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1 Abstract

We present an advance in computational solution of the crystallographic “phase
problem”. The diffraction data used in Bragg Coherent Diffraction Imaging ex-
periments are “oversampled” because there are many more measurement points
than unknown pixel values. Their inversion in the presence of noise often leads
to multiple solutions. Here we reexamine diffraction data measured previously
on thin films of superconducting La1.93Sr0.07CuO4 material on its (103) Bragg
peak with bursts of single pulses of X-ray Free Electron Laser radiation. We
demonstrate that the diffusion model is able to filter these solutions sufficiently
to give reproducible images. The images show nanometer-sized regions of mate-
rial phase-shifted with respect to each other. These are expected from the use
of the Atomic Layer Epitaxy methods used to prepare the samples.

2 Introduction

X-ray Bragg diffraction with a focused coherent beam is a powerful experimen-
tal method for imaging domains in thin films. Domains, which form during the
growth of thin films, are phase-shifted with respect to each other when they
contribute to Bragg diffraction spots. The phase shifts give rise to interfer-
ence “speckles” in the diffraction, which encode the structure. Inverting the
diffraction to an image is difficult because of the “phase problem” inherent to
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all diffraction, that only the intensity of the speckles can be measured and the
relative phase of the X-rays hitting is lost in the detection process. Neverthe-
less, knowledge of the domain structure is important to understand the growth
mechanism of the films, so it can be optimized for applications, which motivates
the development of computational inversion algorithms.

We first need to consider that the phase-domain problem is more difficult
to solve than the more conventional application of Bragg Coherent Diffractive
Imaging (BCDI) to moderately strained crystals [1], which fall in the “weak
phase” limit. Distortions of a crystal smaller than a half a lattice spacing lead
to shifts, ϕ, of their contribution to the diffraction of −π/2 < ϕ < π/2. Up to
this level of distortion, these signals can be considered to be in phase with the
rest of the crystal and modulate the signal due to the shape of the crystal, in the
form of fringes surrounding the central Bragg peak. These diffraction patterns
can be inverted by iterative algorithms, which switch back and forth between
complex real-space images and reciprocal-space diffraction patterns by alternat-
ing Fourier transforms. On each iteration, the diffraction signal is updated by
overwriting the measured magnitude (square root of intensity) and retaining
the phase, while the image is updated by a “real-space constraint” [2]. This
is most commonly the application of a “support” mask to zero (or overdrive)
the image outside a known region. The support, which is central to the success
of these algorithms because it enforces the Shannon-Nyquist “oversampling” of
the diffraction pattern signal, can be dynamically updated during the iterative
cycling by the “shrink-wrap” method [3]. This method has become the standard
procedure [1] for BCDI and has recently been augmented by AI methods based
on convolutional neural networks (CNNs) [4, 5, 6].

As soon as the phase shift goes beyond −π/2 < ϕ < π/2, cancellation of
the diffraction starts to take place by interference. This is seen directly in the
diffraction data as the start of peak splitting, where the central peak becomes
broken into multiple maxima. Phase domain structures have unlimited phase
shifts, so they can be represented by complex numbers with −π < ϕ < π. It was
shown by qualitative arguments, under certain assumptions, that the number
of central peaks in the diffraction pattern is equal to the number of domains
in the structure [7], which is a useful guide. It is found experimentally that
both the iterative methods and CNNs described above start to fail when this
situation arises. The failure is characterized by apparent non-uniqueness of the
solution: different random seeding of the algorithm leads to different solutions.
In simpler cases, for structures containing just a few domains, similar-looking
solutions are generated.

Theoretical considerations of the uniqueness of this phase problem [8] have
concluded that, since it is mathematically overdetermined by the Shannon-
Nyquist oversampling, a unique solution should exist in two (2D) or three di-
mensions (3D). One-dimensional phase problems are non-unique in the sense
that the complex diffraction pattern can be expressed as a polynomial function,
which can be factorized by solving for the roots; each factor in the expansion
product of the polynomial can be conjugated, so there are 2n possible n’th-order
polynomials that have the same magnitude. Since factorizing 2D and 3D func-
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tions is rarely possible, these are protected from non-uniqueness. According
to Bates [8], these situations would be “pathological” exceptions. This argu-
ment, however, does not apply to experimental data that always contains noise.
There is generally no solution to the phase problem for noisy data. Neverthe-
less, a good algorithm, with an appropriately chosen loss function, for example,
the Euclidean distance squared (chi-square), should get close to a solution, but
there is no guarantee this is unique. Noise is therefore understood to lead to a
distribution of solutions, consistent with the collected wisdom of a large number
of experimental trials by a large number of practitioners of BCDI.

