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ABSTRACT

Determining three-dimensional (3D) atomic positions and chemical identities is essential for understanding defects, strain, and

chemical order in materials. Atomic electron tomography provides this capability, but limited specimen tilting leaves a missing

wedge of information that degrades depth resolution and atomic localization. We introduce RESIRE-Net, a self-supervised

learning framework that combines a 3D U-Net with real-space iterative reconstruction (RESIRE). Using only the input dataset,

RESIRE-Net generates training pairs from rotated volumes, tilt geometry, and the RESIRE reconstruction process, requiring

neither full-angle ground truth nor external training data. In multislice-simulated metallic-glass and medium-entropy-alloy

nanoparticles, RESIRE-Net improves the 3D positional precision from 21 to 14 pm and from 24 to 15 pm, respectively,

while enhancing atom recovery and elemental classification. Applied to an experimental medium-entropy-alloy nanoparticle,

RESIRE-Net sharpens atomic peaks along the missing-wedge direction while preserving twin boundaries and chemical

short-range order. These results demonstrate that dataset-specific self-supervision can improve the reliability of 3D atomic

structure determination.

Introduction

Three-dimensional atomic arrangements govern materials properties through local coordination, chemical order, strain, interfaces
and defects. Electron tomography reconstructs 3D volumes from projections at different orientations, and atomic electron
tomography (AET) extends this to the single-atom level by combining advanced electron microscopy with computational
reconstruction1–5. Because AET requires neither crystallinity nor averaging over nominally identical structures, it can
directly resolve individual non-periodic materials, revealing dislocations and other defects6, short- and medium-range order
in amorphous solids7, 8, local chemical order and lattice distortion in medium- and high-entropy alloys9, catalytically active
sites in alloy nanoparticles10, and crystal nucleation and growth11, 12. These advances exemplify computational microscopy,
where algorithms are integral to image formation and quantitative interpretation1. Reliable AET therefore depends on the entire
workflow, from projection denoising and alignment to reconstruction, atom tracing, elemental classification and coordinate
refinement2.

Tomographic reconstruction estimates a 3D object from a finite set of noisy projections. Filtered back projection is efficient
when projections densely sample a nearly complete angular range13, but AET generally requires iterative reconstruction
because tilt series contain relatively few projections over a restricted range. The oversampling principle led to equally sloped
tomography14, 15, generalized Fourier iterative reconstruction (GENFIRE)16 and real-space iterative reconstruction (RESIRE)17.
RESIRE minimizes the least-squares discrepancy between measured and calculated projections. Forward projections are
computed using either the Fourier slice theorem with reciprocal-space oversampling or the Radon transform with subvoxel
sampling, while back-projection drives iterative volume updates and refines the tilt geometry by minimizing the projection
residual13. In numerical and experimental benchmarks under limited-angle conditions, RESIRE produced more accurate
reconstructions and fewer missing-wedge artifacts than FBP, SIRT and GENFIRE16.

Restricted angular coverage remains a fundamental limitation of ET and AET. Mechanical clearance, specimen geometry,
increased effective thickness at high tilt, drift and dose constraints typically limit acquisition to approximately ±(60◦–75◦).
According to the Fourier slice theorem, each projection samples a plane in 3D reciprocal space13, so missing angles leave a
continuous wedge-shaped region unsampled. This missing wedge differs from sparse angular sampling and makes the inverse
problem ill-conditioned, producing anisotropic resolution, elongation and streaking along the least-sampled direction. At atomic
resolution, these artifacts can corrupt atomic coordinates, elemental classification, defect identification and strain measurements.



Figure 1. RESIRE-Net concept and network architecture. a. The missing-wedge effect in limited-angle electron tomography
is modeled by an operator Tθ that maps a ground-truth object O∗ to its RESIRE reconstruction O. b. RESIRE-Net employs a
3D U-Net with multiscale feature-extraction pathways, residual blocks, and skip connections. The network is designed to learn
an approximation to the inverse operator T−1

θ
, enabling recovery of information degraded by the missing wedge and improving

reconstruction quality.

Support and positivity constraints, total variation, compressed sensing and related regularizers can stabilize reconstruction18–20,
but their performance depends on the validity and weighting of imposed priors, which may smooth or bias genuine features.
The unmeasured Fourier components therefore remain underdetermined by the projections alone.

