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Abstract. Cryo-electron microscopy (cryo-EM) enables single-particle
analysis of biological macromolecules under strict low-dose imaging con-
ditions, but the resulting micrographs often exhibit extremely low signal-
to-noise ratios and weak particle visibility. Image denoising is therefore
an important preprocessing step for downstream cryo-EM analysis, in-
cluding particle picking, 2D classification, and 3D reconstruction. Exist-
ing cryo-EM denoising methods are commonly trained with pixel-wise
or Noise2Noise-style objectives, which can improve visual quality but do
not explicitly account for structural consistency required by downstream
analysis. In this work, we propose a score-based denoising framework for
cryo-EM that learns the clean-data score to recover particle signals while
better preserving structural information. Building on this formulation,
we further introduce a target-guided variant that incorporates reference-
density guidance to stabilize score learning under weak and ambiguous
signal conditions. Rather than simply amplifying particle-like responses,
our framework better suppresses structured low-frequency background,
which improves particle–background separability for downstream analy-
sis. Experiments on multiple cryo-EM datasets show that our score-based
methods consistently improve downstream particle picking and produce
more structure-consistent 3D reconstructions. Experiments on multiple
cryo-EM datasets show that our methods improve downstream particle
picking and produce more structure-consistent reconstructions. Our code
is available at https://github.com/xulabs/aitom.
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Fig. 1: Cryo-EM single-particle analysis pipeline, illustrating the main computational
stages from raw cryo-EM micrographs to 3D reconstructed particle density map.

1 Introduction

Cryo-EM enables the reconstruction of 3D structures of biological macromolecules
from large collections of noisy 2D projection images acquired under cryogenic
conditions [13,18,19]. Due to strict low-dose imaging requirements, cryo-EM mi-
crographs exhibit extremely low SNR and weak image contrast. In single-particle
analysis (SPA), these micrographs are processed by a multi-stage pipeline in-
cluding preprocessing, particle picking, 2D classification, and 3D reconstruc-
tion, where image-level errors propagate and affect downstream structural recov-
ery [25]. Fig. 1 summarizes this workflow. Improving micrograph quality there-
fore remains critical for reliable cryo-EM analysis. Image denoising is particularly
challenging because particle signals are weak, spatially small, and often indis-
tinguishable from structured background noise, especially for small particles or
low-contrast views where aggressive denoising may remove meaningful structural
information. Unlike natural image restoration tasks, cryo-EM denoising lacks
clean ground-truth supervision due to radiation damage constraints. Moreover,
modern restoration methods increasingly rely on large-scale pretrained models
and natural-image priors, which transfer poorly to cryo-EM data due to the
substantial domain gap. Consequently, general-purpose vision denoisers often
struggle to preserve weak particle structures under extreme noise conditions.

Early cryo-EM denoising mainly used classical signal-processing methods
such as Gaussian filtering [9], but the gains are limited in the extreme low-
SNR regime. Recent work has therefore shifted toward learning-based denoisers
trained directly on cryo-EM data. Many existing methods adopt Noise2Noise
(N2N)-style training, enabling self-supervised learning from paired noisy obser-
vations without clean ground truth [2, 15, 16]. While improving visual quality,
these approaches rely on pixel-level regression objectives that do not explic-
itly enforce structural consistency, often leading to over-smoothing or structural
distortion under weak particle signals. Methods like DRACO improve training
stability through modified data splitting and masking strategies [22]. However,
two challenges remain: regression objectives do not explicitly model noise statis-
tics in low-SNR regimes, and improved denoising quality does not necessarily
translate into better downstream reconstruction. This reveals a gap between
image restoration objectives and structural recovery requirements.
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Motivated by these challenges, we adopt denoising score matching (DSM) as
the foundation of our approach, since score-based learning models image cor-
ruption through the underlying data distribution rather than direct pixel-wise
regression, making it more suitable for preserving structural signals under heavy
noise without clean supervision. We observe that the extremely low-SNR regime
of cryo-EM is precisely the setting that score matching is designed to handle,
yet this connection has not been explored in practice. However, under extremely
low SNR, score estimation becomes ill-conditioned in the low-noise regime close
to the clean signal, where weak structural cues provide limited optimization
guidance. DSM alone therefore fails to recover reliable score directions. To ad-
dress this issue, we then introduce target-guided score learning by incorporating
prior particle-structure information in the form of a reference density map. The
proposed guidance stabilizes score estimation near the clean signal manifold,
providing directional cues under severe noise and improving preservation of fine
particle details. To date, DSM has been applied almost exclusively to natural
images, and target guidance has remained a largely theoretical construct with
little demonstrated real-world application. Our contributions are summarized as
follows:
– We identify cryo-EM micrograph denoising as a natural but previously unex-