This provides an opportunity which has been incorporated into BCDI phas-
ing procedures, incorporated into more recent software packages [9, 10]. Good
data with less noise should lead to a narrower distribution of solutions, but
there will always be outliers, for example, when the conjugate solution (in-
distinguishable from the original by the symmetry of the Fourier transform)
becomes mixed with the true solution. A scatter approach of performing many
reconstructions and filtering the results by some objective function, then av-
eraging the good results has shown success. The “cdi-utils” package employs
the “mean-to-maximum” ratio to select the good data and performs a common-
mode selection of the best [10]. The “Guided HIO” method [9] selects based on
the sharpness of the image, then breeds a new generation of starting models for
further cycles. In both cases, the “twin” conjugate images have to be detected
and corrected before merging solutions. In this current work, we accept there
will always be a range of solutions from experimental data and adopt the idea
of filtering a distribution of solutions to obtain the “best” result.

3 Background

We previously developed a convolutional neural networks (CNN) to invert diffrac-
tion patterns from a thin film of La2-xSrxCuO4 cuprate measured with single
pulses of X-rays from an X-ray Free-electron Laser (XFEL) [11]. The experiment
was described in the previous publication, but summarized here. The supercon-
ducting sample, with a thickness of 40 repeats of the La and Cu layers along
the c-axis, was grown layer-by-layer in an Atomic Layer Epitaxy (ALE) growth
chamber. Coherent X-ray diffraction patterns were measured at the (103) Bragg
peak using the MID endstation [12] of the European XFEL in Hamburg using
140-pulse bursts of 50-fs X-ray pulses at a 2-MHz repetition rate. Beam attenu-
ators were used so that the sample was not damaged by the beam, allowing 2000
frames of 140 pulses to be collected. The observed response included possible
thermal fluctuation of the double-crystal monochromator, which was in place.
Big fluctuations of intensity both between trains and within the pulse trains
were observed, attributed to the Self Amplified Spontaneous Emission (SASE)
process of the XFEL. Full details of the experiment are provided in ref [11].

The overall goal of this work is to understand the origin of the fluctuations
seen in the data, particularly to establish whether variations of the beam po-
sition on the sample were important. This requires inversion of the diffraction
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patterns to real-space images, which can be interpreted. The data, which are
inverted using the diffusion model here, consisting of a few photons per pulse,
were merged into two diffraction patterns as described below in section 4.3.
The diffraction patterns are strongly speckled with an elongated diagonal el-
lipse shape for both the speckles and their envelope describing the Bragg peak
itself; this is explained by the sample geometry and the beam footprint [11]. The
speckle pattern is interpreted as coming from phase domains, which are due to
the epitaxial growth of the sample. Crystalline regions of the La2-xSrxCuO4

film nucleate at step edges and other defect sites in the substrate, which lead
to phase shifts between the resulting crystal domains. The number of speckles,
corresponding to the approximate number of domains in the beam [7], is about
50. This number was therefore used to create simulated diffraction patterns,
which were then used for training of the diffusion model, as described below in
section 4.5.

The previous analysis [11] used a UNet consisting of three convolutional lay-
ers of encoder and decoder and skip connections between them. A single-channel
diffraction pattern was applied to the first layer of the encoder, and two channels
appeared at the output of the decoder. Rather than using separate amplitude
and phase image decoder channels, these were kept together in a combined
complex image. Because of GPU hardware limitations, the complex arithmetic
was performed explicitly on the real and imaginary sub-layer channels in the
decoder. The CNN was trained on diffraction patterns from simulated phase
domain arrays with randomly generated phase shifts multiplied by an ellipti-
cal beam shape, for which the ground truth was available. This complex CNN
was found to perform better than the traditional real-valued CNN, presumably
by keeping the related amplitude and phase image information together. After
training, realistic-looking images of domains were obtained with the experimen-
tal data.

Diffusion-based generative models have recently emerged as the state of the
art in sample quality and training stability [13, 14, 15]. Building on these
advances, diffusion models are now widely used as a powerful regularizer for
inverse problems, where they gradually generate solutions from a learned data
distribution while enforcing measurement consistency. In the image domain,
[16] introduces a guided diffusion framework that enables posterior sampling for
a broad class of forward operators, while [17, 18] extend this framework to effi-
ciently integrate constraint enforcement within the diffusion process. Similarly,
[19] adapts diffusion models to physics-constrained reconstruction tasks such
as MRI and CT, demonstrating improved robustness under severe undersam-
pling. Another important application area is the reconstruction of full spatial
or spatiotemporal fields from sparse measurements, where diffusion models are
combined with partial differential equation (PDE) constraints to guide the re-
covery of physically consistent solutions. [20, 21]. Closely related inverse prob-
lems arise in ptychography for electron microscopy [22] and X-ray imaging [23],
where the goal is to recover complex-valued images from measured diffraction
intensities in the presence of missing phase information.
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(c) Guided Diffusion for Inverse Problems
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Figure 1: Overview of proposed physics-guided reconstruction framework. a
During training, clean data samples x0 are progressively perturbed with Gaus-
sian noise to obtain xt, and a denoising network is optimized to predict the in-
jected noise through an ϵ-matching loss. b Then, the pretrained diffusion model
progressively removes noise to synthesize samples x0 that reflect the learned data
distribution. c During inference, at each reverse-diffusion step, the model inte-
grates measurement constraints via the forward operator A. Gradients of the
likelihood, ∇xt log p(y|xt), guide the sampling so that the final reconstruction
x0 is both physically consistent with the observation y while adhering to the
learned prior.