Deep learning offers a complementary route by learning structural priors that are difficult to express analytically21.
Supervised approaches have been applied to sinogram completion, artifact suppression and AET reconstruction22–24, but their
accuracy depends on training data that closely reproduce the specimen morphology, tilt geometry, noise statistics, scattering
conditions and resolution. Mismatch between training and test conditions can therefore produce substantial domain shift when a
network is transferred to a different material or acquisition setting. Self-supervised methods reduce this dependence by learning
directly from the experimental data. Equivariant imaging exploits known object transformations without paired ground truth25;
IsoNet rotates subvolumes, adds a binary missing-wedge mask in Fourier space and iteratively trains a CNN on the resulting
pairs26; UsiNet performs unsupervised sinogram inpainting using ensembles of experimental nanoparticle projections without
full-angle ground truth27; and DeepDeWedge trains directly on 2D projections with a self-supervised objective for simultaneous
denoising and missing-wedge reconstruction28. Model-based methods have also combined neural network priors with iterative
physics-based solvers29–31. These studies highlight the importance of structural priors, imaging physics and projection fidelity,
and motivate a complementary strategy that combines dataset-specific self-supervision with the experimental tilt geometry and
the RESIRE reconstruction operator, without requiring an external training corpus.

Here we introduce RESIRE-Net, an operator-aware self-supervised framework for limited-angle electron tomography.
Starting from a RESIRE reconstruction, the method rotates the 3D volume into multiple orientations, simulates projections at
the experimental tilt angles and reconstructs each synthetic tilt series with RESIRE. These pairs train a 3D U-Net to map an
additionally degraded reconstruction to its corresponding less-degraded target, and the network output is then used to regenerate
the training pairs in an iterative refinement loop. The degradation operator therefore incorporates both the experimental angular
sampling and the RESIRE reconstruction process. RESIRE-Net requires neither full-angle ground truth nor an external training
set, and is formulated as a learned regularized estimator. For multislice-simulated nanoparticles, RESIRE-Net reduces the 3D
atomic-position RMSD from 21 to 14 pm in a metallic glass and from 24 to 15 pm in a medium-entropy alloy, while improving
atom recovery and elemental classification. Applied to an experimental medium-entropy-alloy nanoparticle, it sharpens atomic
peaks along the missing-wedge direction while preserving the principal twin-boundary and chemical short-range-order features.
These results demonstrate the potential of experiment-specific self-supervision for more reliable 3D atomic models of defects,
strain and chemical order in materials.

Methods

Formulation

The goal of tomography is to reconstruct a three-dimensional image from a set of measured projections acquired at different tilt
angles. A standard formulation is the least-squares problem

min
O

ε(O) =
1
2 ∑

θ

∥Πθ (O)−bθ∥
2
F (1)

where {bθ}θ and {θ}θ denote the projections and their corresponding tilt angles. Πθ is a linear projection operator with
respect to the tilt angle θ . For simplicity, a single tilt axis is shown, though the formulation extends naturally to multiple axes
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Figure 2. RESIRE-Net framework includes three stages: Stage 1: A RESIRE reconstruction O is rotated according to the
symmetry group S4. Projections of each rotated volume are generated using the same tilt angles, and RESIRE is applied to
obtain corresponding rotated reconstructions. Stage 2: Each rotated object Oi and its RESIRE reconstruction Tθ (Oi) form a
training pair for the U-Net. Stage 3: The trained network is applied to the original RESIRE reconstruction to produce a refined
object, which is then fed back into Stage 1. This iterative process is repeated for 20-40 rounds.

using Euler angles. The l2 metric is widely used due to its simplicity and its connection to classical reconstruction algorithms
such as ART, IRT, and SIRT13.

Let O∗ and O denote the ground-truth object and the corresponding least-squares solution, respectively. With sufficient
angular sampling, the Nyquist-Shannon theorem guarantees uniqueness, and noise-free simulations yield O = O∗. In electron
tomography, however, the tilt range is typically limited to [−60◦,60◦], making the inverse problem ill-posed. As a result,
iterative reconstruction algorithms often converge to solutions that suffer from severe missing-wedge artifacts. Regularization
methods, such as Tikhonov32, lp norms, or total variation33, 34, can incorporate prior information, but they require manual
parameter tuning and cannot fully recover missing information.

