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Abstract

Multislice electron ptychography (MEP) is an inverse imag-
ing technique that computationally reconstructs the highest-
resolution images of atomic crystal structures from diffrac-
tion patterns. Available algorithms often solve this inverse
problem iteratively but are both time consuming and pro-
duce suboptimal solutions due to their ill-posed nature. We
develop MEP-DIFFUSION, a diffusion model trained on a
large database of crystal structures specifically for MEP
to augment existing iterative solvers. MEP-DIFFUSION is
easily integrated as a generative prior into existing recon-
struction methods via Diffusion Posterior Sampling (DPS).
We find that this hybrid approach greatly enhances the qual-
ity of the reconstructed 3D volumes, achieving a 90.50%
improvement in SSIM over existing methods.

1. Introduction

Understanding the crystal structure of materials is pivotal
for unraveling the fundamental interactions that govern the
physical world. Electron microscopy has long been the cor-
nerstone of atomic-scale imaging that provides unmatched
spatial resolution. Among its advanced methodologies,
multislice electron ptychography (MEP) has emerged as
a powerful computational imaging technique, capable of
achieving sub-angstrom resolutions by formulating the mul-
tiple electron scattering process as an inverse problem [5,
25, 56]. This capability allows researchers to reconstruct
atomic structures from diffraction patterns with unprece-
dented clarity.

However, the current state-of-the-art in electron ptychog-
raphy faces critical challenges. While effective at resolving
structures in the lateral (i.e., height and width) dimensions,
the depth resolution is often limited to around 2 nm, or 100
times worse than the lateral resolutions due to experimen-
tal constraints [5, 49]. Additionally, conventional iterative
solvers are very time-consuming, and can take hours to days
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Figure 1. Side by side comparison of ground truth and MEP-
DIFFUSION reconstruction for selected crystal structure. The cor-
responding diffraction patterns are shown in Appendix H.

to return a solution, while the data acquisition only takes a
few second [9, 34, 48, 54]. Lastly, these solvers can struggle
with noisy measurements and produce suboptimal solutions
due to the inherent ill-posed nature of the inverse problem.

To address these limitations, we develop a generative
prior using diffusion probabilistic models [14, 43, 44] and
demonstrate its utility when combined with existing it-
erative solver. Diffusion models have demonstrated re-
markable capability in various inverse problems by lever-
aging learned priors to produce high-quality reconstruc-
tions [7, 11], and have been explored in Fourier ptychog-
raphy [41, 51] and X-ray ptychography [2] for bulk speci-
mens. In this work, we introduce MEP-DIFFUSION, which
seamlessly integrates diffusion models into multislice elec-
tron ptychography. Our approach enables hybrid inverse
problem solving, augmenting existing iterative solvers with
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a data driven model that captures the manifold of possible
crystal structures. Figure 1 shows that MEP-DIFFUSION
produces high quality samples that match closely with the
ground truth while remaining consistent with the physical
measurements.

2. Preliminaries
Physical Forward Model In electron ptychography, we
consider the measurement model in the following form:

y = f(x;ϕ,Ω)

where f represents the forward model, describing how the
complex-valued electron probe ϕ interacts with the material
x at different probe positions Ω. The interaction produces a
scattered wave function that propagates to a far-field detec-
tor, yielding real-valued diffraction patterns y.

The materials are generally described by a complex-
valued function x := O(r) ∈ CD×H×W , where r =
(x, y, z) represents spatial coordinates. Under the strong
phase approximation (SPA) [23], O(r) ≈ exp (iσeV (r))
where i is the imaginary unit, σe is the electron interaction
parameter, V (r) is the atomic scattering potential that cap-
tures the atom types and positions.

To simplify, we absorb the exponential function into
the forward model, and redefine the crystal structure as
x := σeV (r) ∈ RD×H×W . Because σe is just a scal-
ing constant that does not depend on r, x contains all the
structural information that electron ptychography aims to
recover. By fixing both the probe ϕ and the probe positions
Ω, we arrive at a simplified forward model:

ŷ = f(x̂), f : RD×H×W → RNy×Nx×Ky×Kx

where Ny and Nx correspond to different probe positions,
while Ky and Kx denote the number of detector pixels.