5



4 Method

An overview of the proposed physics-guided diffusion reconstruction framework
is shown in Figure 1. This section provides a detailed description of the method.

4.1 Diffusion models

Diffusion models [13, 14, 15, 24] are a class of generative models that pro-
gressively learn the data distribution by simulating both forward and reverse
stochastic processes. The forward process gradually perturbs a data sample
x0 ∼ p0 into Gaussian noise through a stochastic differential equation (SDE):

dxt = −βt

2
xt dt+

√
βt dwt, (forward SDE),

dxt =
[
−βt

2
xt − βt∇xt

log pt(xt)
]
dt+

√
βt dw̄t, (reverse SDE),

(1)

where t ∈ [0, T ], βt denotes the noise schedule, wt and w̄t are independent
Wiener processes, and ∇xt

log pt(xt) is the score function [14].
The score is approximated by a neural network sθ(xt, t) trained with the

denoising score-matching objective [25]:

min
θ

Ex0,t,xt∼p(xt|x0)

[∥∥sθ(xt, t)−∇xt
log pt(xt|x0)

∥∥2
2

]
. (2)

Once the score model is learned for all t, integrating the reverse SDE yields a
clean sample x0 starting from pure noise.

4.2 Guided Diffusion models for inverse problems

For an inverse problem, the objective is to sample from the posterior distribution
p(x|y) given a measurement y. This is achieved by modifying the reverse SDE
in Eq. (1) to incorporate the posterior score ∇xt log pt(xt|y) [16]:

dxt =
[
−βt

2 xt − βt∇xt
log pt(xt|y)

]
dt+

√
βt dw̄t. (3)

Using Bayes’ rule, the posterior score decomposes as

∇xt
log pt(xt|y) = ∇xt

log pt(xt) +∇xt
log pt(y|xt). (4)

The prior score ∇xt
log pt(xt) is provided by the pretrained diffusion model.

From [16], the likelihood score is approximated via the gradient of a measurement-
alignment, such as ∇xt

log pt(y|xt) ≈ ∇xt
log pt(y|x̂0) = −λ∇xt

[
∥y−A(x̂0)∥22

]
,

where λ is a guidance weight and A denotes the forward operator. x̂0 is denoised
estimate of xt from Tweedie’s formula [24, 26]. This guided reverse diffusion
ensures that reconstructed samples remain consistent with the measurement y
while adhering to the prior distribution learned by the diffusion model.
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4.3 Dataset and preprocessing

We consider two types of coherent diffraction datasets, including synthetic data
and experimental data.

Synthetic data. The first is a synthetic dataset generated according to
the procedure in [11]. Each sample contains both the diffraction intensities and
the corresponding object image, represented by its amplitude xamp and phase
xphs. This dataset is used for training the diffusion model and for evaluating
its reconstruction accuracy. The trained model further serves as a pretrained
prior for inference on real experimental data. The diffraction patterns are first
converted to amplitudes by taking the square root of the measured intensities,
y =

√
Isyn. These amplitudes are then normalized by the global maximum to

yield ỹ = y
maxn yn

. On the object side, we also normalize the object images by
their global maximum and compute their real and imaginary components using
the following transformation

x =
[
xre, xim

]
=

[
xamp cos(xphs), xamp sin(xphs)

]
∈ R2×64×64, (5)

where x is the data representation for training the diffusion models. Conversely,
to compute the forward model described in Sec . 4.6, the inverse transformation
from real and imaginary components back to amplitude and phase is

xamp =
√
x2
re + x2

im, xphs = tan−1

(
xim

xre

)
(6)

Together, these transformations provide a bijective mapping between (xre, xim)
and (xamp, xphs).