plored application domain for score matching, and develop a target-guided
score-based framework that addresses the ill-conditioning of score estima-
tion under cryo-EM’s extreme low-SNR conditions without requiring clean
ground-truth micrographs as supervision.

– We introduce similarity-guided annealing, an adaptive training scheme that
balances target guidance and score matching to preserve particle structure
without over-suppressing non-particle regions.

– Experiments across multiple cryo-EM datasets, including simulated bench-
marks, show consistent gains in downstream tasks like particle picking and
improved 3D reconstruction quality.

2 Related Work

Traditional Cryo-EM Denoising Methods. Early cryo-EM denoising meth-
ods relied on classical signal-processing techniques such as Gaussian and Wiener
filtering [11]. They assume simplified noise models and handcrafted priors, which
provide limited improvements under extremely low-SNR conditions and often fail
to recover fine structural details required for downstream structural analysis.

Self-supervised Denoising with Noisy Observations. Deep learning meth-
ods have significantly advanced cryo-EM denoising. N2N [15] enables self-supervised
learning from paired noisy observations without clean ground truth. Topaz-
Denoise [2] adopts this paradigm using a U-Net architecture and demonstrates
strong robustness across datasets. More recently, foundation-model-style pre-
training has been explored for cryo-EM data, such as DRACO [22], which com-
bines self-supervised pretraining with N2N-based learning. Despite their empir-
ical success, these approaches rely on regression-based objectives that implicitly
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Fig. 2: Overview of the proposed target-guided score-based denoising framework.

learn signal statistics without explicitly enforcing structural detail preserving,
which lead to structural distortion under weak particle signals.

Blind-spot and Pseudo-supervised Approaches. Blind-spot approaches
such as Noise2Void [12] and Self2Self [21] enable denoising from single noisy
observations by predicting masked pixels from local context. However, their lo-
cality assumption limits the modeling of global structural information, which is
critical in cryo-EM images with weak and spatially correlated signals. Pseudo-
supervised methods have also been explored; for example, NT2C [16] learns
noise characteristics using simulated clean data. These synthetic supervisions
introduce a statistical mismatch between simulated and experimental noise dis-
tributions, limiting generalization to real micrographs.

Score-based Models for Cryo-EM Denoising. Score-based generative mod-
els estimate data distributions through score learning [24]. DSM [23] provides a
principled framework for modeling noise corruption without clean supervision.
However, under the extremely low-SNR conditions of cryo-EM imaging, score
estimation can become unstable near the clean signal regime, leading to loss of
subtle structural details. Target Score Matching [4] extends DSM by incorporat-
ing task-preferred properties into score estimation. Our work builds on this line
by introducing structure-guided score learning tailored to cryo-EM denoising.

3 Methodology

We first summarize the cryo-EM noise characteristics and then introduce our
target-guided score-based denoising framework.

3.1 Cryo-EM Noise Pattern

Cryo-EM micrographs are acquired under dose-limited imaging, where the dom-
inant noise sources are commonly categorized as: (i) structural noise (irrepro-
ducible background and conformational variability), (ii) shot noise (electron
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counting statistics), and (iii) detector/digitization noise [1, 16]. We summarize
these effects using an effective additive formulation:

X = Y + ε, ε = εstruct + εshot + εdet. (1)

Shot noise is signal-dependent, modeled as Xi ∼ Poisson(αYi + b). Detector
noise is typically approximated as zero-mean Gaussian. For tractability, we use
a single isotropic Gaussian surrogate in both analysis and experiments.

3.2 Problem Definition

We study denoising of cryo-EM micrographs, i.e., large grayscale microscope im-
ages stored in scientific formats (e.g., MRC, TIFF). Since micrographs are typically
several thousand pixels per side (e.g., 4096× 4096), we perform learning on lo-
cal patches. Let x ∈ Rh×w be a noisy patch and y ∈ Rh×w its (unobserved)
clean counterpart. We vectorize patches and write x, y ∈ Rd with d = h · w. In
cryo-EM, clean ground truth y is generally unavailable.

