Note 1 and Supplementary Table 2.

DFT settings and final selection

All final structures were obtained from PBE calculations'®>**!. MatPES-compatible PBE input settings and
PAW potentials were used throughout* .. PBE was selected instead of r’'SCAN to maintain consistency with
the MatPES-compatible high-throughput workflow and to make broad pressure sampling computationally
tractable. Although r’SCAN can improve semilocal descriptions across diverse bonding environments””, the
objective was broad pressure coverage with ELF output rather than a high-fidelity equilibrium-energy
benchmark. Functional sensitivity was therefore evaluated empirically using the pressure-balanced
PBE-1’SCAN cross-check described below.
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Figure 1. Element coverage in the final high-pressure PBE ELF dataset. Each periodic-table tile reports the number of structures containing
that element; color encodes the same count on a logarithmic scale. The white color indicates zero coverage for that element. PBE:
Perdew—Burke—Ernzerhof; ELF: electron localization function.

In a pressure-balanced 96-structure cross-check (16 per pressure bin), changing the reference from PBE to
r’SCAN increased the median voxel mean absolute error (MAE) only from 0.09871 to 0.10493 and the
median maximum-location distance from 1.109 to 1.183 A. ELFNet-r’SCAN screening agreement was
92.71%, 78.13%, and 87.50% at ELF thresholds of 0.75, 0.80, and 0.90, respectively; PBE-r’'SCAN agreement
was at least 95.83% at every threshold. These results indicate that ELFNet retains useful screening
information across the change in functionality. Supplementary Table 3 provides additional summary error
metrics for this cross-check.

The final dataset contains 326,009 structures, including 7,423 unary and 318,586 binary structures. It is nearly
balanced between the fixed absolute-lattice and pressure-targeted multiplier generation routes. The achieved
pressures span -49.983 to 499.997 GPa, with a median of 83.26 GPa and a mean of 149.12 GPa. The median
force magnitude is zero because many one-site and two-site high-symmetry prototypes have symmetry-
cancelled forces; this does not imply zero stress or zero electronic response. Additional dataset statistics are
provided in Supplementary Table 4, and the distributions of cohesive energy, force magnitude, and achieved
pressure are summarized in Figure 2.

Negative achieved pressures arise only from expanded fixed-lattice configurations and represent DFT tensile-
stress states.

SAD representation and learning target

The model input is an SAD field. SAD provides a computationally inexpensive, structure-derived
representation of the crystal by summing tabulated neutral spherical atomic densities over all atoms in the
periodic unit cell®. Consider a periodic crystal represented as C= ({Z},_", {x,}_", L) where Z, is the atomic
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Figure 2. Distribution summary for the final high-pressure PBE ELF dataset. The panels report (A) cohesive energy per atom, (B) force
magnitude, and (C) achieved density-functional-theory pressure. PBE: Perdew—Burke—Ernzerhof; ELF: electron localization function.

number, x, € [0,1)° is the fractional coordinate, and L € R*™ is the lattice matrix. Grid operations are

performed with periodic boundary conditions, so distances are evaluated using minimum-image wrapping
across the unit-cell boundaries.

In continuous notation, the SAD field is

N

psan(r) = "z, pY (dper (r, Lxy)) @)
i=1

where p,° is a tabulated neutral density for element Z, g, is the configured valence scaling used in this work,

and d,, is the minimum-image periodic distance. In the inference implementation, each atom contributes to

the grid through radial interpolation of the neutral density table, with contributions truncated once the radial

density falls below a fixed threshold.

Pressure enters this representation implicitly through the lattice geometry. No pressure scalar is supplied to
the neural network. Instead, the same fractional coordinates evaluated in a compressed lattice produce
different real-space distances, different density overlaps, and different SAD values on the grid. This
distinction matters for high-pressure screening because a candidate template at 200 GPa and the same
idealized template at 0 GPa produce distinct inputs with different lattice geometries and SAD fields.

The supervised target is the DFT-derived ELF field on the same unit-cell grid. During training and inference,
SAD and ELF arrays are handled as paired full-grid tensors with identical shapes. During inference from a
starting structure, the model estimates the grid dimensions from the lattice, evaluates the tabulated neutral
densities on that periodic grid, and predicts the corresponding ELF tensor.