To formalize the effect of incomplete sampling, we define an operator Tθ ,RESIRE that maps a ground truth object O∗ to its
RESIRE reconstruction O obtained from a limited tilt series. Because RESIRE recovers substantially more missing-wedge
information than classical methods17, 35, it provides a strong foundation for further enhancement using neural networks.
Throughout this work, RESIRE is used as the conventional reconstruction operator. For simplicity, we denote Tθ ,RESIRE by Tθ

in the remainder of the paper. A visualization of Tθ is shown in Fig. 1a.
The missing-wedge problem naturally leads to an inverse formulation, where the objective is to approximate T−1

θ
, or

equivalently recover O∗ from Tθ (O
∗). Since classical methods cannot reliably solve this inverse problem, we adopt a learning-

based approach. Specifically, we introduce a neural network fϑ , parameterized by ϑ , designed to map Tθ (O
∗) back to O∗. The

training objective is defined as follows:

min
ϑ

L (ϑ) = L
(

fϑ

(

Tθ (O
∗)
)

,O∗
)

(2)

where common error metrics such as l1, l2, total variation, and perceptual loss can be used as the loss function L. To improve
generalization, we incorporate measurement consistency by requiring that the projections of fϑ

(

Tθ (O) match those of O25.

This yields an l2 regularization term ε

⃦

⃦

⃦
Πθ

(

fϑ

(

Tθ (O
∗)
)

)

−Πθ

(

O∗
)

⃦

⃦

⃦

2
.

Algorithm

Based on the formulation above, RESIRE-Net employs an iterative three-stage workflow consisting of (1) training-data
generation, (2) network training, and (3) inference (object updating). These stages are iteratively repeated, progressively
improving both the training dataset and the reconstruction quality. The details of each stage are described below.
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Stage 1: Training-data generation

Supervised learning requires paired training data consisting of corrupted inputs and corresponding ground-truth outputs. In
AET, however, reliable ground truth is generally unavailable because of the limited tilt range, missing-wedge effects, and
experimental uncertainties. Although simulated datasets could provide training targets, they must accurately reproduce the
experimental tilt geometry, noise characteristics, defocus conditions, and high-frequency image content. Such requirements
make conventional supervised learning impractical for most AET applications and motivate the use of a self-supervised strategy.

To overcome this limitation, we generate training data through augmentation based on rotational symmetries. A reconstructed
volume O is rotated by 90◦ about the X, Y, or Z axis, or by combinations of these operations, exploiting the cube symmetry
group (isomorphic to S4

25, 26, 28). This procedure produces 24 rotated variants Oi, from which transformed volumes Tθ (Oi)
are calculated to form training pairs (Oi,Tθ (Oi)). Four rotations are excluded because they preserve the same missing-wedge
orientation as the original object. By exposing the network to multiple orientations of the same structure, the training set
captures a broader range of artifact configurations.

The augmentation strategy can be extended further by introducing additional 45◦ Euler rotations about the x and y-axes.
These operations increase the number of available training samples from 20 to 92 and provide a greater diversity of missing-
wedge orientations. A larger and more diverse training set may improve robustness, particularly when the reconstructed volume
contains anisotropic structural features. However, the expanded scheme also increases computational cost and training time.
For simplicity and efficiency, we adopt the standard 20-rotation scheme throughout this work. Nevertheless, the 45◦ Euler
rotation option remains available in our implementation and can be readily applied by users in their own experiments when
additional augmentation is desired.

While O = Tθ (O
∗) is corrupted by the missing wedge in a single direction, the transformed volume Tθ (Oi) contains

an additional missing-wedge artifact oriented differently from that in O. The network is therefore trained to map a twice-
corrupted volume, Tθ (Oi), back to the corresponding once-corrupted volume, Oi. Through this process, the model learns to
identify and compensate for wedge-related distortions without requiring ground-truth reconstructions. This self-supervised
learning framework forms the basis of RESIRE-Net for missing-wedge recovery. For non-isolated objects, such as specimens
containing high-tilt features or thin-film geometries, thin-film RESIRE or a three-dimensional mask can be incorporated during
reconstruction to reduce interference from surrounding structures and improve reconstruction accuracy17.