Experimental data. The experimental data used for the second test were
measured during the same X-ray Free Electron Laser (XFEL) beamtime as
our previous work [11]. To summarise, we used the Materials Imaging and
Dynamics (MID) instrument of the European XFEL facility [12]. The 8.8 keV
photon energy beam was monochromated and focused with compound refractive
lenses onto a 75 nm thin-film sample of La1.93Sr0.07CuO4 (LSCO), epitaxially
grown on an LaSrAlO4 (LSAO) substrate [27]. The sample was aligned on
its (103) Bragg peak, whose diffraction was recorded on the MID adaptive gain
integrating pixel detector (AGIPD) situated 8 m from the sample at a 2θ angle of
29◦. The diffraction patterns from 140 sequential pulses of X-rays were recorded
at a repetition rate of 2.2 MHz. Strong speckles were found to arise from the
domain structure of the epitaxial thin film.

In this work, we have chosen to follow pulse train 50 of run 108, which was
particularly strong. The data were corrected using the detector calibrations,
then background subtracted and cleaned by omitting pulses that correlated with
the average with a Pearson coefficient less than 0.25. This yielded 79 out of 140
frames with stronger intensity. These were merged into two groups upon the
suggestion that there was some visible change taking place in the middle of the
train. Dataset 1 was the sum of the first 24 frames of the train, while dataset 2
was the sum of the last 55 frames of the cleaned sequence. By comparing images
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obtained from both datasets, separated in time by about 32µs, we sought to
understand what caused this change during the experiment.

Unlike the synthetic dataset, these measurements contain only diffraction
intensities and no paired object images. Thus, experimental data are used
exclusively for inference with the pretrained diffusion model. Each experimental
diffraction pattern has dimensions Iexp ∈ R128×102, where non-positive pixels
are set to zero. The diffraction patterns were then symmetrically padded along
the horizontal direction to a width of 128 and subsequently downsampled by a
factor of two in both dimensions to obtain 64× 64 images.

3D synthetic data. To evaluate scalability to volumetric phase retrieval,
we additionally generate a 3D synthetic dataset of size 323. Each 3D object
is constructed by superimposing 50 randomly shifted 3D Gaussian blobs with
random complex phases inside an ellipsoidal Gaussian support. The support
mask is obtained by thresholding a 3D Gaussian field at 0.15 with parameters
(σx, σy, σz) = (6.0, 10.0, 8.0) and a fixed in-plane rotation. The diffraction mea-
surement is simulated as the magnitude of the Fourier transform of the masked
complex object. In total, 10,000 samples are generated. Following the 2D pro-
tocol, we use the raw object amplitude and phase as ground truth and apply
global normalization over the training set.

4.4 Diffusion Models and Architecture

We employ a Gaussian diffusion model operating on complex-valued objects
represented as two channels (real and imaginary), x0 ∈ R2×64×64, and condi-
tioned on measured diffraction data y ∈ R64×64. We adopt a Gaussian diffusion
process with T = 500 steps. For each training example and a randomly sampled
t ∈ {1, . . . , T}, we construct a noised input xt =

√
ᾱt x0+

√
1− ᾱt ϵ, where ᾱt is

the cumulative product of the noise schedule and ϵ is standard Gaussian noise.
The denoising network then takes the noised input xt along with the timestep
t and predicts the noise ϵ.

The denoising model processes inputs at a spatial resolution of 64×64 pixels
and uses a hierarchical architecture, UNet [28, 15], in which the number of
feature channels increases as the spatial resolution decreases. Starting from a
base width of C = 128 channels, the model expands the feature capacity by
factors of 1, 2, 3, and 4 at successive stages, resulting in feature dimensions of
128, 256, 384, and 512 channels. At each level, the network applies two residual
blocks, and spatial self-attention is applied at the 16× 16 resolution to capture
long-range spatial relations. Timestep conditioning is provided by a sinusoidal
embedding followed by a two-layer MLP of width 512, injected into all residual
blocks. The model outputs a 2-channel noise estimate matching the shape of xt.
The final prediction head consists of a normalization layer, a SiLU nonlinearity
[29], and a 3× 3 convolution.

3D extension. For the 3D experiments, we keep the diffusion posterior
sampling algorithm unchanged and replace the 2D UNet backbone with a 3D
UNet. All convolutional, residual, and up/down-sampling operations are ex-
tended from 2D to 3D using 3 × 3 × 3 kernels, while preserving the hierarchi-
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cal encoder–decoder structure and skip connections. The 3D network operates
on volumetric inputs of size 323 and maintains the same timestep condition-
ing mechanism as in the 2D model. The model takes a two-channel condition
formed by duplicating the 3D diffraction amplitude and predicts the real and
imaginary components of the 3D object volume. The output therefore has shape
xt ∈ R2×32×32×32, from which amplitude and phase are computed.