ELFNet architecture
Full-grid FlatResNet3D
ELFNet is a full-grid neural operator

f6’ :RIXDXHXW — [0’ 1]1><D><H><W

bl

~ 3
psaD — Y = fo(psap).

where y is the predicted ELF field. It processes the complete unit-cell SAD grid in one same-resolution

forward pass and returns one sigmoid-bounded ELF grid.

The production model uses one input SAD channel, one output ELF channel, a base width of 32, 16 same-
resolution flat residual blocks, a kernel size of five, and three-dimensional convolutional block attention
module (CBAM) after every four residual blocks. The stem applies a circularly padded 3 x 3 x 3 convolution,
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Figure 3. ELFNet architecture. A one-channel SAD grid is transformed at its native spatial resolution. The stem uses a periodic 3 X 3 X 3
convolution to produce 32 channels. Four stages, each containing four flat residual blocks followed by a three-dimensional CBAM, form
the 16-block body. A post-body periodic 5 X 5 X 5 convolution is combined with a long stem skip connection, and a1 % 1 X 1 head with
sigmoid activation produces the ELF grid. Each residual block uses GroupNorm, GELU activation, and SE. SAD: Superposed atomic density;
CBAM: convolutional block attention module; ELF: electron localization function; GELU: Gaussian error linear unit; SE: squeeze-excitation.

GroupNorm, and Gaussian error linear unit (GELU) activation. Each residual block contains two circularly
padded 5 x 5 x 5 convolutions with GroupNorm, GELU, and squeeze-excitation (SE). A CBAM module
follows blocks 4, 8, 12, and 16",

After the residual body, a further circularly padded 5 x 5 x 5 convolution and GroupNorm are combined
with a long skip connection from the stem, followed by GELU activation. A 1 x 1 x 1 convolution and
sigmoid activation then produce the one-channel ELF field. The bundled checkpoint contains 4,232,989
trainable parameters. This same-grid design preserves the image-to-image character of the SAD-to-ELF
mapping while avoiding the memory overhead of multi-resolution feature maps and patch reconstruction.
Figure 3 summarizes the implemented data flow.

Training data loading
The training loader yields complete unit-cell SAD/ELF pairs. Samples are bucketed by grid shape to avoid
unnecessary padding, so the production model trains on native full-grid arrays rather than extracted patches.

Training procedure

The 326,009 paired full-grid SAD/ELF samples were divided deterministically at the sample level into 309,709
training samples and 16,300 validation samples using a validation fraction of 0.05 and a random seed of 42.
The independent 50,000-structure hydride-derived template set was not used for training, validation,
checkpoint selection, or hyperparameter tuning.

The production model was trained for 80 epochs using the AdamW optimizer with a maximum learning rate
of 1 x 10, a weight decay of 1 x 10, and a OneCycleLR learning-rate schedule. The batch size was 16 per
distributed process, with two gradient-accumulation steps and gradient-norm clipping at 1.0. Training used



Page 8 of 17 Ellis et al. J. Mater. Inf. 2026, 6, 45

mixed bfloat16 precision on eight distributed ranks across two compute nodes, each equipped with four
NVIDIA A100 80 GB GPUs.

The full bfloat16 production run completed all epochs and optimizer steps with finite training and validation
losses, no NaN or Inf events, and finite model and optimizer tensors in the final checkpoint.

Why explicit symmetry is not enforced

ELFNet does not explicitly enforce point-group or space-group symmetry beyond the periodic boundary
conditions built into the convolutional layers. Recent equivariant atomistic and electronic-field models
demonstrate how rotational covariance can be incorporated directly into learned three-dimensional
representations™>*****! In principle, crystallographic symmetry could also be incorporated by averaging
predictions or intermediate feature fields over space-group operations written in Seitz form, g = {R|t}, where
Risarotation and ¢ is a fractional translation. For a grid-based convolutional neural network (CNN),
however, this would require resampling feature tensors under multiple symmetry operations and averaging
the transformed copies. This would increase memory use and wall time, especially for full-grid ELF learning
in high-symmetry cells.