The goal of electron ptychography is to retrieve the crys-
tal structure x from diffraction patterns y, which is com-
monly achieved by solving the following optimization prob-
lem:

min
x

∥ŷ − y∥22 + γ∥x∥1

where the first term ensures fidelity to the measured data,
while the second term, which imposes sparsity in the solu-
tion and is controlled by the scalar weighting parameter γ
is optional, but commonly added to promote discrete atom-
icity within crystal structures.

We refer to this formulation as the electron ptychogra-
phy reconstruction objective. In prior work, this objective
is typically minimized using first-order optimization meth-
ods, often requiring additional regularizations for stability.

Diffusion Probabilistic Models Given a dataset drawn
from an unknown distribution q(x), diffusion probabilistic

models (DPMs) [14, 20, 42, 46] learn a generative model
pθ(x) that approximates the data distribution q(x). DPMs
consist of a forward process and a generative process. The
forward process defines a gradual transition between sam-
ples from the dataset distribution to samples from a Gaus-
sian distribution. This introduces a series of increasingly
noisy latent variables zt for timesteps t ∈ [0, 1]. For every
timestep, the conditional qt(zt|x) is distributed such that

zt = αtx+ σtϵ, where ϵ ∼ N (0, I).

Here, αt, σt ∈ [0, 1] are smooth scalar functions of the
timestep t which describe the noise schedule. The noise
schedule is defined such that the process starts with the
clean data, z0 ≈ x, and the final latent is approximately
Gaussian, q(z1) ≈ N (0, I). The diffusion process can be
equivalently expressed in terms of the log signal-to-noise
ratio (logSNR), λt = log(α2

t /σ
2
t ), which decreases mono-

tonically with t [22].
The generative process inverts the forward process,

defining a gradual transition from samples of Gaussian
noise to samples from the data distribution. Given access to
the score function ∇zt

log qt(zt), the forward process can
be inverted exactly [46]. The key idea of diffusion models
is to introduce a neural score network to approximate the
score function sθ(zt, λt) ≈ ∇zt log qt(zt). The score net-
work is trained with a denoising score matching objective
over noise scales and data samples x ∼ q(x):

L(x) = Eϵ,t

[
w(λt)∥sθ(zt, λt)−∇zt log qt(zt|x)∥22

]
,

where zt = αtx+ σtϵ.
In practice, the neural network can equivalently be pa-

rameterized as a noise (ϵ) prediction, data (x) prediction, or
a velocity (v := αtϵ − σtx) prediction network due to the
following relationship

∇zt
log qt(zt|x) = − ϵ

σt
= −zt − αtx

σ2
t

= −zt −
αt

σt
v.

These different parameterizations can be interpreted as im-
posing different weighting functions, w(λt), over the de-
noising score matching objective and have been found to
improve training stability and performance [14, 20]. We
follow the best practices established in the image diffusion
literature [20] and parameterize our score network as a ve-
locity prediction model, vθ(zt, λt) [40].

Solving Inverse Problems with Diffusion Models Dur-
ing generation, we may want to impose some constraint
over the generated data. For instance, we may have a par-
tial measurement y, and we want to draw samples x con-
sistent with our measurement y. To draw such samples, it
is sufficient to approximate the conditional score function
∇zt

log pt(zt|y). We can decompose the conditional score
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Figure 2. Overview connecting electron ptychography and diffusion posterior sampling. (Left) In the experimental setup, a focused electron
probe is scanned across an unknown crystal structure on a 2D grid, recording a 2D diffraction pattern at each scan position. This results in
a 4D dataset comprising a stack of 2D diffraction patterns over a 2D scan grid. (Right) MEP-DIFFUSION reconstructs the crystal structure
by combining a diffusion model prior with a differentiable physical model. The physical model guides the diffusion sampling process to
ensure consistency between the generated structure and the observed diffraction patterns.

function into the unconditional score and a likelihood term
by Bayes’ Rule:

∇zt log pt(zt|y) = ∇zt log pt(zt) +∇zt log pt(y|zt).

