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Abstract

Cryo-electron microscopy (cryo-EM) is a premier technique
for near-atomic resolution imaging of macromolecules,
yet the development of robust machine learning models
for downstream analysis is severely bottlenecked by the
scarcity of high-quality, annotated datasets. While syn-
thetic data generation offers a promising alternative, ex-
isting simulators struggle to concurrently model the vast
structural diversity of biological specimens and the com-
plex, highly structured noise inherent to realistic cryo-EM
environments. To bridge this synthetic-to-real gap, we pro-
pose CryoDiff, a novel synthesis framework that seamlessly
integrates biophysical modeling with conditional cycle-
consistent diffusion. Specifically, our biophysical engine
first generates noise-free, multi-scale micrographs that cap-
ture authentic compositional heterogeneity, cellular con-
text, and physical imaging properties. To faithfully translate
these structures into realistic noisy domains without suffer-
ing from structural hallucinations, CryoDiff employs a con-
ditional diffusion model. This generation process is regular-
ized by a cycle-consistency constraint to strictly preserve
structural fidelity, and is further refined by mask-guided
contrastive learning to accurately capture fine-grained,
spatially adaptive noise patterns. Extensive evaluations
demonstrate that CryoDiff produces highly authentic mi-
crographs that substantially boost performance in critical
downstream tasks, outperforming state-of-the-art baselines
in both particle picking and pose estimation. We will re-
lease our codebase as a flexible resource for generating cus-
tomized, task-specific datasets, aiming to accelerate algo-
rithm development and model training within the cryo-EM
community.

1. Introduction

In recent years, single-particle cryo-electron microscopy
(cryo-EM) has revolutionized structural biology, enabling
near-atomic resolution reconstructions of macromolecules
in their native states [7, 30]. By vitrifying biological
specimens and imaging them with high-energy electron
beams, cryo-EM has significantly deepened our understand-
ing of complex protein architectures and molecular mecha-
nisms [40, 48]. However, realizing its full potential remains
bottlenecked by several data-centric challenges—namely,
the scarcity of diverse datasets, inherently low signal-
to-noise ratios (SNR), and the heavy reliance on labor-
intensive manual annotations [18, 45]. Acquiring a suf-
ficient number of high-quality micrographs often requires
days of expensive instrument time, while expertly curat-
ing these datasets can take weeks. These limitations col-
lectively impede the training and generalization of robust
models for downstream tasks, including particle picking [3],
pose estimation [32], and 3D reconstruction [73, 74].

To fuel the development of learning-based cryo-EM al-
gorithms [16, 63, 73, 77], recent efforts have pivoted to-
wards synthetic data generation via biophysically inspired
modeling [11, 55, 60]. Frameworks like InsilicoTEM [60]
and LBPN [27] simulate high-fidelity multi-angle projec-
tions to approximate realistic imaging conditions, though
they incur prohibitive computational costs. Alternatively,
VirtualIce [47] improves efficiency by simulating parti-
cle behaviors—such as aggregation and preferred orienta-
tions—on top of real vitrified backgrounds. Despite these
algorithmic advances, existing simulators face two critical
hurdles: limited support for structural diversity [37, 73], and
an oversimplified assumption of additive Gaussian noise.

In practice, real cryo-EM micrographs exhibit a com-
plex, structured noise distribution comprising detector ar-
tifacts, electron scattering, radiation damage, and heteroge-
neous background signals [33, 50]. While generative ap-



proaches like CryoGEM [68] attempt to model this com-
plexity using a physics-informed GAN framework, their
lack of bidirectional constraints [75] often leads to mode
collapse, structural distortion, and limited controllability
over the noise synthesis process. While diffusion models
have recently demonstrated unprecedented success in natu-
ral image synthesis, their direct application to cryo-EM re-
mains challenging due to the domain’s extreme noise levels
and unique physical constraints.

To bridge this synthetic-to-real gap, we propose Cry-
oDiff, a novel framework integrating biophysical model-
ing with conditional cycle-consistent diffusion for realistic
cryo-EM synthesis. Our method employs a modular bio-
physical engine to generate structurally diverse components
within authentic cellular contexts, capturing true compo-
sitional heterogeneity. To translate these noise-free syn-
thetic structures into realistic micrographs, CryoDiff pio-
neers a conditional diffusion approach tailored for cryo-
EM data. Compared to GAN-based alternatives [17, 68],
our diffusion formulation guarantees stable, high-fidelity
generation without mode collapse. By explicitly condi-
tioning the reverse diffusion process on structural masks,
our method ensures that the synthesized noise features re-
main strictly aligned with the underlying biological macro-
molecules. Furthermore, the cycle-consistency constraint
acts as a robust safeguard against structural hallucinations,
a common pitfall in standard generative models. We further
introduce mask-guided contrastive learning to enhance the
representation of fine-grained features—such as edges, in-
ternal textures, and spatial noise patterns—effectively pre-
venting background conflation.