4.5 Training

Although diffusion models are traditionally formulated using denoising score
matching (Section 4.1), modern implementations commonly adopt the equiv-
alent noise-prediction (ϵ-prediction) parameterization [13], which we follow in
our work. This formulation is mathematically equivalent to the score-matching
objective, while being simpler to implement and empirically more stable. At
each timestep t, the network predicts the Gaussian noise ϵθ(xt, t) injected into
the noised sample xt. The training loss is therefore:

Ltrain(θ) = En,t,ϵ

[∣∣ϵ− ϵθ(xt, t)
∣∣2
2

]
. (7)

Training is conducted on an NVIDIA A100 GPU using mixed-precision (FP16)
arithmetic to improve computational efficiency. An exponential moving average
(EMA) of the model parameters is maintained throughout training, following
standard practice in diffusion-model training [15, 13]. We employ the Adam
optimizer [30] with learning rate 10−4 and batch size 100.

4.6 Inference

At test time, inference is performed using the pretrained diffusion model under a
measurement-guided reverse diffusion process. Given an observed measurement
y, samples are drawn from the learned reverse diffusion process while enforcing
the measurement-alignment constraint introduced in Eq. 4.2. To approximate
the likelihood score, we employ the combination of ℓ1 and ℓ2 loss to compute
measurement-alignment, ∇xt log pt(y|x̂0) = −∇xt

[
λ1∥y − A(x̂0)∥1 + λ2∥y −

A(x̂0)∥2
]
, where the forward operator A(·) is defined as

A(x) =
∥∥FFT(xamp e

j2πxphs
)∥∥. (8)

Here, A(x) computes the magnitude of the Fourier transform of the complex-
valued object constructed from its amplitude xamp and phase xphs. ℓ1 loss pro-
motes robustness and considers the inherent sparsity of the diffraction patterns,
while the ℓ2 loss provides stability and encourages smooth convergence during
reconstruction. We set λ1 = λ2 = 0.5 to balance their contribution equally.
Incorporating this measurement consistency into the reverse diffusion process
ensures that reconstructed samples align with the physical constraints imposed
by y, while remaining consistent with the learned data prior. For real experi-
mental data, reconstructed samples are further refined through gradient-based
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measurement-alignment steps applied after the diffusion process. An approxi-
mate support constraint is imposed using a Gaussian-shaped binary mask Gsup,
and refinement is performed for a fixed number of iterations with a step size of
10−4 to enhance alignment with the observed diffraction pattern.

4.7 Evaluation Metrics

Reconstruction Errors. To evaluate the consistency between predictions
and ground truth, we compute a discrepancy metric between the reconstructed
output and the reference. For each of the N samples, let xi

pred denote the
reconstructed quantity (e.g., diffraction intensity or objects), and let xgt de-
note the corresponding ground truth. Following the implementation of χ2, both
quantities are first normalized by their maximum absolute values, and the re-
construction error is defined as

χ2 =

∑(
x̃i
pred − x̃gt

)2∑(
x̃i
pred

)2
+ ε

, (9)

where x̃i
pred =

xi
pred

max(xi
pred)

, x̃gt =
xgt

max(xgt)
, and ε is a small constant for numerical

stability. The final error is reported as the average χ2 over all samples.

Correlation Analysis. The statistical consistency of the reconstructions is
evaluated through pairwise correlation matrices for amplitude, phase, and pre-
dicted diffraction patterns. For a set of N samples, we construct an N × N
correlation matrix Mi,j , extracting only the upper triangle values where 1 ≤
i < j ≤ N to avoid redundant self-correlation and duplicate pairs. While
the standard Pearson correlation coefficient is used for amplitude and observed
diffraction patterns, phase data requires a circular similarity metric to account
for its periodic nature. Before comparison, phases are aligned to remove global
constant shifts estimated within the object mask. The similarity between two
phase images, ϕ1 and ϕ2, is computed by representing the pixels as complex
numbers on the unit circle:

dcirc(ϕ1, ϕ2) =
1

S

∣∣∣∣∣∣
S∑

j=1

ei(ϕ1,j−ϕ2,j)

∣∣∣∣∣∣ , (10)

where S denotes the total number of pixels.

Modal Decomposition. To analyze structural reliability, modal decomposi-
tion is performed on the N = 100 samples. For the amplitude, which consists
of strictly non-negative values (xamp ≥ 0), Non-negative Matrix Factorization
(NMF) [31, 32] is employed to factorize the data matrix xamp ∈ RN×S into a
product of weight matrix W and basis matrix H:

xamp ≈ WH, subject to W,H ≥ 0, (11)
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where W ∈ RN×k represents the weights for each sample and H ∈ Rk×F con-
tains the k basis modes. For the phase, we utilize a circular singular value
decomposition (SVD) which is constrained within the periodic interval [−π, π]
[33]. The phases are embedded on the unit circle Z = eiϕ ∈ CN×F , centered
by the pixel-wise circular mean µunit, and decomposed via SVD on the concate-
nated real-imaginary embedding,

x′
phs = [Re(Zc), Im(Zc)] = UΣV T , (12)

where Zc = Z/µunit. The k-th physical phase mode ϕk is retrieved by projecting
the complex samples onto the k-th left-singular vector uk (the k-th column of

U) and reverting the centering process, ϕk = Arg
(
µunit ·

∑N
i=1 uk,iZc,i

)
.