This expansion shows that an unconditional diffusion
model, which estimates ∇zt

log pt(zt), can incorporate ad-
ditional constraints during generation via the likelihood
term pt(y|zt). Critically, this is added during sampling and
does not require re-training the diffusion network.

Diffusion Posterior Sampling For a variety of applica-
tions, we may have measurements for the clean data p(y|x),
but obtaining the distribution over noised data pt(y|zt) is
infeasible. In such cases, we perform DPS [7] which uses
the minimum mean squared estimate (MMSE) of the clean
data provided by the diffusion model, xθ(zt, t), and the
likelihood term over the clean data, p(y|x), to approximate
the conditional score function:

∇zt
log pt(zt|y)
= ∇zt

log pt(zt) +∇zt
log pt(y|zt)

≈ ∇zt
log pt(zt) +∇zt

log pt(y|xθ(zt, λt)).

This enables the direct incorporation of clean data mea-
surements into the sampling process. At each sampling
step, regardless of the parametrization of the diffusion
model, we can compute the MMSE in closed form.

3. Ptychographic Reconstruction with DPMs
In electron ptychography, a focused electron probe is
scanned across a material with an unknown crystal struc-
ture, producing a series of diffraction patterns. Our objec-
tive is to reconstruct the crystal structure that gave rise to
these observed patterns. To accomplish this, we train a dif-
fusion model to learn the underlying distribution of possi-
ble crystal structures and combine it with a differentiable
physical model to sample crystal structures from the diffu-
sion model that are physically consistent with the observed
diffraction patterns. An overview of this framework is pro-
vided in Figure 2.

DPMs for Crystal Structures We closely follow Kingma
and Gao [20] in the design of our diffusion model, and pa-
rameterize the diffusion process in terms of the continuous
log SNR, denoted λt. We use a variance-preserving forward
process, with

α2
t = sigmoid(λt), σ2

t = sigmoid(−λt),

where λt = log(α2
t /σ

2
t ) is the log SNR.

We optimize our network for the “v”-prediction task pro-
posed by Salimans and Ho [40] using a weighted mean
squared error loss. Our training objective is therefore

Eϵ∼N (0,I),t∼U(0,1)

[
w(λt) ∥vθ(zt, λt)− v∥22

]
.

As shown in Figure 3, we observe that periodic crystal
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Figure 3. (Top) Visualization of the diffusion process across noise levels. (Bottom) Estimates of the original data by the trained diffusion
network. We observe that periodic structure emerges very early in the diffusion process. Training at lower log SNR ranges compared to
typical image diffusion models is critical for the model to learn a strong prior over atomic arrangements.

structure emerges very early in the diffusion process at rel-
atively low log SNR. While diffusion models for natural
images typically focus on moderate noise levels, we find it
critical to concentrate training at higher noise levels where
this periodic structure first emerges. See Appendix F for
more discussion.

Following Karras et al. [19], we implement this us-
ing a Gaussian weighting in log SNR space: w(λt) =
1
ZN (λt;−7, 3), where Z is a normalization constant en-
suring the density integrates to 1. This formulation centers
the weighting at λt = −7, emphasizing high-noise regions
during training. We find that shifting the loss weighting
towards higher noise levels is critical for generating glob-
ally coherent samples. This observation aligns with recent
findings in high-resolution image diffusion tasks [4, 17, 18].
During training, we adopt the adaptive noise schedule from
Kingma and Gao [20] to reduce variance.

Since the voxel intensities of the crystals are exponen-
tially distributed, predicting x as the zero tensor is a strong
baseline. To discourage this, we rescale our data so the stan-
dard deviation is approximately 1, corresponding to a con-
stant scaling factor of c = 25. This rescaling effectively up-
weights the “x”-prediction component of the “v”-prediction
task, for additional details see Appendix B.

