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1. Introduction
Kohn–Sham DFT is a central tool for electronic

structure calculations, but its self-consistent field
(SCF) cycle makes large-scale and high-throughput
calculations costly [1, 2]. Machine learning methods
can either bypass DFT by predicting observables di-
rectly, or preserve DFT fidelity by predicting a high-
quality charge density initial guess that reduces SCF
iterations [3, 4, 5]. For plane-wave DFT this is particu-
larly natural, yet existing periodic density models of-
ten rely on expensive real-space grid evaluations that
can negate end-to-end speedups, and a gap exists for
fast periodicity-aware density predictors [6, 7, 8, 9].

2. Related work andmotivation
Machine-learned charge density prediction en-

ables spatially resolved electronic information and,
critically, acceleration of DFT by providing high-
quality initial guesses for the SCF cycle. This is in-
creasingly important as DFT remains a major con-
sumer of supercomputing resources and is the back-
bone of datasets that underpin both task-specific in-
teratomic potentials and emerging foundation mod-
els for materials discovery [10, 11, 12, 13]. Existing ap-
proaches largely follow two paradigms: orbital mod-
els, which expand densities in atom-centered bases
and struggle to efficiently capture non-local features
in solids [14, 15], and probe models, which predict
densities on dense real-space grids using graph neu-
ral networks, achieving strong accuracy and SCF re-
ductions but at prohibitive inference cost [8, 9]. While
reciprocal space is the natural representation for pe-
riodic systems, prior Fourier-domain components
for ML charge density modeling have provided lim-
ited practical benefit when used only as auxiliary cor-
rections [16]. We therefore introduce the Electronic
Tensor Reconstruction Algorithm with Fourier Inver-
sion (ELECTRAFI), which represents periodic charge
densities using floating Gaussians with closed-form
Fourier transforms, enabling analytic construction
of plane-wave coefficients via the Poisson summa-
tion formula and a single inverse FFT. ELECTRAFI
achieves state-of-the-art accuracywith sub-second in-
ference (up to 633× faster than prior grid-based mod-
els) and is the first density model to demonstrate con-
sistent end-to-end DFT wall-time reductions when
used for SCF initialization in materials.

3. Methods
We build on the mixture-of-Gaussians density

ansatz of Elsborg et al.[17],

𝜌 (r) =
𝑁N∑︁
𝑗=1

𝑤 ( 𝑗 ) N(r; 𝝁 ( 𝑗 ) , 𝚺( 𝑗 ) ), (1)

but reinterpret it for periodic systems. Rather than
treating 𝜌 as a physical real-space density, we use it
solely as an analytic generator of plane-wave coeffi-
cients. Periodicity is enforced via Poisson’s summa-
tion formula,∑︁

R∈Λ
𝜌 (r + R) = 1

Ω

∑︁
G∈Λ∗

𝜌 (G)𝑒𝑖G·r, (2)

which guarantees a smooth periodic density even un-
der reciprocal-space truncation.
The key enabling property is the self-reciprocity

of Gaussians under Fourier transformation,

F [N (r; 𝜇, Σ)] (G) = exp
(
− 1

2G
⊤ΣG

)
𝑒−𝑖G·𝜇, (3)

yielding closed-form plane-wave coefficients

𝜌 (G) =
𝑁N∑︁
𝑗=1

𝑤 ( 𝑗 ) exp
(
− 1

2G
⊤
𝚺
( 𝑗 )G

)
𝑒−𝑖G·𝝁

( 𝑗 )
. (4)

A single inverse FFT recovers the periodic real-space
density 𝜌 (r), eliminating explicit periodic image sum-
mation and dense grid probing required by probe-
based models [8, 9]. Electron count is enforced by a
global rescaling of {𝑤 ( 𝑗 ) } such that

∫
Ω
𝜌 (r) 𝑑r = 𝑁𝑒 .

Gaussian parameters (𝑤 ( 𝑗 ) , 𝝁 ( 𝑗 ) , 𝚺( 𝑗 ) ) are pre-
dicted locally by a modified transformer-based inter-
atomic potential [18]. Each atom 𝑎 contributes 𝑛𝑎 =

𝑀𝑣𝑎 Gaussians (with valence 𝑣𝑎), whose centers are
expressed as displacements from atomic positions,
𝝁 ( 𝑗 ) = R𝑎 ( 𝑗 ) + d( 𝑗 ) , and whose covariances are param-
eterized via a Gram factorization 𝚺

( 𝑗 ) = 𝛾 ( 𝑗 )A( 𝑗 )A( 𝑗 )⊤.
The backbone uses attention-based message passing
and dyadic reductions to predict scalar, vector, and
tensor channels, avoiding costly high-order SO(3) ten-
sor products while keeping complexity linear in the
number of edges. In contrast to direct prediction of
𝜌 (G) [16], ELECTRAFI predicts only local real-space
quantities and delegates all global coupling to ana-
lytic Fourier structure, aligning the model natively
with plane-wave DFT.
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Table 1: Charge density prediction on test sets of periodic benchmarks. A dash (—) indicates not reported.
Results reproduced from other work are indicated by superscript: a [9], b [16], c [15], d [19].