5 Results

5.1 Results on synthetic data

Comparison with existing baselines. Figure 2 compares the proposed dif-
fusion posterior sampling method with two representative baselines, including
a conventional iterative algorithm, the hybrid input–output (HIO) method [9],
and a deterministic data-driven baseline based on UNet. For a fair compari-
son, both HIO and the proposed method are obtained from 500 iterations of
measurement-alignment optimization. Despite this, the HIO reconstruction ex-
hibits noticeable artifacts and larger amplitude and phase errors. Its perfor-
mance is sensitive to initialization, and due to the inherent ill-posedness of the
phase retrieval problem, the reconstructed phase shows significant discrepancies
relative to the ground truth. The UNet baseline produces a single deterministic
prediction that usually averages over multiple valid solutions consistent with the
observation. Although it recovers the overall object structure, this averaging be-
havior smooths out fine-scale amplitude features and fails to accurately capture
phase discontinuities. Such behavior is typical of deterministic neural network
predictions in ill-posed inverse problems, where multiple reconstructions can be
consistent with the same measurement. Although the proposed method uses
the same number of measurement-alignment iterations, it differs from HIO by
integrating a learned generative prior that supplies well-informed intermediate
estimates during the reverse diffusion process. This results in sharper amplitude
reconstructions with improved preservation of fine-scale structures and substan-
tially reduced phase errors. The corresponding error maps show consistently
lower errors for both amplitude and phase. Figure 2 (b) presents the distribution
of reconstruction metrics in both diffraction and object across 100 predictions.
While HIO achieves near-perfect diffraction correlation and minimal diffraction
error, this does not lead to accurate object recovery, as evidenced by its low ob-
ject correlation and broad error distribution. The proposed method maintains
low diffraction error due to the diffusion prior, but substantially outperforms
HIO in the object, achieving consistently higher correlation and lower error
with narrower distributions, indicating both accuracy and stability. Meanwhile,
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(a)

(b)

Figure 2: a Comparison of reconstruction results for different methods. From
left to right: measured diffraction pattern, reconstructed amplitude, recon-
structed phase, amplitude error, and phase error. Rows correspond to ground
truth, HIO, U-Net, and the proposed method, respectively. The proposed
method shows improved fidelity with reduced amplitude and phase errors
compared to baseline approaches. b Quantitative evaluation of reconstruc-
tion performance, including diffraction Pearson correlation coefficients, diffrac-
tion χ2 error, and object-amplitude Pearson correlation coefficients. Despite
strong diffraction consistency, HIO exhibits poor object-amplitude reconstruc-
tion, whereas the proposed method achieves consistently high correlation and
low error, demonstrating robustness; in contrast, UNet performs poorly across
all metrics and, being deterministic, yields a single-valued result for each metric.
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UNet performs poorly across all metrics and produces single-valued outputs due
to its deterministic nature, highlighting its lack of robustness.

Robustness against noise. Figure 3 (a) illustrates the robustness of
the proposed diffusion-based method under varying levels of Gaussian noise,
σ ∈ {0.0, 0.01, 0.05, 0.1, 0.2}, applied to the observed diffraction patterns. De-
spite the progressive degradation of the measurements as the noise level in-
creases, the proposed method consistently recovers the overall amplitude struc-
ture and maintains stable phase reconstructions across noise levels up to σ = 0.1.
These results demonstrate that the diffusion-based formulation, which enforces
measurement consistency during the reverse diffusion process, remains robust
to moderate measurement noise and continues to produce physically plausible
reconstructions. At the highest noise level, σ = 0.2, where the diffraction mea-
surements are severely corrupted, both amplitude and phase reconstructions
degrade noticeably, leading to increased reconstruction errors. The quantita-
tive reliability of these reconstructions is further elucidated by the probability
density distributions in Figure 3 (b). For noise levels ranging from σ = 0.0
to σ = 0.05, the performance distributions for both amplitude correlation and
phase similarity are nearly identical, with the majority of the mass highly con-
centrated above 0.99. However, as the noise increases toward σ = 0.2, the
distributions exhibit a distinct shift toward lower mean values and a notable
increase in variance, reflecting a broader spread in reconstruction quality and a
graceful degradation of robustness under severe measurement corruption.