Extensive evaluations across multiple structural classes
demonstrate that CryoDiff achieves substantial gains in re-
alism, controllability, and task-specific performance. When
utilized for downstream training, our generated data con-
sistently improves particle picking accuracy (AUPRC) and
enhances the resolution of pose estimation. Our primary
contributions are summarized as follows:

• Structural Diversity & Control: We develop a ver-
satile biophysical engine that simulates cryo-EM mi-
crographs with complex compositional heterogeneity,
spatial context, and physics-informed imaging proper-
ties.

• Realistic Noise Generation: We propose a con-
ditional cycle-consistent diffusion model augmented
with mask-guided contrastive learning, surpassing
conventional noise models and GANs in capturing au-
thentic noise characteristics while preserving struc-
tural fidelity.

• Downstream Utility: We validate CryoDiff on practi-
cal tasks, demonstrating that our synthesized datasets
establish new state-of-the-art performance in particle
picking and pose estimation baselines.

2. Related Work

Cryo-EM/ET Synthesis. The development of cryo-EM/ET
data synthesis has evolved from early physics-based models
of electron scattering [10, 60] to more realistic frameworks
that account for imaging noise and sample heterogeneity
[13, 19, 24, 70, 72]. To balance realism and controllability,
hybrid simulators like VirtualIce [47] and cryo-TomoSim
[52] generate annotation-ready data with physical priors.
More recently, specialized approaches have been developed
to handle cryo-ET challenges, such as PolNet [43] for cellu-
lar variability and LBPN [27] for the missing wedge prob-
lem. However, most methods simulate noise by adding
Gaussian perturbations, which fail to capture the complex
noise patterns observed in real micrographs. To bridge
this gap, CryoETGAN [64] introduces cycle-consistent un-
paired translation, while FakET [17] leverages neural style
transfer for efficient synthesis. CryoGEM [68] further ad-
vances realism by integrating physics-based simulation with
mask-guided contrastive learning. In this work, we aim
to improve cryo-EM synthesis by introducing biophysical
modeling for structural diversity and diffusion models for
realistic noise.

Unpaired Image-to-Image Translation. Realistic noise
generation in cryo-EM can be cast as an unpaired image-to-
image translation task, where clean simulated micrographs
are mapped to realistic noisy ones without paired supervi-
sion. In vision, this has been widely studied, from early
GAN-based frameworks [8, 31, 54, 67, 76] to variants with
shared latent spaces [36], attention [28], and contrastive
learning [25, 49, 61, 71]. Extending these ideas, GAN-
based models such as CryoETGAN [64] and CryoGEM
[68] have been applied to cryo-EM/ET, though often limited
by instability and mode collapse. In contrast, our method
enables stable and structurally faithful noise generation.

Diffusion Models. Diffusion models have emerged as a
powerful generative framework, with DDPMs defining a
forward noise process and learning its reversal [21, 58].
Early efforts focused on sampling efficiency and image
quality [12, 46, 53], while recent advances enable condi-
tional generation via classifier guidance and context-aware
conditioning [20, 66, 69]. For unpaired image-to-image
translation, diffusion models offer greater stability and di-
versity than GANs. UNIT-DDPM [56] pioneered this direc-
tion but lacked structural consistency. CycleDiffusion [62]
introduced a unified latent space to enforce cycle consis-
tency, improving fidelity. Despite these advances, diffusion
models remain underexplored in cryo-EM synthesis. To fill
this gap, we introduce the first conditional, cycle-consistent
diffusion framework tailored for this domain.



(a) (b)

(c)

(d)

(e)Figure 1. CryoEM simulation results: (a) Generation of multi-scale synthetic data from real CryoEM images according to EMPIAR-
10421. (b) Different placement strategies are adopted based on the particles’ properties. (c) Simulated images of mitochondria and part of
the endoplasmic reticulum. (d) Visualization of the processed particles. (e) Visualization of simulated cryo-EM images.