Given the importance of capturing periodic structure at
low log SNR, we find that traditional image diffusion sched-
ules like the cosine schedule perform poorly. Instead, we
use a linear log SNR sampling schedule that concentrates
steps in the range [−13, 4], where periodicity emerges. This
enables our model to dedicate more computation to the
noise levels where atomic arrangements first appear. For
improved sampling efficiency, we adopt the second-order
DPMSolver++ sampler [28], which outperforms first-order
methods in our experiments.

DPS with the MEP Physical Model As shown in Chung
et al. [7], we can compute the score of the posterior from
the sum of the scores of the prior and likelihood. The score
of the prior is given by our unconditional diffusion model,
MEP-DIFFUSION. The score of the likelihood can be in-
stantiated as the loss of a classifier, or in our case the loss of
the physical model.

∇zt
log pt(zt|y) = ∇zt

log pt(zt)︸ ︷︷ ︸
Diffusion Model

+ ∇zt log pt(y|zt)︸ ︷︷ ︸
Physical Model Gradient

.

Practically, following Ho et al. [15], we can implement
this guidance as an adjustment to the “x”-prediction:

x′
θ(zt, λt) = xθ(zt, λt)− g(λt)∇zt

||f(xθ(zt, λt))− y||22

where g(λt) is a guidance weight that controls the strength
of the physical model contribution. While setting g(λt) ∝
αt yields x′

θ(zt, λt) ≈ Eq[x|zt,y], we find that strong guid-
ance towards the end of sampling leads to degenerate solu-
tions with poor depth resolution (i.e., all the depth slices are
nearly equivalent). We therefore anneal the guidance weight
to smoothly reduce the influence of the physical model as
sampling progresses, setting g(λt) ∝ sigmoid(4− λt)

1/2.
We visualize our proposed guidance schedule in Figure 4.

Intuitively, the physical model guides the generation
towards crystal structures consistent with the observed
diffraction patterns while the diffusion model ensures
atomic-scale details match the distribution of known crys-
tal structures. This complementary approach is particularly
effective for electron ptychography reconstruction — us-
ing physical guidance early in sampling establishes the cor-
rect periodic structure, while the learned prior later refines
atomic-scale details that the physical model cannot resolve.
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Table 1. Quantitative comparison of methods on instance-normalized reconstructions. We evaluate both full 3D reconstruction and depth-
summed 2D projections using standard image quality metrics. Results show mean ± standard error of the mean across our test set. DPS
gives statistically significant improvements (p < 1e− 4) over baseline methods on all metrics.

FULL MATERIAL RECONSTRUCTION MATERIAL DEPTH SUM RECONSTRUCTION

METHOD PSNR ↑ SSIM ↑ PSNR ↑ SSIM ↑

LSQ-ML 27.4900 ± 0.1455 0.3949 ± 0.0090 27.9689 ± 0.1541 0.4279 ± 0.0096
PTYRAD[ADAM] 26.8527 ± 0.1334 0.4629 ± 0.0104 27.4223 ± 0.1414 0.4896 ± 0.0108
PTYRAD[L-BFGS] 31.4885 ± 0.1501 0.6506 ± 0.0090 33.5574 ± 0.2003 0.7096 ± 0.0095
MEP-DIFFUSION 33.7190 ± 0.1243 0.7523 ± 0.0053 41.5101 ± 0.1721 0.8852 ± 0.0041

This careful orchestration enables reconstruction of high-
quality structures that are both physically consistent with
measurements and structurally realistic at the atomic scale.
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Figure 4. Illustration of guidance schedules: Alpha g(λt) ∝ αt,
and Shifted Sigmoid g(λt) ∝ sigmoid(4− λt)

1/2

3D UNet with Anisotropic Resampling We modify the
classic UNet architecture to accommodate the volumetric
nature of crystal structures, as shown in Figure 8 of Ap-
pendix D. The spatial sampling of our crystal data is
anisotropic, with coarser sampling along the depth dimen-
sion (1.6 Å) compared to the lateral dimensions (0.2 Å). To
handle this sampling anisotropy, we resample in two-stages.
In the first stage, the UNet performs downsampling exclu-
sively along height and width, reducing the feature spatial
sampling from (1.6 Å, 0.2 Å, 0.2 Å) to (1.6 Å, 1.6 Å, 1.6 Å).
In the second stage, downsampling is applied evenly across
depth, height, and width. During upsampling, the process is
reversed. First upsampling is applied uniformly across all
dimensions and then only to the lateral dimensions, restor-
ing the original anisotropic spatial sampling. Additional de-
tails are provided in Appendix D.