Stage 2: Training

To learn how to recover Oi from Tθ (Oi), we employ a 3D U-Net, a specialized convolutional neural network widely used for
image deblurring, denoising, and segmentation36–38. Its multiscale design is well suited for AET because it captures volumetric
information across different spatial scales. The encoder-decoder structure extracts both local and global features, while
skip connections preserve structural details that may otherwise be lost during downsampling39. Residual learning improves
optimization stability and fine-detail recovery40, and adaptive skip connections further enhance reconstruction accuracy41. A
visualization of the proposed 3D U-Net is shown in Fig. 1b.

The network architecture contains approximately 6.8 million trainable parameters. During training, volumes are randomly
cropped to a size of 64×64×64. Gaussian noise is added to the rotated volumes {Oi}

20
i=1 to suppress high-frequency artifacts

and improve robustness28. We choose the l1 error metric to measure the discrepancy between Tθ (Oi) and Oi due to its strong
ability to preserve sharp features in missing-wedge-degraded images42, 43. The final loss function combines this fidelity term
with the measurement-consistency regularizer:

min
ϑ

L (ϑ) =
1
N

N

∑
i=1

⃦

⃦

⃦
fϑ

(

Tθ (Oi)
)

−Oi

⃦

⃦

⃦

1
+ ε

⃦

⃦

⃦
Πθ

(

fϑ

(

Tθ (Oi)
)

)

−Πθ

(

Oi

)

⃦

⃦

⃦

2
(3)

where N = 20 is the number of training pairs. The regularizer can be applied every 8 inner iterations to improve efficiency.
Additional techniques can also be considered to improve deblurring and enhance sharp features, such as attention mechanisms44,
GAN-based45 methods and perceptual losses derived from VGG46 networks. We leave these methodologies open for readers to
explore as part of their research.

Stage 3: Inference

After training, the network is applied to the original RESIRE reconstruction. Large volumes are partitioned into overlapping
64×64×64 cubes, processed independently by the network, and subsequently blended to ensure smooth transitions between
neighboring regions. The resulting output constitutes a refined reconstruction with reduced missing-wedge artifacts. This
refined volume serves as an improved estimate of the object and provides the basis for subsequent refinement. By suppressing
reconstruction artifacts while preserving structural details, the network generates a higher-quality input for the next iteration.

The refined object is then used to regenerate the training dataset for the next refinement round. Consequently, both the
reconstructed object and the training samples improve progressively over successive iterations. In practice, the three stages
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are typically repeated for 20–40 refinement rounds. As the training data become increasingly representative of the underlying
structure, the quality of the reconstruction improves accordingly. A final RESIRE refinement step can optionally be performed
to further enhance measurement consistency. The overall RESIRE-Net workflow is summarized in Algorithm 1 and Fig. 2.

Algorithm 1 RESIRE-Net
Input: RESIRE reconstruction O, tilt angles {θi}

n
i=1, number of refinement K, number of iteration per refinement N.

Initialize: O0 = O

// Outer refinement loop
for k = 0, . . . ,K−1 do

Stage 1: Training-data generation
for all rotation i ∈ Ŝ4 do

Obtain rotation Ok
i from Ok.

Obtain transformation Tθ (O
k
i ).

end for

Stage 2: Training (Inner refinement loop)
for n = 1, . . . ,N do

for all permuted i ∈ Ŝ4 do

L (ϑ)←
⃦

⃦

⃦
fϑ

(

Tθ (O
k
i )
)

−Ok
i

⃦

⃦

⃦

1
+ ε

⃦

⃦

⃦
Πθ

(

fϑ

(

Tθ (O
k
i )
)

)

−Πθ

(

Ok
i

)

⃦

⃦

⃦

2

Update ϑ via optimization algorithm such as AdaGrad, Adam, etc.
end for

end for

Stage 3: Inference, i.e. update Ok+1 = fϑ (O
k)

end for

Output: OK

Atomic structure analysis
Atomic models were extracted from reconstructed volumes using previously published RESIRE-based atomic electron
tomography (AET) analysis pipelines developed for the metallic glass dataset7. These workflows include polynomial tracing
of local intensity maxima, k-means classification to distinguish atoms from noise and assign atomic species, limited manual
correction, and refinement of atomic positions and species through forward-projection fitting. Together, these procedures
provide a consistent framework for converting reconstructed volumes into quantitative atomic models suitable for structural
analysis.