3. Biophysical Modeling for Diverse Structural
Simulation

We introduced a unified biophysical modeling framework
that leverages both experimental and generated structures,
context-aware organelle embedding, and scale-adaptive
placement to synthesize high-fidelity, biologically grounded
cryo–EM micrographs. By integrating data-driven and
probabilistic placement strategies with realistic imaging
physics, our pipeline captures the compositional and spatial
heterogeneity of cellular specimens.

Library Construction. To enrich the structural basis for
simulation, we build a model library that supports hetero-
geneity. We retrieved over 10,000 experimentally resolved
PDB entries spanning molecular weights from small en-
zymes ( 50 kDa) to large viral capsids (¿50,000 kDa), and
symmetry classes from high-order tetrahedral assemblies to
asymmetric C1 complexes. These entries contribute well-
characterized, functionally diverse macromolecular struc-
tures that form the backbone of the simulation.

All models are then standardized through Gaussian
smoothing and isosurface extraction, followed by triangu-
lated mesh conversion with care taken to preserve fine-scale
features such as active-site geometry. The processed parti-
cles are shown in Figure 1(a).

Particle Placement. To achieve biologically plausible
positioning and orientation of macromolecules, we com-
bine empirical annotations with probabilistic sampling un-
der controllable fidelity-diversity tradeoffs. Particles are
positioned using dual approaches that integrate experimen-

tal measurements with synthetic sampling, feeding into the
subsequent class-specific distribution modeling:

• Data-Driven Placement: We convert RELION-
derived 2D picks (x, y) into 3D translations Texp by
mapping pixel positions into volume coordinates, and
transform Euler angles (α, β, γ) into quaternions qexp
via standard attitude conversion conventions.

• Synthetic Insertion: To augment sampling beyond
mapped particles, we draw translations Tsyn from
density-matched or uniform distributions calibrated to
empirical radial functions, and sample orientations
qsyn uniformly on S3. Confidence-weighted blending
of (Texp, qexp) and (Tsyn, qsyn) ensures both fidelity
and diversity. These placement pools then interface
with the Class-Specific Distribution Modeling module
to enforce biologically informed spatial patterns for
each particle category.

Class-Specific Distribution Modeling. To recapitulate
distinct spatial arrangements of molecular subtypes, we ap-
ply particle-type–specific priors inferred from experimen-
tal distributions (Figure 1(c)). A dedicated module applies
distribution rules extracted from experimental data: soluble
enzymes disperse uniformly in the volume; ribosomes clus-
ter according to measured inter-particle distances to mimic
polysomes; organelle-associated proteins remain confined
inside segmented organelle meshes; and viral capsids fol-
low separation distributions observed on Cryo–EM grids to
avoid clashes.

Multi-Scale Volume Modeling. To enable simulation
across multiple scales, our simulator adjusts mesh complex-



ity and placement parameters across scales (Figure 1(d)). At
larger scales, simplified meshes and broader sampling cap-
ture global spatial patterns. While at finer scales, detailed
meshes and denser sampling with stricter collision checks
preserve sub-nanometer features. This scale-adaptive mod-
eling ensures consistent biological realism from whole-cell
panoramas down to molecular interfaces.

Ice-Layer Modeling. To reflect imaging conditions
shaped by vitrified ice, we simulate an ice layer with realis-
tic topography and density fluctuations. We generate a vit-
reous ice slab with thickness drawn from a log-normal dis-
tribution and modulate its surface via Perlin-noise to intro-
duce realistic thickness variations. The ice density field in-
corporates Gaussian fluctuations to simulate beam-induced
noise before particle embedding.

4. Conditional Cycle-consistent Diffusion for
Realistic Noise Translation

4.1. Overview
In this section, we propose a novel framework for realis-
tic noise generation in Cryo-EM image synthesis that in-
tegrates four key components: diffusion models, condi-
tional control, cycle consistency, and mask-guided con-
trastive learning. The procedure is outlined in Algorithm 1.
Figure 2 illustrates the CryoDiff pipeline (we take the
synthetic-to-real-to-real stage as an example). The method
and corresponding motivations are summarized as follows:

• We first introduce diffusion models for stable cryo-EM
noise generation, ensuring consistent and high-quality
image synthesis.

• Conditional control through segmentation masks en-
hances scalability, guiding the network to focus on key
structural features.

• A cycle-consistent learning mechanism preserves
structural integrity, maintaining alignment of posi-
tional information across domains.