4. Experiments
Dataset Preparation We generated train, validation,
and test datasets using the crystallographic information

files included in the Inorganic Crystal Structure Database
(ICSD) [53]. ICSD is the largest database for experimen-
tally identified crystal structures and contains more than
258,000 entries that describe the atom types and relative po-
sitions, which provides informative prior knowledge of ex-
isting crystals. We filter the ICSD dataset so only the crystal
structures that have all three lattice vectors (|⃗a|, |⃗b|, |⃗c|) less
than 20 Å are considered. After filtering we are left with
≈ 211, 000 unique materials each of which we render in
three different orientations. We use abTEM [30], an elec-
tron microscopy simulation package, to render the crystal
structures as 3-dimensional tensors. The final dataset con-
tains ≈ 633,000 examples.

We split off 5, 000 materials (i.e. 15, 000 examples) for
our validation set, and another 100 materials (i.e. 300 ex-
amples) for our test set. For the 15, 000 and 300 exam-
ples in our validation and test sets, respectively, we simu-
late diffraction patterns using abTEM with realistic detector
noise equivalent to an electron dose of 106 e−/Å2. These
diffraction patterns will be used to evaluate the quality of
different reconstruction methods. See Appendix A for more
details.

Evaluation We evaluate all methods on all 300 pairs of
(x,y) in our test set. That is, given a 4D diffraction dataset
y, recover the crystal structure x. We quantitatively eval-
uate the reconstruction quality using two common distor-
tion metrics: PSNR, and SSIM [50]. We set the sampling
steps to 2000 if no additional notes are given. Since dif-
ferent crystal structures naturally exhibit varying intensity
scales due to their atomic composition and density, and
phase retrieval techniques like ptychography are generally
only accurate up to an arbitrary constant phase offset [38],
we apply instance normalization to each reconstruction so
they range between [0,1] before computing metrics. This
normalization focuses the evaluation on the relative spatial
distribution of atomic densities rather than absolute inten-
sity values, which can vary significantly between samples
and weight differently without normalization. For our ex-
periments, we perform paired bootstrap resampling [24] to
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Figure 5. Qualitative comparison across depth slices of a crystal structure. Baseline methods struggle to recover depth variation, producing
uniform reconstructions across slices. MEP-DIFFUSION successfully reconstructs the full crystal structure.

Table 2. Impact of our proposed Shifted Sigmoid guidance schedule. We evaluate both full 3D reconstruction (left) and depth-summed 2D
projections (right) using standard image quality metrics. Results show mean ± standard error of the mean across our test set. Our guidance
schedule leads to statistically significant improvements (p < 1e− 4) over the baseline schedule on all metrics.

FULL MATERIAL RECONSTRUCTION MATERIAL DEPTH SUM RECONSTRUCTION

GUIDANCE SCHEDULE PSNR ↑ SSIM ↑ PSNR ↑ SSIM ↑

ALPHA 32.7677 ± 0.1126 0.6494 ± 0.0074 38.4307 ± 0.1517 0.7745 ± 0.0061
SHIFTED SIGMOID 33.7190 ± 0.1243 0.7523 ± 0.0053 41.5101 ± 0.1721 0.8852 ± 0.0041

quantify the statistical significance of our improvements.
See Appendix E for training and sampling hyperparameters.

Baseline Methods We evaluate our approach against sev-
eral baselines. Our primary comparison is with LSQ-
ML [33], the current state-of-the-art algorithm for MEP.
Additionally, we implement the same physical model us-
ing automatic differentiation to solve the electron pty-
chography reconstruction objective with either Adam or
L-BFGS. This baseline is implemented using an open-
source reconstruction package, PtyRAD [26], and is de-
noted as PtyRAD[Adam] or PtyRAD[L-BFGS] in our re-
sults [21, 27]. See Appendix C for more details.