For all comparisons in this work, identical tracing, refinement, and analysis procedures were applied to both the RESIRE
and RESIRE-Net reconstructions, with only the reconstruction algorithm replaced. Minor dataset-dependent adjustments
were made to the initialization of the k-means classification procedure to improve stability for the sharper low-intensity
distributions produced by RESIRE-Net; these modifications did not materially affect the final results. For simulated datasets,
reconstructed atomic models were quantitatively compared with known ground-truth structures using nearest-neighbor matching
and RMSD-based positional metrics.

Results

Metallic-glass simulation data

To validate RESIRE-Net, we applied it to a previously published simulated tilt series of a multi-component metallic glass
nanoparticle, comprising Ni (Type 1), Pd (Type 2), and Pt (Type 3) atoms, with a known ground-truth atomic model7. The data
were generated under experimentally realistic imaging conditions, including a limited angular range that produces a missing
wedge of Fourier-space information, and projections were convolved with a Gaussian probe to model finite probe size and
incoherent imaging effects (Supplementary Table 1). To evaluate RESIRE-Net, we replicated the original model-extraction
pipeline, replacing only the reconstruction algorithm; all tracing, classification, refinement, and matching procedures were
otherwise unchanged, enabling a direct comparison between the two reconstruction methods.

Reconstruction quality

Representative real-space slices and corresponding Fourier-space slices of the RESIRE reconstruction are shown in Fig. 3a–d
and Supplementary Fig. 1. Atomic intensity maxima are well resolved in xy slices, but xz slices exhibit the characteristic
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Figure 3. Demonstration of RESIRE-Net on previously-published multislice-simulated metallic glass nanoparticle data. a, b,
Two 2.4Å thick slices of the 3D RESIRE reconstruction in the xy (a) and xz (b) plane. Scale bar, 2 nm. c, d, Central
reciprocal-space slices of the 3D Fourier transform of the RESIRE reconstruction in the kxky (c) and kxkz (d) planes. e–h,
Corresponding real-space slices (e, f) and reciprocal-space slices (g, h) of the RESIRE-Net reconstruction. i, Histograms of the
integrated intensity of the subvolume around each potential atom following the polynomial tracing step. These histograms
demonstrate the separation between atoms of each type, and non-atom noise, offered by each reconstruction method, which
influences the global k-mean classification procedure used to remove noise from the model. j, Histograms of the 3D deviations
of each model’s atoms from their corresponding ground truth atoms. The peak, mean, and root-mean-square-deviation of the
RESIRE histogram are 6 pm, 15 pm, and 21 pm, respectively. For the RESIRE-Net histogram we find those values to be 5 pm,
11 pm, and 14 pm. k, Spatial distribution of z-coordinate errors, |∆z|, for all ground-truth-matched atoms in each
reconstruction, (top, RESIRE (17,987 atoms); bottom, RESIRE-Net (18,340 atoms)), shown in the xz plane.
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Table 1. Reconstruction and model accuracy of RESIRE and
RESIRE-Net models of a simulated metallic glass nanoparticle,
evaluated against a ground truth model (18,356 atoms).

RESIREa RESIRE-Net

# Model atoms 18,481 18,472

Refinement

Error (R1)b 4.76% 4.19%

Position accuracy

3D RMSD (pm) 21 14
# Position matches to GT 17,987 18,340
% GT model matched 97.99% 99.91%
% Test model matched 97.32% 99.29%

Classification accuracy

Type 1 accuracy (Ni) 94.87% 99.74%
Type 2 accuracy (Pd) 99.14% 99.83%
Type 3 accuracy (Pt) 100.00% 100.00%
Overall classification accuracy 97.35% 99.81%
# Total accurate matches 17,870 18,322

a Model originally published in Ref.7.
b The R1 factor is defined as in equation 5 of Ref.47.