Let X ∼ pX and Y ∼ pY denote the noisy and clean patch-level random
variables. Define the conditional score of the corruption model as sX|Y (x | y) :=
∇x log pX|Y (x | y). The noisy score satisfies

∇x log pX(x) =

∫
pY |X(y | x) sX|Y (x | y) dy, (2)

where pY |X(y | x) denotes the posterior distribution of the latent clean patch
given X = x. Intuitively, this identity expresses the score of the noisy-patch
distribution pX as a posterior expectation of the noise-model score under pY |X .

When the noise model is known and paired samples (X,Y ) are available, the
score ∇x log pX(x) can be approximated by a score network sθX(x) by minimizing

ℓ(θ) = EX,Y

∥∥sθX(X)− sX|Y (X | Y )
∥∥2, (3)

which yields the DSM objective [24]. Even under additive Gaussian corruption
X = Y +N with N ∼ N (0, σ2

aI), the score target becomes ill-conditioned as σa
decreases. Specifically, sX|Y (x | y) = ∇x log pX|Y (x | y) = −(x − y)/σ2

a, so its
scale grows as σ−2

a . Consequently, the posterior variance satisfies

∑d

i=1
VarY |X

((
sX|Y (X | Y )

)
i

)
∼ d σ−2

a as σa → 0, (4)

leading to unstable score estimation in the low-noise regime relevant to cryo-EM.
Although denoising should become easier as noise decreases, the DSM target be-
comes ill-conditioned as σa → 0. This is critical for cryo-EM, where informative
structures concentrate near the clean manifold; Fig. 2 summarizes our target-
guided score-based denoising pipeline.
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3.3 Optimization With Target Guidance

Motivated by the instability of denoising score matching in the low-noise regime,
we reformulate score estimation by exploiting a key property of additive Gaussian
corruption. When the corruption noise is sufficiently small, the score of the noisy
observation approaches that of the clean signal, i.e., sX(x) = ∇x log pX(x) ≈
∇x log pY (x). This observation enables incorporating target-side structural in-
formation to guide score estimation, instead of relying solely on the conditional
noise-model score sX|Y (x | y) = ∇x log pX|Y (x | y). Following target score
matching [4], the marginal score admits the approximation

∇x log pX(x) ≈ E[∇y log pY (Y ) | X = x] . (5)

In practice, we approximate the clean-data score using a target-score net-
work sϕY (y) and train the noisy score estimator sθX to match this target-guided
estimate. Unlike DSM, whose target magnitude scales with σ−2

a under Gaussian
noise, the proposed formulation avoids explicit noise amplification and provides
a substantially more stable training signal in the low-noise regime.

3.4 Target Matching

To approximate the target-side expectation in Sec. 3.3, we construct a bank
of coarse structural targets representing object-consistent particle appearances.
When the particle identity in SPA is known, publicly available 3D templates
from EMDB [7] or PDB [6]§ can be used as reference volumes. When no external
structural template is available, a coarse reference can alternatively be estimated
directly from the data (e.g., via ab-initio reconstruction), serving the same role
as a low-frequency structural prior. Since such references often contain high-
frequency details not reliably observable in noisy cryo-EM micrographs, we apply
low-pass filtering to retain only coarse structural components.

From the reference volume, we generate a bank of 2D target projections
{ỹj}mj=1 over multiple viewing directions, where each ỹj ∈ Rd is a plausible
particle observation. Let ψ(·) : Rd → Rq be a feature mapping and define zj =
ψ(ỹj) ∈ Rq. These features span a target subspace VT = span{z1, . . . , zm} ⊂ Rq,
with orthogonal projector BT . Given a noisy patch x ∈ Rd and its feature
representation x′ = ψ(x), we project it onto the target subspace as x̂′ = BTx

′.
This projection preserves components consistent with the target manifold while
suppressing orthogonal variations, providing a feature-space approximation of
the target-consistent component required in Sec. 3.3.