Reconstruction Performance We report reconstruction
results across methods in Table 1. We visualize selected
successful reconstructions in Figure 1 and Figure 5, as well
as additional generations in Appendix G. We observe that
MEP-DIFFUSION quantitatively achieves more faithful re-
constructions than all baselines across all metrics. The
improvement over both baselines is statistically significant
(p < 1e− 4) across all reconstruction metrics.

From our qualitative visualization, we observe that the
baseline methods collapse to a uniform reconstruction
across depth slices due to limitations of the physical model.
MEP-DIFFUSION benefits from its learned prior which
helps to recover distinct reconstructions across the depth di-

3667

Authorized licensed use limited to: Cornell University Library. Downloaded on March 26,2026 at 16:59:24 UTC from IEEE Xplore.  Restrictions apply. 



Ground
Truth

5 Å

Shifted
Sigmoid

Alpha Ground Truth
Depth Sum

ICSD #431249

Figure 6. Qualitative comparison of our proposed Shifted Sig-
moid guidance schedule and the baseline Alpha guidance sched-
ule. Ground Truth, Shifted Sigmoid Guidance, and Alpha Guid-
ance all display a single slice of the material, while Ground Truth
Depth Sum shows the material summed over the depth dimension.

mension that are occasionally better aligned with the ground
truth material. This demonstrates the utility of a generative
prior to push updates from the physical model towards real-
istic crystal structures.

Impact of Guidance Schedule Our Shifted Sigmoid
guidance schedule anneals the physical model influence
to zero during generation, see Figure 4. This approach
markedly differs from conventional guidance schedules
in inverse problems, which typically increase guidance
strength throughout generation. Without this carefully de-
signed annealing, generation collapses along the depth di-
mension, exhibiting failure modes characteristic of direct
optimization methods, see Figure 6. This collapse oc-
curs because imprecise guidance from the physical model
washes out the structure being formed by the diffusion
model, forcing the generation toward degenerate solutions
that satisfy physical constraints but are not realistic crys-
tal structures. The Shifted Sigmoid schedule proves critical
by gradually reducing physical guidance, enabling the dif-
fusion model to resolve local atomic structure while still
utilizing physical model guidance early in generation. The
quantitative performance advantage persists across all met-
rics, see Table 2. This finding highlights a fundamental dif-
ference from typical inverse problems studied in machine
learning: the guidance models available for real-world ap-
plications are often imperfect or inadequate, unlike the near-
perfect models commonly studied.

Wall Clock Time Comparison We present the perfor-
mance of MEP-DIFFUSION across different sampling steps
in Figure 7. We observe that MEP-DIFFUSION demon-
strates strong performance even with relatively few sam-
pling steps. While L-BFGS converges quickly to a subopti-
mal solution and Adam requires longer optimization, MEP-
DIFFUSION offers a flexible quality-to-time trade-off. With

just 100 sampling steps, MEP-DIFFUSION already outper-
forms both baselines in reconstruction quality. Increasing
the number of steps yields further improvements, with di-
minishing returns beyond 1000 steps.

This flexibility is particularly valuable in practical appli-
cations, where different use cases may have different com-
putational constraints. For rapid structure assessment, users
can opt for fewer sampling steps while still obtaining better
reconstructions than traditional methods. When reconstruc-
tion quality is paramount, additional sampling steps can be
used to increase quality, albeit at increased computational
cost. Importantly, this trade-off can be adjusted at inference
time, without re-training the diffusion model.

5. Related Work
Inverse Problems Diffusion models have emerged as
powerful tools for solving inverse problems through their
learned priors, demonstrating effectiveness on natural im-
age tasks like inpainting, super-resolution, and deblurring
[7, 8, 29, 45], as well as diverse applications in medical
imaging [47], motion synthesis [55], and physical simula-
tion [10]. While most prior work focuses on simple for-
ward models, our work shows how to effectively incor-
porate complex physical models from electron microscopy
while learning priors over periodic structures.