elongation and blurring induced by the limited tilt range. In Fourier space, this appears as a wedge-shaped region of suppressed
intensity and streaking along kz (Fig. 3d). The corresponding RESIRE-Net slices are shown in Fig. 3e–h. The Fourier
transforms of the RESIRE-Net reconstruction show reduced high-frequency artefacts and substantial filling of the missing-
wedge region (Fig. 3h). Although xy slices remain visually similar between the two methods, xz slices from the RESIRE-Net
reconstruction exhibit sharply localized atomic peaks with markedly reduced elongation, demonstrating improved recovery of
depth (z) information, where missing-wedge effects are most pronounced. Quantitative analysis of the reconstructed atomic
peak shapes further shows reduced broadening and directional anisotropy in the RESIRE-Net reconstruction for all atomic
species (Supplementary Fig. 2).

Positional precision

Atomic coordinates extracted from each reconstruction were matched to the ground-truth model using nearest-neighbor
assignment within a 1.5 Å cutoff, and displacement vectors between matched atoms were used to evaluate positional accuracy.
Fig. 3j shows the distribution of three-dimensional atomic deviations relative to the ground truth, and Table 1 summarizes the
resulting differences in accuracy between the two models (for more details, see Supplementary Table 2). For the RESIRE
reconstruction, the peak, mean, and RMSD of the deviation distribution are 6 pm, 15 pm, and 21 pm, respectively, consistent
with the original report. RESIRE-Net produces a noticeably narrower distribution, with corresponding values of 5 pm, 11 pm,
and 14 pm, representing a 33% reduction in positional RMSD. Axis-resolved RMSDs indicate that this improvement is
dominated by the depth (z) direction: the average z-deviation is reduced from 15 pm to 10 pm (Supplementary Table 2,
Supplementary Fig. 3). Spatial maps of |∆z| (Fig. 3k) show a systematic reduction in depth-direction error throughout the
particle, demonstrating that the additional recovered Fourier information directly enhances atomic-scale depth localization.

Atom recovery and classification

RESIRE-Net also improves atom recovery and chemical classification. Although the extracted models contain nearly the
same number of atoms, RESIRE-Net recovers 99.91% of the ground-truth atoms compared with 97.99% for RESIRE, while
the number of spurious atoms decreases substantially, from 494 to 132. Integrated-intensity histograms after polynomial
tracing (Fig. 3i) show clearer separation between atomic peaks and noise in the RESIRE-Net reconstruction, directly benefiting
the k-means classification step (Supplementary Fig. 4); as a result, overall classification accuracy increases from 97.35% to
99.81%, with the largest gains for the weakest-scattering species (Type 1, Ni), whose accuracy rises from 94.87% to 99.74%.
Notably, much of this improvement can be obtained without the manual adjustment step in the original model-extraction
pipeline (Supplementary Table 3), which in turn reduces processing time and minimizes user-dependent variability. Together,
these results demonstrate that, under experimentally realistic conditions and within an identical model-extraction pipeline,
RESIRE-Net yields improved positional precision, atom recovery, and elemental classification compared to RESIRE.
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Table 2. Reconstruction and model accuracy of RESIRE and
RESIRE-Net models of a simulated MEA nanoparticle, evaluated
against a ground truth model (8,141 atoms).

RESIREa RESIRE-Net

# Model atoms 8,165 8,132

Refinement

Error (R1)b 5.28% 3.90%

Position accuracy

3D RMSD (pm) 24 15
# Position matches to GT 7,677 8,101
% GT model matched 94.30% 99.51%
% Test model matched 94.02% 99.62%

Classification accuracy

Type 1 accuracy (%) 77.03% 98.08%
Type 2 accuracy (%) 98.68% 99.17%
Type 3 accuracy (%) 100.00% 100.00%
Overall classification accuracy (%) 92.67% 99.08%
# Total accurate matches 7,544 8,066

a Model originally published in Ref.9.
b The R1 factor is defined as in equation 5 of Ref.47.

Medium-entropy alloy data

We next apply RESIRE-Net to a previously published medium-entropy alloy (MEA) nanoparticle dataset9. Unlike the metallic
glass examined above, this material exhibits a predominantly FCC lattice, allowing reconstruction fidelity to be assessed using
lattice-based metrics even in the absence of a ground-truth atomic model.