• Mask-guided contrastive learning refines the model,
enhancing the representation of fine-grained features
such as edges, textures, and spatial noise patterns.

4.2. Conditional Cycle-consistent Diffusion
To generate realistic micrographs aligned with the physi-
cal properties of cryo-EM data, we employ a conditional
DDPM [21] which accelerated by DPM-Solver [38] and
guided by mask-based conditioning.

We define two generative diffusion models: GAB , which
translates synthetic micrographs into the realistic cryo-EM
domain, and GBA, which reconstructs synthetic-like im-
ages from real micrographs. This bidirectional mapping en-
ables unpaired training while preserving structural fidelity.

Algorithm 1 Training procedure for CryoDiff

1: Input: Synthetic images x ∈ A, real images y ∈ B,
masks m

2: Output: Trained GAB , GBA, DA, DB

3: for each iteration do
4: Sample x ∼ A, y ∼ B, m
5: Compute noisy xt, yt via forward diffusion
6: Generate ŷ = GAB(xt,m), x̂ = GBA(yt)
7: Compute cycle: xcyc = GBA(ŷ), ycyc =

GAB(x̂,m)
8: Compute losses: Ldiff, LGAN, Lcyc, LNCE
9: Update models

10: end for

The forward diffusion process is:

q(xt | xt−1) = N (xt;
√
1− βtxt−1, βtI),

and the reverse process is:

pθ(xt−1 | xt,m) = N (xt−1;µθ(xt, t,m), σ2
t I),

with

µθ(xt, t,m) =
1

√
αt

(
xt −

1− αt√
1− ᾱt

ϵθ(xt, t,m)

)
.

Note that the mask conditioning m is strictly applied to
the synthetic-to-real translation GAB . The real-to-synthetic
mapping GBA operates unconditionally, where the reverse
process simplifies to pθ(xt−1 | xt).

The denoising objective is:

Ldiff = Et,x0,ϵ,m

[
∥ϵ− ϵθ(xt, t,m)∥2

]
.

The segmentation mask m guides the model to attend
to particle regions, enhancing structural preservation. Sam-
pling is accelerated using DPM-Solver:

xt−1 = xt − η∇xt
log pθ(xt | m).

To ensure consistency across domains without paired su-
pervision, we impose a cycle-consistency constraint that pe-
nalizes structural drift between the original and round-trip
reconstructed images:

Lcyc = Ex∼A [∥GBA(GAB(x,m))− x∥1]
+ Ey∼B [∥GAB(GBA(y),m)− y∥1] .

4.3. Mask-Guided Contrastive Learning
To enhance structural discrimination under high noise, we
introduce a mask-guided contrastive learning strategy. Un-
like standard contrastive sampling that may conflate parti-
cles and background, we leverage segmentation masks to



Figure 2. CryoDiff pipeline: (1) The input structures are inserted into a volume through specific placement strategies, which then undergoes
physics-based projection and density conversion to generate synthetic images. (2) In the image translation, we use two ddpms, mask-guided
contrastive learning, and discriminator to achieve realistic synthetic-to-real image translation.

explicitly define semantically meaningful positives and neg-
atives: particle regions serve as anchors and positives, while
background regions are treated as negatives.

The contrastive loss is defined as:

LNCE = − log
exp(sim(q, k+)/τ)

Z
,

where Z = exp(sim(q, k+)/τ) +
∑
k−

exp(sim(q, k−)/τ).

where q is the query feature, k+ is its corresponding posi-
tive, and k− are sampled negatives. sim(·, ·) denotes cosine
similarity, and τ is a temperature parameter.

To further improve local realism, we incorporate a Patch-
GAN discriminator DB , trained with the following adver-
sarial loss:

LGAN = Ey∼B[logDB(y)]

+ Ex∼A[log(1−DB(GAB(x,m)))].

We also apply physics-informed preprocessing to syn-
thetic inputs, including weight-map normalization x̃ =
IN(w⊙x) and CTF-based noise simulation, to better match
the statistical characteristics of real cryo-EM images.

The overall training objective combines all components:

L = Ldiff + λGANLGAN + λcycLcyc + λNCELNCE,

where λ are empirically tuned weights.

