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1. Introduction
Cryo-electronmicroscopy (Cryo-EM) is now a stan-

dard tool for protein structure determination, en-
abling high-quality reconstructions for many macro-
molecular complexes [1, 2]. However, several regimes
remain challenging in practice—notably small pro-
teins and highly heterogeneous or flexible targets—
where reconstruction and classification can still be
brittle even in widely used pipelines such as RELION
and CryoSPARC [2, 3, 4]. A key factor is the extremely
low signal-to-noise ratio (SNR) of experimental par-
ticle images, which makes reconstruction and data-
drivenmodels sensitive to smallmismatches in image
statistics.
Deep learning has improved multiple stages of the

Cryo-EM workflow, including particle picking and
heterogeneitymodeling [2]. Representative examples
includeTopaz [5], CryoDRGN [6], andAlphaCryo4D [7].
Many methods rely on weak or limited supervision,
and learning signals can become unreliable at very
low SNR. Fully supervised training is more stable
when reliable targets (e.g., cleaner or less-degraded
images) exist, yet such paired “ground-truth” data are
intrinsically difficult to obtain at scale [2].
Supervised learning typically requires paired data

linking noisy observations to reliable targets. A com-
mon workaround is to synthesize such pairs using
physics-based forward models with known parame-
ters. However, simulators only approximate real im-
age formation [8], leading to a persistent simulation–
experiment gap [9]. This gap often appears as
mismatches in appearance and frequency statistics,
which degrades the transfer from simulation-trained
models to experimental data. In practice, models
trained on simulated particles often fail to generalize
because simulated images do not faithfully match the
frequency statistics of real observations.
To address this problem, we study particle-level

alignment: given paired simulated and experimen-
tal particle crops, we refine simulated images to
better match experimental observations while pre-
serving pose and contrast transfer function (CTF)-
conditioned content, where CTF models the micro-
scope’s modulation of spatial frequencies.
Recent work such as CryoGEM explores physics-

informed generative modeling to bridge simulation
and measurement statistics [10]. In contrast, we
focus on a paired, lightweight refinement module
that can be inserted into simulation-driven pipelines.
We train a conditional GAN (pix2pix-style) to map

simulated crops (sim) to experimental observations
(raw). Because PatchGAN-based objectives empha-
size local texture statistics while weakly constrain-
ing global frequency structure, we incorporate the
radially averaged log power spectrum (RPSD) to en-
courage frequency-domain consistency, providing a
practical way to reduce the simulation–experiment
gap with quantitative evidence beyond visual inspec-
tion.

2. Methods
We study paired Cryo-EM particle translation

from simulated images to experimental observa-
tions. Paired samples are constructed on a per-
particle basis by simulating each experimental par-
ticle with CryoSIM [11], using its pose estimated
from CryoSPARC homogeneous refinement and the
corresponding CTF parameters, yielding one-to-one
aligned (sim, raw) pairs. Each training pair is (𝑥,𝑦)
where 𝑥 = sim ∈ R256×256 and 𝑦 = raw ∈ R256×256. Our
goal is to generate 𝑦 =𝐺 (𝑥) (denoted as fake) whose
visual statisticsmatch raw.

2.1 Conditional GAN backbone
Generator. 𝐺 is a lightweight U-Net for image-to-

image translation [12, 13]: fake =𝐺 (sim).
Discriminator. We use a conditional Patch-

GAN 𝐷 [13] that operates on local patches, taking
the channel-wise concatenation [sim, 𝑧] where 𝑧 ∈
{raw, fake}, and outputs a patch-level realism map.
The adversarial learning objective follows the stan-
dard GAN formulation [14].