This choice is consistent with the intended screening task. ELFNet is designed to identify candidate
templates before more expensive DFT calculations, not to replace final electronic-structure analysis. Circular
padding ensures that local neighborhoods wrap across unit-cell boundaries, preserving periodicity in the
learned representation. For template screening, the most important requirement is to recover the presence,
approximate magnitude, and spatial location of high-ELF maxima. A prediction with small symmetry-
breaking artifacts can still be useful if it identifies the same interstitial localization basins that would motivate
follow-up DFT calculations. Explicit symmetry averaging remains a useful future extension, but it is omitted
here to prioritize memory efficiency and full-grid throughput.

Across 117 Fm3m structures, symmetry averaging produced a raw-to-averaged field MAE of 0.01672 and
reduced the median DFT-referenced maximum-location error by 0.185 A. The 0.640 A single-voxel argmax
change reflects switching among near-degenerate maxima rather than physical displacement of an ELF
feature. Small field and peak-amplitude changes indicate that raw predictions are already close to their
symmetrized counterparts, but averaging is advisable when exact space-group consistency is required.
Results are reported in Supplementary Table 5.

Training objective

ELF prediction is a strongly imbalanced field-regression problem. Most voxels in a unit cell have small or
moderate ELF values, while a small fraction of localized basins or interstitial maxima carries much of the
chemical information needed for template screening. A uniform voxel-reconstruction objective can therefore
produce smooth fields with low average error while suppressing rare high-ELF features.

ELFNet uses a composite objective designed to balance global reconstruction quality with recovery of
chemically relevant maxima. The voxel term, £

Vi

o isan L1 reconstruction loss between the predicted and

reference ELF values. The gradient term, £__,, compares periodic finite differences along the three grid axes

grad®
using an L1 loss, which helps preserve sharp features and reduce displaced basins. The distribution term, £,
compares sorted predicted and reference ELF values using an L1 loss. The adaptive peak term, £,
compares soft peak-location distributions, matches ELF values at the strongest target voxels, and penalizes

spurious high predicted peaks.

The four components are combined with learned Kendall-style uncertainty weights'®..
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For k € {vox, grad, cdf, peak}, the model learns a scalar log-variance parameter , and minimizes

L= > [exp (k) Li + ] - @

ke{vox,grad,cdf,peak}

This objective is aligned with the template-screening metrics because it targets both the value and real-space
location of high-ELF features. Training-loss curves for the production checkpoint are shown in
Supplementary Figure 1.

RESULTS AND DISCUSSION

A plain 3D U-Net trained on the same split and compute budget contained 4.94% more parameters than
ELFNet. Under the same non-peak objective, it achieved a 71.840% joint pass rate, whereas the FlatResNet3D
backbone achieved 76.432% with lower median maximum-value, maximum-location, and voxel errors. The
complete ELFNet model yielded the strongest peak-sensitive performance. Results are reported in
Supplementary Table 6.

In otherwise matched ablations, the full composite loss increased the joint pass rate by 15.99 percentage
points and reduced the median maximum-location error by 0.270 A relative to the voxel plus gradient plus
CDF objective. Individual voxel and gradient objectives could favor their corresponding fieldwise metrics but
did not reproduce peak-sensitive acceptance. Removing CBAM degraded all primary metrics, and replacing
circular padding with zero padding produced the largest architecture-related degradation. Results are
reported in Supplementary Tables 6 and 7.

Qualitative template classification from predicted ELF fields

We first evaluated whether ELFNet preserves the spatial interstitial-localization patterns required for
chemical-template screening before applying scalar metrics. Figure 4 compares predicted and DFT reference
ELF fields for two representative templates. Although the reported global maximum for AuGa is numerically
larger, that maximum does not form a pronounced basin in an open interstitial region and the field is instead
fragmented or concentrated near atomic regions. Ca exhibits a clear ELF basin within an open interstitial
region. The relevant screening signal is therefore the location and spatial topology of localization, not the
scalar global maximum alone. Templates lacking a pronounced open-interstitial basin can be deprioritized,
while those exhibiting such a basin can be retained for explicit hydrogen insertion and first-principles

[22,24]

validation

Hydride-derived template-screening case study

The screened structures were metal-only sublattices derived from known high-pressure superhydride
prototypes. Construction began with parent hydride scaffolds. Hydrogen atoms were removed while the
metal-site geometry was retained, and the metal sites were reassigned to mono-element or balanced binary
element combinations. This procedure implements a chemical-template screening strategy in which the
metal sublattice is evaluated for interstitial localization features that could template hydrogen networks
before explicit hydrogen insertion.