5. Experiments

Datasets. We trained CryoDiff using synthetic particles de-
rived from 15 publicly available EMPIAR datasets [23]. For
visual quality evaluation purposes, we selected six datasets:
1) TRPV1 [34], a tetrameric membrane channel resolved
at 3.4 Å; 2) β-galactosidase [2], a 2.2 Å map with ∼800
solvent peaks; 3) Rhino/enterovirus [1], small icosahedral
virions requiring symmetry-expansion and high-fidelity dif-
ference mapping to resolve the conserved VP1-VP3 pocket;
4) Innexin-6 [5], nanodisc-embedded hemichannels where
lipid-induced pore closure demands focused classification
and membrane-signal subtraction; 5) MLA complex [42],
apo/ATP/ADP states that necessitate heterogeneous 3-D
clustering and multi-body refinement to trace lipid trans-
port; and 6) GroEL [14], a D7-symmetry chaperonin.
Comprehensive descriptions of all datasets are provided in
Appendix A.1.

Baselines. We evaluate the performance of our method
compared to several traditional noise baselines and deep
generative models. We use Poisson noise, Gaussian noise,
and Poisson-Gaussian mixed noise (Poi-Gau) as traditional
baselines. We choose CryoGEM [68], and CycleDiffu-
sion [62] as deep generative baselines. In Appendix A.2,
we detail their specific settings.

Implementation Details. All experiments are con-
ducted on a server at Brigham Young University equipped
with an NVIDIA GeForce RTX A100 GPU (80 GB of mem-



Figure 3. Comparison between real images and generated realistic micrographs. Our method produces more authentic micrographs with
superior noise characteristics across all datasets.

ory). The models are trained for 50 epochs using the Adam
optimizer with a learning rate of 1× 10−4 and a batch size
of 16. The training dataset, further detailed in Section A.1,
consists of 500 synthetic and 500 real images, with all im-
ages standardized to a resolution of 1024× 1024 pixels.

Our synthetic data generation process begins with bio-
physical modeling to simulate noise-free cryo-EM micro-
graphs. Given a real cryo-EM image, the corresponding
simulated noise-free counterpart, and a structural mask, the
CryoDiff framework performs inference to generate real-
istic noisy images that closely mimic experimental condi-
tions. To explore the effects of different generative sam-
pling strategies, we evaluate four diffusion samplers within
the CryoDiff framework: DDIM [58], DDPM [21], and
their accelerated variants, DPM-Solver [38] and DPM-
Solver++ [39]. These sampling methods are examined to
understand the trade-off between synthesis quality and in-
ference speed under various configurations.

Finally, we validate the utility of our generated data in
two downstream tasks: particle picking (Section B.1) and
pose estimation (Section B.2), which demonstrates the ef-
fectiveness and generalization of the proposed framework.

5.1. Visual Quality
We compared CryoDiff against various baselines through
visual assessment of generated images of evaluation

datasets. Figure 3 illustrates that our method produces sig-
nificantly more authentic micrographs with superior noise
characteristics while preserving structural details such as
particle boundaries, internal textures, and contrast between
particles and background. Conventional approaches (Gaus-
sian, Poisson, and Poisson-Gaussian mixed noise models)
consistently failed to capture the complex noise patterns
inherent in real cryo-EM data, often resulting in unnatu-
ral global intensity distributions and oversmoothed textures.
Among deep generative models, CycleDiffusion often pro-
duced images where the particle boundaries were blurred
and indistinguishable from the background. CryoGEM
tended to collapse when handling our composite synthetic
datasets, failing to generate recognizable particles. Quan-
titatively, we employed Frechet Inception Distance (FID)
to measure generation quality. Table 1 confirms that our
method achieves substantially lower FID scores across all
tested datasets. Specifically, CryoDiff achieves an average
FID of 146.65, demonstrating an improvement of 34% com-
pared to the strongest baseline, CycleDiffusion (222.12).
This performance leap is particularly evident on structurally
heterogeneous datasets like the MLA complex, where our
method reaches a remarkably low FID of 100.63, nearly
halving the error of competing deep generative models.



Table 1. Quantitative comparison of FID scores of different noise methods on six Cryo-EM datasets (lower is better).

Dataset TRPV1 β-galactosidase Rhino/enterovirus Innexin-6 MLA complex GroEL Avg.