3.5 Train with Target-Score Supervision

We use a surrogate target score as a supervision signal to train the noisy score
network sθ(x) ≈ ∇x log pX(x). Consistent with the additive Gaussian corruption

§EMDB: https://www.ebi.ac.uk/emdb/; PDB: https://www.rcsb.org/.

https://www.ebi.ac.uk/emdb/
https://www.rcsb.org/
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model used during training, we introduce an isotropic Gaussian surrogate score
model psur

Y (y) = N (0, σ2I) solely to define a closed-form target score field, where
σ2 is estimated once from the target bank (empirical Bayes), and targets are
centered relative to the matched structural reference. This surrogate does not
model the true clean-data distribution and is not used to generate targets; it
only provides an analytic score field ∇y log p

sur
Y (y) = −y/σ2.

We train the noisy score network sθ(x) ≈ ∇x log pX(x) using a surrogate
target score as supervision. Under the additive Gaussian corruption model, we
introduce an isotropic Gaussian surrogate psur

Y (y) = N (0, σ2I) to define a closed-
form target score field, where σ2 is estimated once from the target bank (empiri-
cal Bayes) and targets are centered relative to the matched structural reference.
This surrogate is used only for the analytic score ∇y log p

sur
Y (y) = −y/σ2, not to

model the true clean-data distribution or generate targets.

Construct TSM pairs For x ∈ Rd, we build an input-adaptive target to ap-
proximate the conditional expectation in Sec. 3.3. Given target features {zj}mj=1

and the projected noisy feature x̂′ (Sec. 3.4), we compute cosine similarities

aj(x) = sim(x̂′, zj) =
x̂′⊤zj

∥x̂′∥2 ∥zj∥2
, j = 1, . . . ,m.

We convert them into weights via a temperature-scaled softmax,

wj(x) =
exp(aj(x)/τ)∑m
k=1 exp(ak(x)/τ)

,
∑m

j=1
wj(x) = 1, (6)

and form the customized target by weighted aggregation:

ỹtsm(x) =
∑m

j=1
wj(x) ỹj . (7)

This yields the training pair (x, ỹtsm(x)) and can be viewed as a nonparametric
estimate of the conditional target expectation in Sec. 3.3.

Rescaled objective under AR-DAE parameterization Replacing the con-
ditional noise-model score with target-guided supervision introduces scale mis-
match across noise levels. To stabilize optimization, we follow the AR-DAE pre-
conditioning analysis in [4,17,24] and use the following per-sample rescaled loss:

ℓresTSM(x; θ) :=
σ2σ2

a+σ4

σ2

∥∥∥∥∥ σa

σ
√

σ2
a+σ2

sθ(
x√

σ2+σ2
a

+ σa) +
x

σ2+σ2
a
− ỹtsm(x)

σ2

∥∥∥∥∥
2

2

. (8)

We optimize the expected objective Lres
TSM(θ) = Ex[ℓ

res
TSM(x; θ)]. This rescaling

preserves target-score supervision while restoring scale compatibility with DSM,
leading to more stable gradients, especially at low noise. As in standard score-
based training, σa can be gradually annealed during optimization.
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Relation to DSM Under additive Gaussian corruption,

x = y + σau, u ∼ N (0, I), (9)

the noise-model score is ∇x log pX|Y (x | y) = −x−y
σ2
a

. The corresponding per-
sample DSM loss is

ℓDSM(x, u; θ) =

∥∥∥∥sθ(x+ σau) +
u

σa

∥∥∥∥2
2

= ∥σa sθ(x+ σau) + u∥22 , (10)

where the second form corresponds to the AR-DAE residual parameterization.
The expected DSM objective is

LDSM(θ) = Ex,u

[
ℓDSM(x, u; θ)

]
.

DSM and TSM estimate the same marginal score ∇x log pX(x) but use different
supervision signals. TSM can be viewed as a variance-reduced approximation to
DSM, replacing the conditional noise-model score with a target-guided estimate
under the small-noise assumption.