5.2 Results on experimental data

Performance on experimental data. As shown in Figure 4, the diffusion-
based method achieves consistent reconstructions across both datasets. Al-
though the diffraction patterns from the two temporal windows appear slightly
different due to the distinct frame-summing ranges, the recovered amplitude and
phase structures remain remarkably similar across multiple sampling instances.
Notably, the reconstructed diffraction patterns in both cases align closely with
the experimental measurements, with diffraction error maps remaining consis-
tently low throughout the illuminated regions. These results indicate that the
diffusion prior acts as a robust preconditioner, successfully guiding the opti-
mization toward a physically plausible solution space and effectively handling
the inherent noise and artifacts present in real-world XFEL data.

Statistical and Modal Analysis on experimental data. The perfor-
mance and stability of the diffusion-based inverse solver were evaluated using
a set of 100 samples generated from a single ground-truth diffraction observa-
tion. In Figure 5 (a), the solver demonstrates high fidelity in satisfying physical
constraints, evidenced by the distribution of correlation coefficients where the
observed diffraction patterns are tightly centered near 0.97. In contrast, the
reconstructed amplitude and phase distributions exhibit broader variances and
lower mean correlations, approximately 0.87 and 0.72, reflecting the inherent
ambiguity in phase retrieval where multiple solutions can map to the same
diffraction pattern. This high-precision adherence to the forward model is fur-

13



(a)

(b)

Figure 3: a Each subsequent row corresponds to reconstructions obtained from
diffraction measurements corrupted by additive Gaussian noise with increasing
standard deviation, σ = {0.0, 0.01, 0.05, 0.1, 0.2}. The proposed method main-
tains stable reconstructions under moderate noise and degrades gracefully as the
noise level increases. b Probability density distributions for amplitude correla-
tion and phase similarity across the evaluated noise levels. The results remain
nearly identical and highly concentrated above 0.99 for σ ≤ 0.05. As σ increases
toward 0.2, the distributions shift toward lower mean values and an increase in
variance, reflecting a degradation in robustness.
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(a)

(b)

Figure 4: a Predictions for three samples from experimental data 1 (sum of
diffraction pattern frames 1-24) and b data 2 (sum of diffraction pattern frames
25-79), derived from the same experimental pulse but representing different tem-
poral windows. Despite the variations in the input diffraction patterns caused
by different frame compression, the recovered amplitudes and phases remain
highly similar, with only subtle variations between samples. The reconstructed
diffraction patterns and corresponding error maps demonstrate that the errors
are consistently low, indicating that the diffusion prior helps provide a robust
preconditioner for accurate experimental retrieval.
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(a) (b)

(c)

(d)

Figure 5: Statistical and modal analyses on experimental data. a Histograms
of correlation coefficients for amplitude, phase, and reconstructed diffraction
patterns across 100 samples. Bin widths are adjusted individually for each dis-
tribution to yield comparable histogram heights. b Distribution of diffraction
reconstruction errors, demonstrating tight convergence to the ground-truth ob-
servation. c Amplitude modal decomposition via NMF, showing the average
amplitude, the dominant common mode, and the second mode. d Phase modal
decomposition via circular SVD, showing the average phase, the first, and sec-
ond eigenmodes.
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ther confirmed by the diffraction reconstruction errors shown in Figure 5 (b),
where the residuals are concentrated between 0.012 and 0.015, indicating robust
convergence and numerical reliability.

To provide a more in-depth structural reliability analysis of the reconstructed
amplitude and phase, modal decomposition was performed to separate stable
features from the stochastic variations inherent in the generative process. For
the amplitude, which consists of strictly non-negative values, NMF was em-
ployed to identify the dominant structural components. In Figure 5(c), an
NMF with k = 2 basis captures 90.4% of the total amplitude energy. The lead-
ing common mode accounts for 81.9% of the reconstructed energy and closely
resembles the averaged amplitude. The second mode contributes the remain-
ing 18.1% of the energy and corresponds to amplitude fluctuations, which are
attributed to stochastic variations. For the phase, which is ranged [−π, π], a cir-
cular SVD was employed for modal analysis. In Figure 5(d), the leading phase
mode explains 54.9% of the total variance and closely aligns with the circularly
averaged phase, indicating a dominant phase structure. The subsequent mode
captures a substantially smaller fraction of the variance and exhibits higher
spatial frequencies, reflecting the stochastic phase variations.