Gaussian 287.04 351.27 292.56 328.17 225.20 364.28 308.09
Poisson 396.59 515.91 395.59 467.19 388.26 410.38 428.99
Poi–Gau 290.68 356.96 301.77 272.24 239.43 369.95 305.17
CycleDiffusion [62] 199.47 247.09 210.22 208.23 197.15 270.58 222.12
CryoGEM [68] 192.28 283.28 224.18 223.02 189.46 279.20 231.90
Ours 147.75 150.26 155.37 148.45 100.63 177.44 146.65

Table 2. Quantitative comparison of particle picking. Our approach consistently achieves the best in AUPRC and Precision metrics.

Metric AUPRC↑ Precision↑

Dataset Proteasome Integrin PhageMS2 HumanBAF Avg. Proteasome Integrin PhageMS2 HumanBAF Avg.

Gaussian 0.463 0.233 0.575 0.449 0.430 0.412 0.204 0.538 0.397 0.388
Poisson 0.458 0.195 0.408 0.392 0.363 0.386 0.168 0.365 0.341 0.315
Poi–Gau 0.438 0.244 0.601 0.376 0.415 0.397 0.227 0.519 0.347 0.373
CycleDiffusion [62] 0.357 0.233 0.420 0.369 0.345 0.321 0.196 0.347 0.326 0.298
CryoGEM [68] 0.257 0.208 0.159 0.178 0.201 0.221 0.175 0.148 0.159 0.176

Topaz 0.301 0.510 0.317 0.487 0.404 0.279 0.452 0.286 0.462 0.370

Ours 0.471 0.518 0.712 0.521 0.555 0.423 0.475 0.612 0.531 0.510

5.2. Particle Picking
To validate the realism of the generated noise characteris-
tics, we evaluated its impact on particle picking using sev-
eral publicly available EMPIAR datasets with annotations.
Realistic micrographs generated by CryoDiff and multi-
ple baselines were incorporated into the Topaz [3] particle-
picking pipeline. Picked particles were subsequently sub-
jected to a standard single-particle reconstruction workflow
using cryoSPARC [51].

Table 2 summarizes both the Area Under the Precision-
Recall Curve (AUPRC) and overall precision for each
method (detailed metric definitions are provided in Ap-
pendix B). Overall, CryoDiff exhibits consistent improve-
ments over classical noise models (Gaussian, Poisson, Hy-
brid) as well as recent learning-based approaches. These
gains manifest across both high-contrast specimens (Protea-
some, PhaseMS2) and more challenging low-contrast cases
(Integrin, HumanBAF), suggesting that our model balances
sensitivity and specificity more effectively.

By selecting a fixed confidence cutoff, we observe a uni-
form reduction in false positives. In terms of AUPRC, our
method achieves the best results on all four datasets. While
traditional models fail to register meaningful precision at
the fixed cutoff, our method maintains valid detection out-
puts and achieves superior localization accuracy, particu-
larly on Integrin and HumanBAF where noise and low con-
trast typically pose significant challenges. To further assess
the structural integrity recovered from the picked particles,
we calculate the Fourier shell correlation (FSC) to deter-

mine the resolution of the reconstructions. As illustrated
in Figure 4, the filtered back-projection (FBP) reconstruc-
tions utilizing particles identified through our method con-
sistently reach higher resolutions at the gold-standard 0.143
threshold compared to other noise baselines.

DC 5.0 3.3 2.5 2.0
Resolution

0.000

0.200

0.400

0.600

0.800

1.000

FS
C

Gaussian
CryoGEM
Ours
0.143 threshold

Figure 4. Filtered back-projection reconstruction FSC curves at
the 0.143 threshold. Our method consistently achieves higher res-
olution compared to the baselines.

5.3. Pose Estimation
Accurate particle orientation determination represents a
critical bottleneck in achieving high-resolution cryo-EM re-
constructions. We evaluated CryoDiff’s capacity to enhance
pose estimation by applying our noisy synthetic datasets to
train state-of-the-art ab-initio reconstruction methods like
CryoFIRE [32]. The synthetic particles, complete with pre-
cise orientation annotations, provided an ideal training cor-



Table 3. Quantitative comparison of pose estimation. Our approach achieves the best performance in both Res(px) and Rot.(rad) metrics
across all datasets.

Metric Res(px)↓ Rot.(rad)↓

Dataset Proteasome Integrin PhaseMS2 HumanBAF Avg. Proteasome Integrin PhaseMS2 HumanBAF Avg.