Incorporating Physical Constraints Recent work has
explored different approaches for incorporating physical
constraints into deep generative models. Physics-informed
neural networks (PINNs) incorporate general physical laws
directly into the loss function during training [35–37]. Past
work has also explored training the diffusion model to re-
spect physical constraints [10]. In contrast, our work tackles
physical inverse problems by incorporating guidance from a
differentiable physical forward model using measurements
directly at inference time.

Electron Ptychography Traditional ptychographic re-
construction relies on direct methods [1, 33, 39] or itera-
tive algorithms [31, 33], with the latter achieving higher
resolution at the cost of long reconstruction times [5, 32].
Recent deep learning approaches aim to improve efficiency
by mapping diffraction measurements to reconstructions
[3, 6, 12, 13, 16, 52], offering near-instant feedback but with
reduced quality and flexibility. Our work integrates a gen-
erative prior from crystal structures with iterative electron
ptychography, enhancing reconstruction quality while pre-
serving the adaptability of traditional methods.

6. Limitations
MEP-DIFFUSION significantly improves reconstruction
quality over existing methods but has several shortcomings.
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Figure 7. Trade-off between computational time and reconstruction quality. We evaluate MEP-DIFFUSION across different numbers of
sampling steps (100-2000) and compare against PtyRAD[Adam] and PtyRAD[L-BFGS] baselines. All time experiments were run on a
single NVIDIA H100 GPU. Even with just 100 steps, MEP-DIFFUSION achieves better reconstruction quality than baselines while main-
taining reasonable computation time. Additional sampling steps provide further quality improvements at the cost of longer reconstruction
times.

Errors range from minor issues, such as slice misordering
and missing or extra atoms, to more significant ones, in-
cluding incorrect local structures and resolution loss. Most
errors involve atomic displacement along the depth dimen-
sion, even though the depth sum image remains accurate.
These issues likely arise from limited depth information
recorded in the 4D diffraction dataset [49], making true
atomic structure recovery uncertain, especially within the
depth dimension. Additionally, the generative prior may
contribute to some errors. We have included more quali-
tative examples in Appendix G to illustrate these errors.

7. Future Directions

While our learning-based approach advances multislice
electron ptychography (MEP), further improvements are
needed. Specifically, enhancing robustness to weak guid-
ance at low electron doses 103 e−/Å2 or lower is critical
for dose-sensitive materials. Current methods struggle with
depth reconstruction under these conditions. Additionally,
developing principled methods for uncertainty quantifica-
tion in atomic positions is crucial for experimental datasets,
particularly when noise is significant. Another important
direction is improving the quantitativeness of reconstruc-
tions, enabling accurate recovery of atomic species and lo-
cal chemical compositions from phase signals. Addressing
these challenges could improve MEP and provide valuable
insights for both machine learning applications and scien-
tific discovery. We will release our code and model check-
points with a future manuscript that extends this work.

8. Conclusion
We present MEP-DIFFUSION, a diffusion model trained on
crystal structures, which we combine with an existing phys-
ical forward model through DPS for multislice electron pty-
chography reconstruction. Our approach addresses limita-
tions of current ptychographic reconstruction methods: tra-
ditional optimization methods are slow and struggle with
depth ambiguity.

We find the shifted sigmoid guidance schedule is es-
sential for guided sampling in this specific domain. Sam-
pling with the typical guidance schedules leads to degen-
erate solutions with poor depth resolution. By gradually
reducing the physical model’s influence during sampling,
MEP-DIFFUSION can recover realistic atomic-scale struc-
tures while maintaining consistency with measured diffrac-
tion patterns.

The combination achieves substantial quantitative im-
provements over existing methods, with statistically signif-
icant gains across all metrics. Most importantly, it success-
fully reconstructs distinct depth slices where baseline meth-
ods collapse to uniform solutions, addressing a key chal-
lenge in 3D ptychographic imaging. The method offers
flexible quality-to-time trade-offs and performs well even
with just 100 sampling steps. This work demonstrates that
incorporating a generative prior over crystal structures into
the reconstruction process can significantly improve pty-
chographic reconstruction quality.
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