3.6 Adaptive Learning

DSM and TSM provide complementary supervision signals during training. DSM
captures globally consistent image statistics dominated by background and low-
SNR components, while TSM enhances particle-specific structural information
through target guidance. The reliability of target-guided supervision varies across
noisy observations. While DSM remains stable regardless of particle visibility,
TSM depends on alignment between the noisy input and proxy structural targets.
We therefore introduce an adaptive learning strategy that interpolates between
DSM and TSM according to target-alignment confidence. Using the similarity
weights {wj(x)}mj=1 defined in Sec. 3.5, we measure alignment confidence as

wt(x) := max
1≤j≤m

wj(x) ∈ [0, 1], (11)

which reflects consistency between the noisy observation and at least one target
projection under unknown viewing directions in SPA. The confidence weight
wt(x) is computed without gradient propagation and used only as a sample-wise
weighting factor. The final objective interpolates between TSM and DSM:

Ladp(θ) = Ex

[
wt(x) ℓ

res
TSM(x; θ) + (1− wt(x)) ℓDSM(x; θ)

]
. (12)

Samples with confident alignment emphasize target-guided learning, while
uncertain inputs (non-particle regions) naturally fall back to DSM supervision,
improving robustness under heterogeneous cryo-EM imaging conditions.
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Algorithm 1 Target-Guided Score Training
Require: Noisy micrographs; target bank {ỹj}mj=1

Ensure: Trained score network sθ
1: Estimate σ2 from target bank
2: Extract noisy patches {x}
3: for t = 1 to T do
4: Set σa(t) and λ(t)
5: for all x do
6: Compute ψθ(x)
7: Compute similarities {aj(x)}
8: Compute weights wj(x)
9: ỹtsm(x)←

∑
j wj(x)ỹj

10: wt(x)← maxj wj(x)
11: ℓfinal ← λ(t)wt(x)ℓTSM + (1− λ(t)wt(x))ℓDSM

12: end for
13: Update θ via SGD
14: end for
15: return sθ

3.7 Training Procedure

Fig. 1 summarizes the overall target-guided training pipeline. Algorithm 1 pro-
vides the detailed procedure. During training, noisy cryo-EM micrographs are
partitioned into patches using a sliding-window strategy. At iteration t, a noise
level σa(t) and a global guidance coefficient λ(t) are set according to prede-
fined schedules, with λ(t) = 0 during an initial warmup phase to stabilize early
training. For each patch x, similarities to the target bank are computed to con-
struct an input-adaptive proxy target ỹtsm(x) and a confidence score wt(x). The
effective supervision weight is given by λ(t)wt(x), yielding the combined loss

ℓfinal = λ(t)wt(x) ℓTSM +
(
1− λ(t)wt(x)

)
ℓDSM.

When alignment confidence is low or during early iterations, optimization relies
primarily on DSM. As training progresses and alignment improves, target-guided
supervision gradually dominates.

4 Experiments

We evaluate our method on multiple cryo-EM datasets against representative
baselines. This section first introduces the experimental setup and then reports
results on denoising, particle picking, and 3D reconstruction.

4.1 Experimental Setup

Datasets. We select cryo-EM datasets from Electron Microscopy Public Image
Archive (EMPIAR)¶ [10], including EMPIAR-10081 [14], EMPIAR-10289, and

¶EMPIAR: https://www.ebi.ac.uk/empiar/.

https://www.ebi.ac.uk/empiar/
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EMPIAR-10291 [5]. To further assess generalization beyond transport-protein
data, we additionally include EMPIAR-10017 (Beta-galactosidase) and EMPIAR-
10406 (70S ribosome). We also construct simulated particle stacks with known
ground truth to verify the core denoising mechanism under controlled condi-
tions. For all datasets, we adopt the CryoPPP benchmark [8], which provides
standardized preprocessing micrographs (e.g., motion correction) and expert-
validated particle picking annotations.

Baselines and backbones. We select representative and widely used baselines
for cryo-EM image denoising, including classical signal processing approaches
and SOTA learning-based methods. Specifically, we include classical Gaussian
low-pass filter, Topaz-Denoise, and DRACO. These baselines cover both tra-
ditional filtering-based techniques and modern deep learning frameworks, pro-
viding a comprehensive comparison across different methodological paradigms.

Downstream cryo-EM processing. To assess the impact of denoising on struc-
tural reconstruction, we perform a standardized cryo-EM processing pipeline.
Particle picking is conducted using the Topaz particle picker [3] integrated in
cryoSPARC software [20], employing the default pretrained ResNet16 model
(32 feature units) without additional fine-tuning. All subsequent cryo-EM data
processing steps, including particle extraction, 2D classification, ab initio recon-
struction, and refinement, are performed in cryoSPARC. For target construction,
all main-paper results use a unified 10Å low-pass filter applied to the reference
map unless otherwise stated. This unified pipeline ensures a fair and reproducible
evaluation of downstream performance.