Gaussian 3.03 7.01 5.96 7.08 5.77 0.51 1.49 0.99 1.58 1.14
Poisson 3.12 7.14 6.09 9.33 6.42 1.09 1.66 1.03 1.60 1.35
Poi–Gau 3.15 7.99 5.98 9.09 6.55 1.32 1.57 0.73 1.51 1.28
CycleDiffusion [62] 3.67 9.04 6.33 9.02 7.01 0.47 1.41 0.97 1.67 1.13
CryoGEM [68] 7.99 9.24 15.38 10.79 10.85 1.72 1.94 1.20 1.78 1.66

CryoFIRE 6.02 13.27 18.03 7.17 11.12 1.54 0.97 0.75 1.49 1.19

Ours 2.95 6.25 5.62 7.04 5.46 0.45 0.94 0.61 1.48 0.87

pus for this supervised learning paradigm. We subsequently
assessed performance on real micrographs using Filtered
Back-Projection (FBP) as our reconstruction algorithm. De-
tailed mathematical definitions of the pose loss and evalua-
tion metrics are provided in Appendix B.

Table 3 reports the reconstruction resolution (Res(px))
and angular precision (Rot(rad)) for each baseline and our
method. Our pose estimator consistently produces sharper
reconstructions—reflected in significantly lower Res(px)
values—on both static (Proteasome, HumanBAF) and dy-
namic (Integrin, PhaseMS2) specimens, indicating more ac-
curate orientation estimates. Similarly, angular precision
improvements demonstrate that a greater proportion of pre-
dicted rotations fall within acceptable error bounds, which
is key for high-fidelity 3D volume recovery.

Compared to the CryoFIRE baseline trained without
our synthesized noise, our method improves resolution by
52.9% on Integrin (6.25 vs. 13.27 px) and reduces rotation
error by 18.6% on PhaseMS2 (0.61 vs. 0.75 rad). Classical
noise baselines (e.g., Gaussian, Poisson) exhibit large errors
across all datasets due to their limited noise realism, while
CryoGEM suffers from adversarial distortions that degrade
both resolution and angular accuracy. Our model maintains
low errors on both rigid (e.g., 2.95 px, 0.45 rad on Pro-
teasome) and flexible structures, confirming the robust gen-
eralization capacity of our framework across diverse struc-
tural classes.

5.4. Ablation Study
We validate the effectiveness of different sampling con-
figurations on the Ribosome dataset. Table 4 summarises
two complementary studies: Sampling steps. We vary
the DDPM step budget from 5 to 100. An FID drop is
observed when increasing the budget from 5 to 10 steps.
Interestingly, further enlarging the trajectory to 20 and 50
steps leads to non-monotonic behaviour (20.44 and 20.06),
before a new minimum emerges at 100 steps (18.31).
This suggests that moderate-length trajectories may accu-

Table 4. Quantitative comparison of FID scores on the Ribosome:
varying DDPM steps vs. different samplers.

Configuration Steps Sampler Algorithm FID↓
5 Steps 5 DDPM 21.97
10 Steps 10 DDPM 19.08
20 Steps 20 DDPM 20.44
50 Steps 50 DDPM 20.06
100 Steps 100 DDPM 18.31

DDIM 10 DDIM 20.33
DDPM 10 DDPM 19.08
DPM-Solver 10 DPM-Solver 19.27
DPM-Solver++ 10 DPM-Solver++ 19.13

mulate numerical error or suffer from over-smoothing ef-
fects—where the denoising network is repeatedly applied
to low-noise inputs, potentially washing out fine structural
details. Sampler algorithm. With the step budget fixed to
10, we compare four popular samplers. DDPM attains the
best FID (19.08), closely followed by DPM-Solver++ and
DPM-Solver; DDIM lags behind at 20.33. DDIM under-
performs likely because its deterministic nature lacks the
stochasticity that may help preserve sample diversity and
reduce structural artifacts when the step count is small.

6. Conclusion
Broader Impacts. We introduce CryoDiff, a synthesis
framework that combines biophysical modeling with con-
ditional cycle-consistent diffusion to generate structurally
diverse and noise-realistic cryo-EM micrographs. Our
method enhances structural fidelity and spatial noise model-
ing, leading to improved performance on downstream tasks.
Limitation Discussion. A limitation of our current ap-
proach is its dependence on masks as conditioning inputs.
Future work may address this limitation by incorporating
richer conditioning information, such as density maps or
spatial priors.
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[60] Miloš Vulović, Raimond BG Ravelli, Lucas J van Vliet,
Abraham J Koster, Ivan Lazić, Uwe Lücken, Hans Rullgård,
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