Figure 5 summarizes 50,000 evaluated structures spanning 50 parent hydride formulas, 28 space groups, and
pressure labels from 50 to 300 GPa. The 200 GPa parent-pressure bin contributes the largest number of
structures. Additional information for this evaluation set is provided in Supplementary Table 8.

The mapping between the 50 parent hydride formulas and 55 prototype labels is listed in Supplementary
Table 9.
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Figure 4. Predicted and DFT reference ELF fields for representative AuGa and Ca templates. Isosurfaces are rendered at ELF = 0.70 for
AuGa and ELF = 0.55 for Ca. Surface color represents ELF values on the row-specific scales shown at right. Au, Ga, and Ca atoms are
shown in gold, green, and blue, respectively. Although AuGa has the larger scalar global maximum, it does not form a pronounced basin in
an open interstitial region; Ca exhibits a clear open-interstitial ELF basin. The dashed leaders identify the global ELF maxima and report
their values. DFT: Density functional theory; ELF: electron localization function.
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Figure 5. Maximum-value and maximum-location performance over the 50,000-structure hydride-derived template set. Left: parity plot
comparing predicted and DFT reference global ELF maxima; the dashed line indicates perfect agreement. Right: absolute error in the
maximum ELF value versus the real-space distance between predicted and DFT maximum locations. Both panels use logarithmic color
density to indicate the number of structures in each bin. DFT: Density functional theory; ELF: electron localization function.

Maximum-value and maximum-location performance

For each template, the DFT and ELFNet ELF grids were reduced to two screening metrics: the value of the
global ELF maximum and the real-space distance between the predicted and DFT maximum locations. The
maximum-value metric tests whether ELFNet recovers the amplitude of the strongest localization feature.
The maximum-location metric tests whether that feature appears in the same region of the unit cell as the
DFT reference. These metrics are complementary because a prediction can closely match the maximum ELF
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value while placing it in a different local basin, or it can place the maximum near the DFT reference location
while under- or overestimating its value.

Figure 5 summarizes the template screening evaluation. The left panel compares the predicted and reference
global ELF maxima, and the right panel compares maximum-value absolute error with maximum-location
distance. The high density of structures with small value errors and small location distances shows that many
templates are suitable for first-stage ranking, while the broader tails identify lower-confidence cases that
should be prioritized for direct DFT validation if they appear chemically promising.

Across the 50,000-template set, the median absolute error in the global ELF maximum was 0.0268, and the
median maximum-location distance was 0.895 A. The corresponding 95th-percentile values were 0.1577 and
2.845 A, respectively. At the thresholds shown in Figure 5, 93.57% of structures had both a maximum-value
error no greater than 0.20 and a maximume-location distance no greater than 3 A. These results show that the
selected set is concentrated in the low-error region relevant to first-stage screening, while the remaining tail
identifies lower-confidence cases for direct DFT validation. Large location errors should not necessarily be
interpreted as complete field failures because the global maximum can shift between nearly equivalent
localization basins. Additional percentile statistics and screening-threshold region counts are provided in
Supplementary Table 10.

Pressure-stratified medians remained within the screening thresholds in every bin, with maximum-value
errors no greater than 0.0361 and maximume-location distances no greater than 1.296 A. The 160 GPa bin had
the largest median location distance and the 300 GPa bin the largest median maximum-value error, but both
remained within threshold; the aggregate result is therefore not solely a 200 GPa effect. Results are reported
in Supplementary Table 11.

