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1. Introduction

Cryo-electron microscopy (cryo-EM) has emerged
as a powerful imaging modality for resolving the
structures of biological macromolecules at near-
atomic resolution [1]. By rapidly freezing specimens
in vitreous ice, cryo-EM enables imaging of biologi-
cal samples in a close-to-native state while avoiding
crystallization. Despite its remarkable success, cryo-
EM imaging remains fundamentally constrained by
extremely low electron dose requirements, which are
necessary to mitigate radiation damage to sensitive
biological structures [2].

One of the central challenges in cryo-EM im-
age processing is phase retrieval. Due to the na-
ture of electron imaging systems, the recorded mea-
surements correspond to intensity-only observa-
tions in the detector plane, while the phase infor-
mation—critical for accurate structural reconstruc-
tion—is not directly accessible [3]. Recovering phase
information from noisy intensity measurements con-
stitutes a severely ill-posed inverse problem, particu-
larly under the stringent dose limitations inherent to
cryo-EM [4].

A variety of techniques have been developed for
phase retrieval in cryo-electron microscopy. In prac-
tice, the most widely adopted approach is based on
the contrast transfer function (CTF), which provides
a linearized approximation under the weak-phase
object assumption and forms the backbone of mod-
ern cryo-EM reconstruction pipelines [5]. However,
this linear assumption fundamentally limits high-
resolution recovery and is particularly susceptible
to the zero-crossing problem, where essential spatial
frequency components are completely suppressed
[6]. To overcome these limitations, iterative phase
retrieval methods [7] have been explored by enforc-
ing measurement consistency and prior constraints
through repeated optimization. While capable of
modeling nonlinear effects beyond CTF correction,
these methods often exhibit slow convergence, strong
sensitivity to initialization, and degraded robustness
under low-SNR conditions.

In recent years, learning-based approaches have
been increasingly investigated for cryo-EM inverse
problems, including denoising, CTF correction, and
phase retrieval [8, 9, 10, 11]. Despite their promising
performance, these methods typically suffer from
limited generalization and strong dependence on
training distributions. More recently, diffusion prob-
abilistic models have achieved state-of-the-art per-

formance in image generation and restoration by
learning a stable denoising process from a Gaussian
prior [12, 13, 14]. Beyond unconditional generation,
diffusion models have been extended to conditional
and physics-guided inference for inverse problems
[15], demonstrating strong performance in severely
ill-posed imaging tasks such as deblurring, super-
resolution, and tomographic reconstruction.

Applying diffusion models directly in pixel space
for cryo-EM phase retrieval is challenging due to the
extremely low signal-to-noise ratio of the measure-
ments and the high spatial resolution of cryo-EM im-
ages, which together lead to unstable conditional
guidance and prohibitive computational cost. In
the proposed framework, a variational autoencoder
serves as a structure-aware dimensionality reduction
module that enhances the effective signal-to-noise
ratio by suppressing noise-dominated components
while preserving essential structural features from
iterative phase retrieval results. Diffusion inference
is therefore performed in this compact latent space,
enabling stable and efficient conditional phase re-
trieval. Asillustrated in Fig. 1, the measured intensity
is first computationally propagated back to the exit-
wave plane using an iterative phase retrieval method,
encoded into a low-dimensional latent representa-
tion, and subsequently refined and decoded back to
the clean high-resolution phase image domain after
diffusion model and decoder, respectively.

In this framework, the variational autoencoder
(VAE) [16] learns a compact latent representation that
preserves essential structural information while sup-
pressing high-frequency noise. Operating diffusion
inference in this lower-dimensional and structured
latent manifold improves stability and contrast un-
der extremely low-SNR conditions. By integrating
measurement consistency with learned generative
priors in latent space, the proposed method enables
robust phase retrieval without performing diffusion
directly in pixel space, while substantially reducing
computational cost and accelerating both training
and sampling.

The main contributions of this work are as follows:
we propose a latent conditional diffusion framework
for cryo-EM phase retrieval, in which diffusion infer-
ence is performed in a variationally learned latent
space. By integrating measurement consistency with
learned generative priors, the proposed method en-
ables robust phase retrieval. Experiments on both
simulated and real cryo-EM datasets demonstrate im-
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proved phase reconstruction fidelity and significantly
reduced computational cost, making the approach
practical for large-scale cryo-EM data processing.
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Fig. 1: The proposed network framework diagram. (a)
represents the training process of the variational
autoencoder, (b) represents the training process of
the conditional diffusion model, and (c) represents
the generation process of the entire method.

2. Method

As illustrated in Fig. 1, the proposed frame-
work consists of two main components: a varia-
tional autoencoder (VAE) and a conditional diffu-
sion model, which are trained separately and jointly
used during inference to perform cryo-EM phase
retrieval from real measurements through an en-
coder-diffusion-decoder pipeline.

Fig. 1 (a) depicts the training process of the VAE.
We employ a dataset of 10,000 high-resolution cryo-
EM images of size 256 x 256, which are compressed
by the encoder into a 64 x 64 latent representation
and subsequently reconstructed by the decoder back
to the original resolution with minimal information
loss. This learned latent space provides a compact
and structured domain in which diffusion-based in-
ference can be conducted more efficiently and stably
than in the original pixel space.

Fig. 1 (b) illustrates the training procedure of the
latent conditional diffusion model for phase retrieval.
A dataset of 10,000 clean high-resolution phase im-
ages and their corresponding measurements is used
for training. The measurements are processed by an
iterative phase retrieval method and encoded into
the latent space using a pretrained encoder. In the
latent domain, Gaussian noise is progressively added
to clean phase representations, while the encoded
phase-consistent measurements serve as conditional
inputs. The diffusion model is trained to perform
conditional denoising in latent space, learning a gen-
erative prior consistent with both cryo-EM imaging
physics and the underlying phase distribution.

Fig. 1 (c) depicts the inference pipeline for single-
shot cryo-EM phase retrieval. A measured obser-
vation is first processed by an iterative phase re-
trieval method and encoded into latent space using
the trained encoder. The latent representation is com-
bined with Gaussian noise and refined through an
iterative reverse diffusion process to recover a latent

phase estimate, which is finally decoded to produce
the high-resolution phase image.
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Fig. 2: The reconstruction result of the phase re-
trieval algorithm based on simulation data.
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Fig. 3: The reconstruction result of the phase re-
trieval algorithm based on real experimental data.

3. Result

Fig. 2 and Fig. 3 present the validation results on
simulated and real experimental cryo-EM datasets,
respectively. The experimental cryo-EM data used in
this study are obtained from the publicly available
EMPIAR database, specifically EMPIAR-10025, which
corresponds to the 2.8 A resolution reconstruction of
the Thermoplasma acidophilum 20S proteasome [17].
We compare the original measurements, reconstruc-
tions obtained using iterative phase retrieval meth-
ods, and the results produced by the proposed latent
conditional diffusion framework. For fair compari-
son, both the raw measurements and the outputs of
traditional methods are additionally processed using
a low-pass filter. Across both simulated and experi-
mental settings, the proposed method consistently
recovers higher-resolution phase information and ex-
hibits superior structural fidelity compared with con-
ventional approaches under identical filtering condi-
tions, yielding enhanced structural detail and more
reliable phase reconstructions.
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