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Flow-Matching-Based Posterior Sampling for Single-Shot Phase Retrieval in Cryo-EM
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1. Introduction

Cryo-electron microscopy (cryoEM) reconstructs
three-dimensional biomolecular structure from
many two-dimensional projections of particles frozen
in vitreous ice [1]. Despite its high-resolution po-
tential, cryoEM is limited by low-dose imaging and
by the fact that detectors measure only intensity,
while the phase of the complex-valued electron exit-
wave—carrying most specimen-dependent informa-
tion—is not directly observed. Defocus-based imag-
ing partially converts phase variations into intensity
contrast, and hardware phase-contrast methods such
as phase plates can further improve contrast, but
at the cost of additional instrumentation and opera-
tional complexity [2].

Modern single-particle cryoEM reconstruction
pipelines typically rely on linearized weak-phase,
projection-based image formation models summa-
rized by the contrast transfer function [3, 4]. Com-
putational phase retrieval targets this limitation by
explicitly recovering the complex exit wave under a
physics-based forward model, and cryoEM-specific
work has shown that moving beyond these linearized
assumptions can mitigate systematic reconstruction
artifacts without requiring changes to standard data
acquisition pipelines [5]. CryoEM-specific iterative
approaches such as Fresnel-zone phase retrieval illus-
trate both the promise and the practical limitations
of classical iterative solvers in low-dose, single-image
settings [6]. Nevertheless, phase retrieval remains a
nonlinear, noisy and ill-posed inverse problem.

Recent likelihood-based generative models, partic-
ularly score-based diffusion models and continuous-
time normalizing flows trained via flow matching,
have shown that it is possible to learn a powerful prior
po(x) from unpaired samples of the target domain
[7, 8, 9]. In these frameworks, a generative model is
trained to approximate the data distribution without
access to paired measurement data, and at inference
time this learned prior can be combined with a dif-
ferentiable forward model and a likelihood term to
sample from the posterior distribution

p(xly) o p(ylx)po(x), @

using gradient guidance or sampling dynamics that
steer the generative process toward measurement
consistency. Because this prior is learned indepen-
dently of the forward operator, this approach avoids
the need for task-specific paired (x, y) datasets, and
methods such as Diffusion Posterior Sampling and
FlowDPS demonstrate how these ideas can be effi-
ciently implemented for general noisy inverse prob-

lems [10, 11].

In this work, we propose a single-shot learning-
based phase retrieval approach for cryoEM that lever-
ages FlowDPS [11] style posterior sampling with a
flow matching prior trained on simulated 2D phase
maps and a differentiable cryoEM image formation
model. Our method is designed to support phase
retrieval from a single noisy measurement without
specialized phase-contrast hardware. In our exper-
iments, flow-driven posterior sampling appears to
remain promising in a challenging nonlinear, noise-
dominated phase retrieval setting, extending beyond
the mainly linear inverse-problem regimes empha-
sized in prior evaluations.

2. Method
2.1 Phase retrieval problem formulation

Let r denote the real-space image coordinates. The
specimen gives rise to a complex-valued exit wave
Vexit (). The microscope transfers this wave through
a known linear imaging operator, which we express
in real space as a convolution with a point spread
function h(r),

lﬁimg (r) = lﬁexit(r) ® h(r). (2

The detector records an electron-count image
whose statistics are approximated as Poisson:

y(r) ~ Poisson(A(r)),  A(r) = a|Yimg(r)%,  (3)
where a converts intensity to expected counts (set by
dose and detector gain).

Phase retrieval is the problem of recovering the

complex exit wave iyt from a single intensity mea-
surement y. This is posed as Bayesian inference,

P (Vexitly) o p(ylVexit) P (Vexit)» (4)

where the likelihood p(y|exit) is defined by the for-
ward model above and p(Yeyit) is a learned prior over
physically plausible exit waves.

