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Figure 1. Deep-learning architecture and 3D atomic reconstruction of a 13-nm-thick Pt 
nanoparticle. (a) 2D U-Net used to improve the initial tomographic reconstruction. The en- 
coder extracts features at multiple scales, while the decoder restores spatial detail through 
transposed convolutions and skip connections. Numbers denote feature channels. Conv, con- 
volution; Conv_Trans, transposed convolution; Cat, concatenation. (b) 3D atomic model of a 
13-nm octahedral Pt nanoparticle reconstructed from 48 experimental projections, contain- 
ing 52 138 atoms. Atoms are colored by local lattice strain, ε, relative to bulk Pt, with blue 
and red indicating compression and expansion, respectively. Split-data cross-validation gives 
a 3D coordinate RMSD of 23 pm and 98.2% matched atoms. Adapted with permission from 

Ref. [5 ]. 

erence images or volumes [3 ,4 ]. In 

AET, experimental 3D ground truth 

is generally unavailable because the 
true atomic coordinates of a specimen 

are unknown. Training data are there- 
fore often generated from simulated 
atomic models. For large and struc- 
turally complex materials, such simu- 
lations are computationally demanding 
and depend on assumptions about the 
atomic structure and imaging physics. 
In a recent National Science Review pa- 
per, Li et al . address this limitation 

with a data-driven framework that uses 
abundant 2D electron micrographs to 
generate paired training data [5 ]. Each 

micrograph is treated as a pseudo-3D 

object one voxel thick along the tilt 
axis and numerically rotated to gener- 
ate simulated projections. The frame- 
work incorporates incomplete angular 

sampling and, for thick-specimen AET, 
depth-dependent defocus. The projec- 
tions are first reconstructed with an it- 
erative algorithm, and a standard 2D 

U-Net is trained to map the degraded 
reconstruction toward the original ob- 
ject (Fig. 1 ). The key idea is that elec- 
tron micrographs provide broad sta- 
tistical diversity, while retaining struc- 
tural features found in real micro- 
scopic images. The authors’ analyses are 
consistent with reduced dataset-specific 
memorization, while tests across dif- 
ferent materials, image sizes and spa- 
tial resolutions demonstrate transfer 
within the range examined in the 
study. 

The experimental demonstration 

of this framework is AET of a 13-nm 

octahedral platinum nanoparticle. At 
this thickness, only part of the particle 
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etermining the three-dimensional 
3D) arrangement of atoms is funda- 
ental to understanding the struc- 

ure and properties of matter. Estab- 
ished methods such as crystallography 
nd single-particle cryo-electron mi- 
roscopy rely on crystalline order or 
veraging over many identical struc- 
ures. Atomic electron tomography 
AET) addresses these limitations by 
etermining the 3D coordinates and 
lemental identities of individual atoms 
n a single nanoscale object from a se- 
ies of electron micrographs recorded 
s the specimen is tilted [1 ,2 ]. AET can 

irectly reveal defects, interfaces, grain 

oundaries and amorphous atomic 
rrangements. It has enabled quantita- 
ive studies of dislocations and strain, 
hemical order and disorder in complex 
lloys, crystal nucleation, active sites 
n nanocatalysts and atomic packing in 

morphous materials [1 ,2 ]. By linking 
ocal atomic structure to electronic, 
echanical and catalytic properties, 
ET provides new insights into how 

aterials form, function and fail. Its 
roader use remains limited by incom- 
lete angular sampling, electron-beam 

amage and the narrow depth of field 
t atomic resolution. Missing angles 
eave gaps in the measured informa- 
ion, while the limited depth of field 
revents atoms throughout a thick 
pecimen from being sharply imaged at 
he same time. 

Deep learning can reduce the effects 
f incomplete tomographic measure- 
ents, but supervised methods usu- 

lly require large paired datasets in 

hich incomplete or degraded recon- 
tructions are matched to known ref- 
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an be sharply focused at a time. Using 
8 experimental projections, the au- 
hors identify 52 138 atoms. Split-data 
ross-validation estimates a 3D co- 
rdinate root-mean-square deviation 

RMSD) of 23 pm, with 98.2% of the 
toms matched between two inde- 
endent reconstructions. The same 
nalysis using the real-space iterative 
econstruction algorithm [6 ] gives an 

MSD of 29 pm and a common-atom 

atio of 96.3%. The improvement is 
specially important at the poorly 
ocused surface, where the method 
nables more reliable determination 

f the atomic structure needed for 
tructure–property correlations. These 
esults show that incorporating depth- 
ependent imaging physics into deep 
earning can improve 3D atomic recon- 
truction of relatively thick specimens. 
his study provides an important step 
oward scalable, data-driven AET by 
educing the need for material-specific 
D training models and explicitly 
ccounting for incomplete angular 
ampling and depth-dependent de- 
ocus. Reliable atomic coordinates, 
owever, still depend on carefully 
erformed experiments and a rigorous, 
ntegrated workflow in which image 
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reprocessing, projection alignment, 
omographic reconstruction, atom 

racing and quantitative validation 

ollectively contribute to the accuracy 
f the final 3D atomic model [7 ]. Com- 
lementary work by the same group 
ombines a generative atomic prior 
ith iterative enforcement of the mea- 

ured projections, enabling AET from 

parse and limited-angle data across the 
ested materials without retraining [8 ]. 

Looking ahead, ptychographic AET 

pAET) is likely to play a central role 
n the future of the field [9 ]. Ptychog- 
aphy replaces conventional lens-based 
mage formation with coherent diffrac- 
ion measurements and computational 
hase retrieval, providing high dose ef- 
iciency and strong sensitivity to light 
lements [1 ]. Multi-slice ptychography 
urther models electron propagation 

hrough successive layers of a specimen, 
nabling pAET to image samples sub- 
tantially thicker than the conventional 
robe depth of field [10 ]. Combining 
eep learning with multi-slice pAET 

ill further extend 3D atomic imag- 
ng to larger, lighter and more beam- 
ensitive materials. 
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