Simulation under experimental condition

Compared to the metallic glass dataset analyzed above, the original MEA study9 employed a lower-dose, reduced angular-range
tilt series, resulting in a more challenging reconstruction problem. To assess the performance of RESIRE-Net under these
conditions, we first considered a simulated dataset from the original study, generated using the same geometry and imaging
parameters as the experiment (Supplementary Table 1), and replicated the originally published model-extraction pipeline9 in
full, with only the reconstruction algorithm replaced by RESIRE-Net. As anticipated, the RESIRE reconstruction exhibits
pronounced missing-wedge artefacts, manifested as elongation in xz slices and a wedge of suppressed intensity in Fourier space,
whereas RESIRE-Net partially restores Fourier amplitudes within the unsampled kz region and produces sharper, more localized
atomic peaks (Supplementary Fig. 1). Results of the final model comparison are summarized in Table 2, Supplementary Table 4,
and Supplementary Fig. 5: RESIRE-Net improves model fidelity, reducing the 3D RMSD from 24 pm to 15 pm (∼37.5%
lower positional error) while increasing ground-truth atom recovery (from 94.30% to 99.51%), lowering the refinement error
(from 5.28% to 3.90%), and substantially enhancing classification accuracy (overall: from 92.67% to 99.08%; Type 1: from
77.03% to 98.08%). These results confirm that the method performs robustly under less ideal experimental conditions, with
increasingly pronounced improvements over RESIRE as reconstruction difficulty increases.

Experimental reconstruction

We then apply RESIRE-Net to the experimental MEA tilt series (“MEA-2”) reported in Ref.9, whose original RESIRE
reconstruction revealed an FCC lattice containing twin boundaries, lattice distortion, and heterogeneous chemical short-range
order (CSRO). We analyze the RESIRE-Net reconstruction using the same model-extraction pipeline as in the original study to
ensure methodological consistency. Consistent with the simulation results, the RESIRE-Net reconstruction exhibits reduced
missing-wedge artifacts (Fig. 4c,d) and improved axial resolution in xz slices (Fig. 4a,b and Supplementary Fig. 1), and these
qualitative improvements are reflected in the quantitative structural metrics summarized in Table 3. The pair distribution
function (PDF) (Fig. 4e) shows a sharper first peak, and the first minimum shifts from 3.44 Å (RESIRE) to 3.41 Å, indicating
closer agreement with an ideal FCC lattice. Local lattice distortion analysis further confirms this improvement: the mean
deviation from a locally fitted FCC lattice decreases from 0.26±0.12 Å in the RESIRE model to 0.23±0.11 Å for RESIRE-Net
(Fig. 4f).
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Figure 4. Demonstration of RESIRE-Net on previously-published experimental medium entropy alloy (MEA) nanoparticle
data. a, b, Two 2.5-Angstrom-thick slices through the xz plane of the experimental RESIRE (a) and RESIRE-Net (b)
reconstructions. Scale bar, 2 nm. c, d, the FFTs corresponding to the real-space slices (a, b). e, Comparison of the normalized
pair distribution function (PDF) of each reconstruction’s model. The RESIRE-Net model had a slightly more pronounced first
peak, corresponding to a more ideal FCC-structure, as expected. f, Distributions of the 3D atomic deviations of each model
from an ideal FCC lattice, with the mean and standard deviation of the RESIRE model calculated as 0.26±0.12Å and for the
RESIRE-Net model calculated as 0.23±0.11Å. g, j, Comparison of the histograms of the average αNiPt (g) and αPdPt (j)
values for each atomic layer along the [111] direction, with dashed yellow lines indicating the positions of the two twin
boundaries. h, k, 3D distribution of αNiPt (h) and αPdPt (k) in the RESIRE model. i, l, 3D distribution of αNiPt (i) and αPdPt (l)
in the RESIRE-Net model. Scale bar, 1 nm. RESIRE results are reproduced from Ref.9 for comparison.
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Table 3. Comparison of final model structure and composition for an
experimental medium entropy alloy nanoparticle dataset.