Evaluation metrics. Since clean ground-truth micrographs are unavailable in
modern cryo-EM, image-level metrics such as PSNR and SSIM are not applica-
ble. We therefore evaluate denoising performance through downstream cryo-EM
tasks. For particle picking, we use a distance-based detection metric, where a
prediction is considered correct if it matches a ground-truth particle within a
predefined distance threshold under one-to-one matching. We report precision,
recall, and F1 under both micro- and macro-averaging. Micro scores are com-
puted globally by aggregating counts across all micrographs, while macro scores
are averaged over per-micrograph metrics. Because macro-averaging weights ev-
ery micrograph equally, it is more sensitive to rare or sparsely populated particle
subsets than micro-averaging, which should be kept in mind when comparing the
two protocols. For structural reconstruction, we report the resolution of the re-
constructed 3D density map, estimated using the gold-standard Fourier Shell
Correlation (FSC) 0.143 criterion.

4.2 Overall Performance

Denoising Performance The qualitative comparisons in Fig. 3 suggest that
effective cryo-EM denoising enhances particle-relevant structure rather than
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Fig. 3: Qualitative denoising comparisons on three cryo-EM datasets.

EMPIAR-10291 EMPIAR-10289 EMPIAR-10081

Method P R F1 P R F1 P R F1

Original 0.617 0.646 0.631 0.352 0.287 0.316 0.546 0.738 0.627

Gaussian 0.610 0.675 0.641 0.352 0.287 0.316 0.546 0.739 0.628

DRACO 0.542 0.723 0.620 0.384 0.351 0.367 0.383 0.456 0.417
Topaz 0.539 0.710 0.613 0.384 0.350 0.366 0.389 0.459 0.421

DSM 0.601 0.694 0.644 0.360 0.304 0.330 0.567 0.755 0.648
TSM 0.590 0.721 0.649 0.382 0.358 0.370 0.577 0.729 0.644
Table 1: Micro-averaged particle picking performance comparison.

merely altering image appearance. Gaussian filtering provides only limited en-
hancement, leaving many weak particle patterns difficult to distinguish. DRACO
and Topaz produce stronger responses, but these changes are accompanied by
less stable local structure. By contrast, the score-based methods generate more
particle-consistent patterns while better preserving the overall structure. TSM is
particularly effective in this regard, yielding clearer particle visibility and more
reliable cues for downstream particle picking. Such improved visual interpretabil-
ity also facilitates manual inspection and particle annotation. These observations
matches the following downstream picking results.

Particle Picking Performance Tables 1 and 2 report downstream particle
picking performance under the distance-based (32px) evaluation protocol using
both micro- and macro-averaged metrics. Compared with DRACO and Topaz,
our score-based methods consistently achieve stronger overall performance across
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Method EMPIAR-10291 EMPIAR-10289 EMPIAR-10081

Original 0.623 ± 0.073 0.313 ± 0.048 0.610 ± 0.111

Gaussian 0.633 ± 0.071 0.313 ± 0.048 0.610 ± 0.111

DRACO 0.610 ± 0.082 0.359 ± 0.062 0.390 ± 0.132
Topaz 0.604 ± 0.081 0.360 ± 0.055 0.393 ± 0.136

DSM 0.636 ± 0.072 0.325 ± 0.047 0.626 ± 0.118
TSM 0.640 ± 0.076 0.364 ± 0.048 0.623 ± 0.115

Table 2: Macro-averaged F1 score (mean ± std across
micrographs) under distance-based evaluation.

(a) DSM (wt=0) (b) wt=0.05

(c) wt=0.1 (d) wt=0.15

Fig. 4: Ablation of the target
weight wt on EMPIAR-10289.

datasets, indicating that effective cryo-EM denoising should improve particle-
relevant structure rather than merely amplifying particle-like responses.