2.2 Training objective
We follow the standard pix2pix training scheme

with alternating updates of𝐺 and 𝐷 [13]. The genera-
tor is optimized with (i) an adversarial term to match
the raw domain and (ii) a paired 𝐿1 term to stabilize
learning. To better match global frequency statis-
tics under extremely low SNR, we add a frequency-
domain constraint based on the radially averaged
log power spectrum (RPSD), motivated by common
Fourier and amplitude-spectrum diagnostics in Cryo-
EM and CTF assessment [15, 16]:

L𝐺 = 𝜆GANLGAN + 𝜆1∥𝐺 (𝑥) − 𝑦∥1 + 𝜆RPSDLRPSD (1)

where 𝜆GAN, 𝜆1, and 𝜆RPSD are scalar weights for the
adversarial, pixel-domain 𝐿1, and frequency-domain
terms, respectively, and LRPSD is defined in Eq. (2).
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Fig. 1: Qualitative and FFT diagnostics at step 3000
(fixed visualization batch). Shown columns: sim,
fake, raw, and log |F (·) | for sim/fake/raw.

2.3 Frequency-domain diagnostic (RPSD)
Cryo-EM images exhibit characteristic frequency

statistics (e.g., Thon rings in Fourier space that
are closely related to CTF behavior and micrograph
quality assessment) [15, 16]. To quantify frequency-
domain agreement between fake and raw, we com-
pute the radially averaged log power spectrum (RPSD).
Let 𝑃 (𝑢) = |F (𝑢) |2 be the 2D power spectrum and 𝑠 (𝑢)
the radial average of log(1 + 𝑃 (𝑢)) over normalized
radius. We define:

LRPSD =


𝑠 (𝐺 (𝑥)) − 𝑠 (𝑦)




1 (2)

and report the same quantity as a diagnostic metric
during training and validation.

2.4 Implementation and outputs
We record losses and RPSD on a fixed visualization

batch, save checkpoints, and export test predictions
(sim, fake, raw) for downstream analysis, including
spatial comparisons and FFT/RPSD plots.

3. Results
We evaluate the paired translation sim→fake pri-

marily in terms of frequency-domain consistency.

3.1 Qualitative and frequency-domain evidence
Fig. 1 shows representative examples from the

fixed visualization batch. Compared to the structured
appearance of sim, the generated fakemore closely
matches the experimental raw in both visual texture
statistics and Fourier-domain patterns, indicating im-
proved alignment of acquisition-related frequency
characteristics under extremely low SNR.
To summarize frequency alignment more com-

pactly, Fig. 2 reports the radially averaged log power
spectrum (RPSD) curves. Across most radii, the
fake curve closely tracks raw, while sim deviates
noticeably, particularly toward higher normalized
radii. This indicates that the translation reduces
the simulation-to-experiment gap in frequency statis-
tics.In preliminary runs without the RPSD term, fre-
quency alignment is visibly weaker, consistent with
PatchGAN’s limited global frequency constraints.

Fig. 2: Radially averaged log power spectrum (RPSD)
at step 3000 (fixed visualization batch). fake aligns
closely with raw over most radii, while sim shows
a clear mismatch.

Table 1: Metrics at step 3000 (from the training log).

Metric Train (fixed vis
batch)

Valida-
tion

𝐿𝐷 0.248796 –
𝐿𝐺 0.367816 –
GAN loss 0.126427 –
Paired L1
loss

0.233720 –

RPSD L1 0.131791 0.130181
RPSD MSE 0.101840 0.097661
Pixel L1 – 0.234102
Pixel MSE – 0.086429

3.2 Quantitative metrics
Table 1 summarizes the metrics at step 3000. In

addition to standard pix2pix losses [13], we report
frequency-domain discrepancies between fake and
raw on both the fixed visualization batch and the val-
idation split. Notably, RPSD L1/MSE values on vali-
dation are comparable to those on the fixed batch,
suggesting that the observed frequency alignment
generalizes beyond the visualization examples.
Futurework. An important next step is to evaluate

whether refinement of simulated particles improves
downstream generalization from simulation-trained
models to experimental Cryo-EM data, for example
the generated particles and real data are used simulta-
neously for downstream tasks such as 3D reconstruc-
tion or phase recovery, and then compared.
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