2.2 Flow prior via flow matching
We learn a generative prior over phase maps x(r),
and construct exit-wave candidates via

Yexit (1) = exp(ix(r)). (5)

The phase prior pg(x) is modeled as a continuous
normalizing flow defined by a time-dependent veloc-
ity field vy (x, t), where 6 is the set of learnable model
parameters.
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The vector field is trained using Gaussian flow
matching, which specifies an explicit conditional
probability path p(x;|xo, x1) connecting samples from
a simple base distribution py(x) (often chosen to be
the standard normal N (0, I)) to samples from the data
distribution pgaa(x) [9]. Concretely, we use the linear
Gaussian conditional path

x=(1-t)xo+tx;, te[0,1], (6)
where xo ~ N (0,I) and x1 ~ pgata(x). Along this path,
the conditional velocity is given by the time derivative

dxt

E = X1 — Xo, (7)

Ja'[ =
which serves as the target conditional vector field.
The network is trained using the conditional flow
matching objective [9]:

Exo,)q,t [”UG(Xta t) - (xl - xo)“z] . (8)

After training, samples from the learned prior are
obtained by integrating the ordinary differential equa-
tion

& o vp(xnt), t:0—>1, )

dt
yielding samples x ~ pg(x). This learned prior cap-
tures structural regularities of physically plausible
phase maps and is used for posterior inference.

2.3 Flow driven posterior sampling
To solve the inverse problem, we draw samples
from the posterior

p(xly) o p(ylx)pe(x), (10)

by modifying the flow dynamics at inference time
in the spirit of FlowDPS. FlowDPS motivates poste-
rior sampling in flow models by adding a likelihood-
gradient term to the unconditional velocity field,
yielding a posterior velocity of the form

0 (xrly) = 0r(x) = 4V, log p: (ylxy). (11)

Since the score function at each timestep
Vi, log p:(y|x;) is generally intractable, FlowDPS
adopts the DPS approximation V,, logp:(y|x;) =
Vy, logp (y|E[xo|x:]), i.e., applying data-consistency
gradients through a clean (denoised) estimate [11].

Concretely, starting from xy ~ N (0, I), we integrate
the learned flow. At time ¢ with state x;, the model pre-
dicts vg(xs, t), and we form a clean endpoint estimate
using the linear-flow identity

X1 =x + (1= t)va(xs, 1), (12)
which approximates a sample from the data distribu-

tion. We then enforce data consistency by performing
a small number of gradient descent steps on i,

f1— %1 = GV ||y - [exp(isi(r) @ k()| (13)

and then recombine the updated clean estimate x;
with the corresponding noise component before pro-
ceeding with the flow integration. This matches the
FlowDPS view that posterior sampling can be imple-
mented by adding a likelihood-gradient correction
(approximated via a clean estimate) to the uncondi-
tional flow dynamics.

2.4 Training data and model

We train the flow prior on a dataset of simulated
exit-wave phase maps derived from a known macro-
molecular structure. Specifically, we use atomic coor-
dinates of the Thermoplasma acidophilum 20S protea-
some [12]. The dataset contains 20,000 phase maps of
size 256 x 256, which are downsampled to 64 x 64 via
binning.

The velocity field vy (x, t) is parameterized by a
convolutional U-Net-style architecture with residual
blocks and multi-head self-attention at selected spa-
tial resolutions, following common design choices
in diffusion and flow-based generative models [7, 8].
The network is trained using the flow-matching ob-
jective described in Section 2.2.

3. Initial Results

We evaluated experimental cryoEM particle im-
ages of the Thermoplasma acidophilum 20S protea-
some (T20S) from the EMPIAR-10025 dataset [12],
down-sampled from 256x256 to 64x64, and compared
against a classical iterative phase retrieval baseline
[6]. For each measurement, we generate 10 posterior
samples and report their average to mitigate occa-
sional hallucinated features. On representative parti-
cles (Fig. 1), our method often yields reconstructions
that appear higher-contrast and more structured than
those from the iterative baseline. Overall, these obser-
vations suggest that combining a learned flow prior
with FlowDPS-style, physics-guided posterior sam-
pling can be helpful for single-shot phase retrieval in
a nonlinear, noise-dominated experimental setting.
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Fig. 1: Single-shot phase retrieval on experimental
cryoEM particle images. Top: raw intensity mea-
surements. Middle: classical iterative phase re-
trieval. Bottom: proposed flow-driven posterior
sampling result.
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