Among the 3,214 threshold failures, 1,515 exceeded only the maximum-value threshold, and 1,699 exceeded
only the maximum-location threshold. No structure exceeded both thresholds. Pressure-stratified failure
rates ranged from 2.36% at 100 GPa to 13.56% at 160 GPa. Failure rates also rose with structural and spatial
complexity: from approximately 4% for one- or two-metal-site structures to 13.17% for eight-site structures
and 26.57% for twelve-site structures, and from 3%-5% in the two smallest grid-volume quartiles to 9%-10%
in the two largest. This pattern is consistent with increasing peak-location ambiguity. Element enrichments
were confounded by pressure, scaffold, space group, and co-occurring elements and should not be
interpreted as causal. Supplementary Tables 10 and 11 provide additional threshold-region counts and
pressure-stratified summaries.

Cost of DFT ELF generation and model inference

To test whether ELFNet provides a practical timing advantage for screening, we compared fixed-geometry
DFT ELF generation and ELFNet prediction for the same 50,000-structure evaluation set. For VASP, the final
Total CPU time used (sec) and Elapsed time (sec) fields were parsed from each OUTCAR. The VASP
calculations excluded ionic relaxation. Each calculation used eight MPI ranks, with up to six calculations
running concurrently within a 48-task allocation on Intel Xeon Gold 6342 CPU nodes.

The ELFNet benchmark measured per-structure elapsed time from reading the benchmark input/reference
ELFCAR through SAD construction, model inference, and writing the predicted ELFCAR. The input read
supplied structure and grid metadata for the benchmark; a deployment workflow can instead begin from a
structure file. Inference used one node containing four NVIDIA A100-SXM4-80GB GPUs and 32 CPU
cores, with the evaluation set divided among four single-GPU processes. Because both workflows used
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concurrent execution, the reported totals are sums of per-structure timer values rather than the elapsed wall
time of either complete campaign.

Summed over the evaluation set, the VASP Total CPU time used fields were 922.6 h and the VASP Elapsed
time fields were 935.3 h. The 922.6 h quantity is a sum of VASP timer fields and is not scheduler-accounted
core-hours. The full ELFNet inference-through-write pipeline required 2.67 h of summed per-structure
elapsed time. Using elapsed time consistently, the mean per-structure values were 67.34 s for VASP ELF
generation and 0.192 s for the complete ELFNet pipeline. Their ratio corresponds to an approximately 350-
fold reduction in summed per-structure elapsed time on the specified CPU and GPU systems. This is a
hardware-specific timing ratio rather than a hardware-normalized compute-efficiency metric or a measured
full-campaign wall-clock speedup.

The model forward pass accounted for 18.5 min of aggregate processing time; much of the end-to-end
pipeline time arose from input/output and preprocessing. In a production screening workflow, maxima
could be evaluated directly from predicted tensors, with full ELFCAR files written only for selected
candidates. Additional timing definitions and values are provided in Supplementary Table 12.

Discussion, limitations, and outlook

This work frames ELF generation as a structure-to-field learning problem for high-pressure chemical-
template screening. In the chemical-template picture, interstitial ELF basins in the metal sublattice indicate
where the lattice may support the formation of dense hydrogen networks. The results show that a periodic
full-grid residual network can learn a useful SAD-to-ELF mapping and apply it to large template libraries.
This shifts ELF analysis from a post-processing step after DFT toward a front-end screen for prioritizing
candidate metal templates.

The dataset design helps explain this screening behavior. It was built for volumetric ELF learning, not only
for energy and force prediction. Its pressure-targeted structures expose the model to changes in localization
fields under compression, making the dataset more relevant than one limited to equilibrium or near-
equilibrium cells. The broad element coverage also supports exploratory searches beyond conventional
ambient-pressure chemistry, including elements such as noble gases, lanthanides, and actinides, whose
bonding behavior can change substantially under compression.

The hydride-derived template-screening case study tests the intended use of the model directly. By applying
ELFNet to metal-only sublattices derived from known superhydride prototypes, the workflow evaluates
whether a candidate metal framework produces interstitial localization features before explicit hydrogen
insertion. The qualitative AuGa and Ca examples show that the predicted fields can distinguish whether
localization forms a pronounced basin in an open interstitial region. The maximum-value and maximum-
location metrics provide complementary checks, but the scalar maximum alone does not determine template
character.