RESIREa RESIRE-Net

Final model

# Type 1 atoms 2,522 2,698
# Type 2 atoms 3,247 3,397
# Type 3 atoms 2,580 2,569
# Total model atoms 8,349 8,664

Refinement

Error (R1)b 10.29% 9.97%

PDF statistics

Location of 1st peak (Å) 2.76 2.75
Location of 1st minimum (Å) 3.44 3.41

Local fit to ideal FCC lattice

Model size (excluding surface atoms) 6,850 7,137
Mean ± std (Å) 0.26±0.12 0.23±0.11

a Model originally published as “MEA-2” in Ref.9.
b The R1 factor is defined as in equation 5 of Ref.47.

CSRO, based on atomic positions and classifications, is preserved across reconstructions. Fig. 4g–i compares the αNiPt

ordering parameter obtained with RESIRE-Net and RESIRE, while Fig. 4j–l shows the corresponding comparison for αPdPt ;
the dominant features remain unchanged, with αNiPt predominantly positive in the particle interior and αPdPt largely negative,
indicating a preference for Ni-Pt bonding and an avoidance of Pd-Pt bonding. The results of all six CSRO parameters are
summarized in Supplementary Fig. 6.

Across both simulated and experimental datasets, RESIRE-Net improves reconstruction fidelity and atomic localization
while remaining fully compatible with existing RESIRE-based analysis pipelines. By mitigating missing-wedge artifacts and
producing sharper atomic intensity peaks, the method enhances positional precision, atom recovery, and chemical classification,
thereby reducing the need for manual intervention in AET workflows and strengthening the reliability of downstream structural
and chemical analysis.

Discussion

RESIRE-Net substantially improves missing-wedge recovery in electron tomography by integrating self-supervised learning
with the RESIRE reconstruction algorithm in an operator-aware framework. Across both simulated and experimental datasets,
the method consistently enhances depth resolution, suppresses missing-wedge artifacts, and improves atomic-scale accuracy.
These improvements arise from explicitly modeling the missing-wedge effect as a reconstruction-dependent operator defined by
the experimental tilt geometry and reconstruction algorithm. By learning an approximate inverse operator through rotational
augmentation and iterative refinement, RESIRE-Net effectively recovers information that is otherwise difficult to reconstruct
using conventional approaches alone.

In the metallic-glass simulation, RESIRE-Net reduces the three-dimensional positional RMSD by 33% relative to RESIRE,
with the largest improvements occurring along the depth direction. The method also improves atom recovery, reduces spurious
detections, and enhances chemical-species classification, demonstrating that the recovered structural information directly
benefits downstream atomic-model extraction. Similar trends are observed in the medium-entropy alloy dataset, where RESIRE-
Net sharpens atomic peaks, restores Fourier amplitudes within the missing-wedge region, and yields lattice metrics that more
closely match ideal FCC behavior. Together, these results demonstrate the robustness of the framework across both simulated
and experimental conditions.

Compared with existing self-supervised approaches, RESIRE-Net performs experiment-specific correction by explicitly
accounting for the measured tilt geometry and reconstruction process. This coupling to the forward model provides a more
physically grounded treatment of missing-wedge artifacts and enables recovery beyond what can be achieved using isotropy-
based augmentation alone. Rather than relying solely on generic image priors, the framework incorporates reconstruction
physics directly into the learning process, providing a flexible strategy that can be adapted to different acquisition conditions
and reconstruction operators.
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A limitation of the current framework is its reliance on rotational augmentation and the associated assumption of approximate
isotropy. For objects with strong intrinsic anisotropy or limited symmetry, RESIRE-Net may partially interpret genuine structural
anisotropy as missing-wedge artifacts, potentially leading to overcorrection. Experimental effects such as probe polarization,
electron channeling, detector non-uniformity, noise, tilt-angle miscalibration, mechanical drift, and alignment errors may further
limit reconstruction quality by introducing inaccuracies into the operator Tθ

48. Future work may explore generative priors,
physics-informed constraints, and implicit neural representations to further improve reconstruction fidelity and robustness.
Overall, RESIRE-Net provides a practical and operator-aware solution to missing-wedge artifacts in AET, enabling more
accurate structural and chemical characterization at the atomic scale.
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