Dataset Metric ELECTRAFI ChargE3Net DeepDFT SCDP GPWNO InfGCN

MP-Full
NMAE [%] 0.58 0.54 0.80a — — —
𝑡inf [s] 0.24 78.73 — — — —
Speedup vs ChargE3Net 328× — — — — —

GNoME
NMAE [%] 0.93 0.69 — — — —
𝑡inf [s] 0.15 33.28 — — — —
Speedup vs ChargE3Net 222× — — — — —

ECD-HSE06
NMAE [%] 1.35 1.53d — — — —
𝑡inf [s] 0.05 31.65 — — — —
Speedup vs ChargE3Net 633× — — — — —

MP-Mixed NMAE [%] 1.24 — 11.50b — 4.83b 5.11b
𝑡inf [s] 0.24 — — — — —

Cubic NMAE [%] 1.37 — 10.37b 2.59c 7.69b 8.98b
𝑡inf [s] 0.08 — — — — —

Table 2: Results from DFT calculations using various initialization methods for the filtered and recomputed
non-magnetic subset of the test files fromMP and GNoME. All numbers for time and steps saved are reported
relative to the default SAD guess.

Dataset Metric SAD (Default) SC (Converged) ELECTRAFI ChargE3Net

MP

NMAE ↓ 0.55 % 0.50 %
ML Init Time ↓ 0.24 s 72.11 s
SCF Steps ↓ 16.80 8.73 13.33 12.09
DFT Time ↓ 266.34 s 161.98 s 219.57 s 208.26 s
Total Time ↓ 266.34 s 161.98 s 219.81 s 280.37 s
DFT Steps Saved ↑ 48.04 % 20.65 % 28.03 %
DFT Time Saved ↑ 39.18 % 17.56 % 21.81 %
Total Time Saved ↑ 39.18 % 17.47 % -5.27 %

GNoME

NMAE ↓ 0.88 % 0.59 %
ML Init Time ↓ 0.15 s 28.29 s
SCF Steps ↓ 13.49 6.88 10.11 9.50
DFT Time ↓ 119.98 s 77.91 s 95.06 s 92.67 s
Total Time ↓ 119.98 s 77.91 s 95.21 s 120.96 s
DFT Steps Saved ↑ 51.73 % 25.05 % 29.58 %
DFT Time Saved ↑ 39.75 % 20.77 % 22.76 %
Total Time Saved ↑ 39.75 % 20.64 % -0.82 %

4. Results
We train and evaluate ELECTRAFI on standard pe-

riodic charge density benchmarks using the normal-
ized mean absolute error (NMAE),

NMAE =

∫
|𝜌ref (r) − 𝜌pred (r) | d𝑉∫

𝜌ref (r) d𝑉
, (5)

and report accuracy together with average inference
time 𝑡inf .
Charge density prediction. Table 1 compares ELEC-
TRAFI against prior density models on periodic
benchmarks. ELECTRAFI matches or exceeds state-
of-the-art accuracy while reducing inference time
by two to three orders of magnitude. On MP-Full
andGNoME,ELECTRAFI achieves comparableNMAE
to the best prior model, ChargE3Net, with 200–300×
faster inference. On the hybrid HSE06 dataset, ECD-
HSE06, ELECTRAFI sets state-of-the-art accuracy
with a 633× speedup over ChargE3Net. On MP-Mixed
and Cubic, ELECTRAFI outperforms all prior models
and maintains sub-second inference.
End-to-end DFT acceleration. We assess practical
impact by initializing self-consistentDFT calculations

with ML-predicted charge densities and measuring
reductions in SCF steps and total wall-clock time. Ta-
ble 2 shows that while ELECTRAFI and ChargE3Net
both reduce SCF iterations, only ELECTRAFI yields
end-to-end wall-time savings once inference cost is
included. Despite slightly smaller SCF step reduc-
tions, ELECTRAFI’s near-instant inference results in
net compute time reductions of ∼ 17–21%, whereas
ChargE3Net incurs negative total speedups due to its
high inference cost. In Appendix A we show that
ELECTRAFI displays favorable scaling for both in-
ference time and DFT acceleration as system size
increases. Overall, ELECTRAFI advances the Pareto
front of accuracy versus efficiency for periodic charge
density modeling by aligning the density representa-
tion with the plane-wave formalism of periodic DFT
and delegating global structure to analytic Fourier
transforms. Currently, end-to-end DFT acceleration
benchmarks have yet tomature, but ELECTRAFI’s effi-
ciency is immediately useful for downstream settings
using charge density as a descriptor, such as molec-
ular dynamics [20] where densities are constructed
repeatedly, or in analyses of reactions and chemical
bonding based on electronic structure [21].
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Appendix A. Scalingandaccelerationplots versus
system size
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Fig. A1: Logarithmic scaling plots showing wall-clock
time versus system size for ELECTRAFI, DFT, and
ChargE3Net. Top: Materials Project (MP) test set.
Bottom: GNoME test set.
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Fig. A2: End-to-end (TOTAL, i.e., including model in-
ference time) vs DFT-only wall-time reduction as
a function of system size. Top: Materials Project
(MP) test set. Bottom: GNoME test set.
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