5.3 Extension to three dimensions

BCDI data are typically measured in 3D to provide 3D spatial images, so we
tested whether the proposed method generalizes to 3D by simulating an ellip-
soidal object with 50 phase regions, using a method similar to that described
in Section 4.3. Figure 6 demonstrates the effectiveness of the proposed diffu-
sion posterior sampling method on the full 3D phase retrieval problem. The
predicted object, both amplitude and phase, exhibits strong agreement with
the ground truth, with small reconstruction errors across all three spatial di-
mensions. These results indicate that the proposed method successfully extends
from 2D to 3D settings without significant degradation. Importantly, the recon-
structed solutions remain consistent with the observed diffraction measurements
while preserving physically meaningful 3D structures. This demonstrates that
the diffusion posterior framework scales effectively to higher-dimensional inverse
problems and can recover both amplitude and phase information in volumetric
settings.

5.4 Speed of implementation

We report the average inference time required to reconstruct a single sample
from a given diffraction pattern. The HIO and UNet baselines require 0.234 s
and 0.264 s per reconstruction, respectively, while our proposed method requires
6.61 s per reconstruction.
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Figure 6: Representative results for the 3D phase retrieval problem. The first
row shows the observed diffraction pattern at the X, Y, and Z middle slices.
The second, third, and fourth rows present the ground-truth object amplitude,
the sampled amplitude generated by the proposed method, and the absolute
errors. The fifth, sixth, and seventh rows present the ground-truth phase, the
sampled phase generated by the proposed method, and the absolute errors. All
quantities are visualized at the central slices along each spatial dimension.
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6 Conclusions and Outlook

This work represents an advance in computational solution of the crystallo-
graphic “phase problem”. As we stated in the introduction, the reconstruction
of images of domains from the magnitude of their diffraction pattern is a diffi-
cult computational problem. While the data used here and in Bragg Coherent
Diffraction Imaging in general are well-oversampled in the sense that there are
many more measurement points than unknown pixel values, their inversion in
the presence of noise often leads to multiple solutions. Here, we have demon-
strated that the diffusion model is able to filter these solutions sufficiently to
give reproducible images.

The amplitude images obtained reproducibly in Figure 5 show clusters of
nearby domains with a characteristic size of about 300 nm. The clusters are
concentrated consistently within a region smaller than the assumed elliptical
support area used in the calculation. This is consistent with an image of the
beam footprint dropping smoothly off to the sides. Each domain corresponds
to a block of flat phase in the phase image obtained as the second output
channel of the algorithm; there are sharp steps in phase between the blocks,
which represent domain boundaries. These boundaries lie along the minima
of the amplitude image. It is expected at finite resolution that destructive
interference would lead to amplitude fading close to locations where the phase
changes abruptly. We note that the presence of domains and their average
size could be estimated from the statistical properties of the speckles in the
diffraction pattern. This picture of touching phase domains confirms the domain
counting ideas previously published [7].

Domains of this kind are expected in epitaxially grown thin films. Domain
physics lies at the heart of many of the theoretical ideas about the macroscopic
properties of materials. The scattering of electrons from domain walls is an ex-
trinsic contribution to the resistivity of metals at low temperatures. It might be
possible to understand the anomalous transverse resistivity of cuprate thin films
discovered a few years ago [27]. Similarly, the dielectric constant of an insulator
can be underestimated by ignoring the extrinsic contribution of domain walls.
It was discovered that the 90◦ domain wall structures favored in nanocrystals
of BaTiO3 can migrate without needing to change any internal bonds, so they
enhance the dielectric constant several-fold, even up to GHz frequencies. This
is the foundation of a new Multilayer Ceramic Capacitor industry with a large
fraction of the commercial market [34].

In the classical picture of the expected structure of epitaxial thin films[35],
islands of the nucleating film material should be locally lattice-matched to the
substrate, aligned near their centers. Misfit should build up from the center
towards the edges of the domains. When they touch, the domains of the film
will no longer be in lattice registration with each other, showing as a phase
shift at the domain wall. The lattice parameter difference with the substrate
also causes the Bragg peaks of the thin film to be shifted in-plane with respect
to the substrate, as is commonly seen[36]. Grain boundaries appear as strain
within the film, accommodating any misfit between the film and the substrate.
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Because thin films usually have 2D arrays of domains, simple 2D coherent X-ray
diffraction patterns of thin-film Bragg peaks contain all the information about
the domain structure, as revealed by the methods presented here.

The demonstrated application of the diffusion model is computationally ex-
pensive in comparison with neural-network and iterative phasing methods. How-
ever, its superior performance in generating reproducible images from different
random starting arrays makes it valuable for practical applications. The method
is expected to scale to larger array sizes where needed and is expected to work
at least as well for three-dimensional data. Its faithful reproducibility behavior
may allow it to be used in the future to develop faster algorithms with efficient
shortcuts to save on computational resources.

7 Data and Code availability

The experimental data and implementation code used to generate the results
presented in this study are available on GitHub [37].
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