This evaluation is aligned with the composite training objective, which combines full-field reconstruction
with explicit sensitivity to sparse high-ELF basins through the adaptive peak term. Cases with large value or
location errors should therefore be treated as lower-confidence candidates and prioritized for direct DFT
validation if they remain chemically promising.

Several methodological choices should be interpreted in the context of this screening goal. The reference
ELFs were generated with PBE, so the predicted fields represent a consistent PBE-level ELF topology rather
than a functional-independent electronic descriptor. The 96-structure r’'SCAN cross-check showed only
modest changes in error and retained useful screening agreement across the change in functional. Templates
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near screening thresholds should nevertheless receive direct higher-level validation. In addition, ELFNet
enforces periodicity through circular padding but does not explicitly enforce crystallographic point-group or
space-group symmetry. For a front-end screening model, this is acceptable because the central requirement
is to recover the presence, approximate magnitude, and location of high-ELF basins that motivate follow-up
DFT calculations.

Other limitations are related to the scope of the training data and the target property. The model was trained
on compact unary and binary high-pressure prototypes, while the screening case study applies it to hydride-
derived metal scaffolds with larger and more varied metal sublattices. Further validation on complete
hydrides and larger multicomponent systems is therefore needed. ELFNet also predicts only the ELF field. It
does not determine thermodynamic stability, dynamical stability, metallicity, electron-phonon coupling, or
superconducting critical temperature, so promising templates still require downstream first-principles
validation.

ELFNet is intended as a first-stage electronic screening tool rather than a substitute for stability or
superconductivity calculations. It ranks hydrogen-free metal templates by their predicted interstitial
localization. For selected templates, candidate hydrogen arrangements can then be generated through
targeted or active-learning-accelerated crystal-structure searches, generative crystal models, or conditional
structure-inpainting methods***>*"**). The resulting complete hydrides require structural relaxation and
evaluation of thermodynamic stability, dynamical stability, electronic structure, electron-phonon coupling,
and superconducting critical temperature.

The timing comparison supports the practical value of ELFNet as a screening step. On the reported
hardware, the complete workflow reduced summed per-structure elapsed time by approximately 350-fold
relative to fixed-geometry VASP ELF generation while including benchmark-input reading, SAD
construction, model inference, and predicted ELFCAR writing. This ratio is hardware-specific; the elapsed
time of a complete screening campaign also depends on concurrency, load balancing, storage performance,
and scheduler conditions. In a production workflow, ranking metrics could be evaluated directly from
predicted tensors, with full ELFCAR files saved only for selected structures.

Future work should focus on improving candidate ranking and identifying cases outside the training
domain. Uncertainty-aware screening and active learning could prioritize structures whose predicted ELF
fields are most likely to require additional DFT data®*. Optional symmetry averaging at inference time
could reduce small symmetry-breaking artifacts when higher-fidelity fields are needed. Joint prediction of
related electronic descriptors, such as charge density, could also provide a broader picture of the electronic
structure used in high-pressure template screening. Future extensions could pair ELFNet with recent
equivariant and grid-based electron-density models to combine ELF-based localization screening with
complementary charge-density information**°.

CONCLUSIONS

We developed ELFNet, a structure-to-field framework for predicting DFT-derived ELF fields from
computationally inexpensive SAD inputs. The work combines a pressure-targeted PBE ELF dataset
containing 326,009 converged unary and binary prototype structures across 89 elements with a periodic full-
grid residual network trained with a composite objective to recover high-ELF localization features relevant to
chemical-template screening under pressure.

The hydride-derived template-screening case study demonstrates the practical value of this approach.
Applied to 50,000 metal-only templates derived from known high-pressure superhydride prototypes, ELFNet
retained chemically meaningful differences in the spatial topology of interstitial localization, including
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whether a pronounced basin forms in an open interstitial region. Performance was evaluated using global
maximum ELF values and maximum-location errors against DFT reference ELFs. On the reported hardware,
the full inference-through-write workflow reduced summed per-structure elapsed time by approximately
350-fold relative to fixed-geometry VASP ELF generation. These results establish ELF-based chemical-
template analysis as a low-cost front-end screening method for prioritizing candidate metal templates before
downstream first-principles validation.
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