Within the score-based family, TSM achieves the best F1 on EMPIAR-10291
and EMPIAR-10289 under both micro and macro evaluation, while DSM per-
forms best on EMPIAR-10081 and TSM remains highly competitive. This dif-
ference is consistent with our theoretical motivation: target-guided supervision
provides a more stable training signal in the low-noise regime and is particu-
larly beneficial when particle localization depends on subtle structural cues. On
EMPIAR-10081, DSM achieves the highest F1 while TSM attains the highest
precision, suggesting that both score-based variants improve downstream picking
but favor different precision–recall operating points. Examining the precision and
recall behavior more closely, target guidance is most beneficial when particles are
weak but still retain projection patterns consistent with the reference. On the
lower-SNR datasets EMPIAR-10289 and EMPIAR-10291, it mainly improves re-
call, indicating better detectability after denoising, whereas on EMPIAR-10081
where the signal is already clearer it mainly improves precision by reducing
structure-inconsistent responses.

3D Reconstruction Performance The FSC curves for 3D reconstructions
on EMPIAR-10291 and EMPIAR-10081 are shown in Fig. 6, with the corre-
sponding density maps visualized in Fig. 5. Reconstruction resolution is evalu-
ated using the gold-standard FSC 0.143 criterion, where a lower resolution value
indicates better structural recovery. We do not include EMPIAR-10289 here be-
cause it targets the same macromolecular complex as EMPIAR-10291 but was
collected under different microscope settings and experimental conditions. Over-
all, DSM and TSM achieve substantially better reconstruction quality than the
other learned denoising baselines, particularly DRACO and Topaz. This trend
is also consistent with the reconstructed density maps.

On EMPIAR-10081, DRACO leads to severe structural degradation, with
substantial missing regions, while DSM and TSM preserve both the overall mor-
phology and local structural details much more faithfully, and their reconstruc-
tions remain visually much closer to the GT maps. Although Gaussian filtering
can also produce reasonable reconstructions, achieving such performance requires
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GT Map
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Gaussian
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(4.13Å)
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Fig. 5: 3D reconstruction visualizations on EMPIAR-10291 and EMPIAR-10081. Each
row shows the ground truth (GT) and reconstructions from the original input and five
compared methods. Reported values indicate reconstruction resolution (lower is better).

careful parameter tuning, which makes it less reliable in practice. We also note
that small differences in the reported resolution values do not necessarily imply
substantial differences in reconstruction quality. When the values are close (i.e.,
difference within 0.1Å), the practical difference is often limited and should be
interpreted together with the FSC curves and the visualized density maps.

These observations are also aligned with the particle-picking results. On
EMPIAR-10291, although the original micrographs already achieve reasonable
overall picking performance, the remaining false positives in the picked par-
ticle set can still degrade downstream reconstruction and are consistent with
the artifacts observed in the reconstructed map. In contrast, DSM and TSM
yield cleaner reconstructions, suggesting that denoising is more effective when
it improves particle detectability while reducing false positives and preserving
particle-level structural information for downstream alignment and averaging.

4.3 Ablation Study & Sensitivity Analysis

Target weight wt. We study the effect of the target weight wt on EMPIAR-
10289. Fig. 4 compares DSM-only (wt = 0) with wt ∈ {0.05, 0.1, 0.15}. With-
out target guidance (Fig. 4a), DSM mainly reduces noise while leaving parti-
cle structures poorly defined. Enabling TSM (Figs. 4b–d) consistently improves
structural clarity across different values of wt, producing sharper particle bound-
aries and reduced background responses. The improvement remains stable over
a wide range of wt, indicating low sensitivity to precise parameter tuning once
target guidance is introduced. When wt becomes excessively large (Fig. 4d),
mild over-regularization begins to suppress fine structural variations. Overall,
moderate values of wt achieve the best balance between structural guidance and
preservation of fine details.
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(a) EMPIAR-10291 (b) EMPIAR-10081

Fig. 6: FSC curves of 3D reconstructions comparison on EMPIAR-10291 and
EMPIAR-10081. Resolution is determined at FSC 0.143; a right-shifted curve (higher
spatial frequency at the threshold) indicates better resolution.

(a) a=0.3 (b) a=0.35 (c) a=0.4

(d) a=0.45 (e) a=0.5 (f) a=0.55

(a) Sensitivity analysis w.r.t. the noise modeling pa-
rameter a

(b) Effect of annealed learning (top: w/o an-
nealing; bottom: w/ annealing).

Fig. 7: Left: sensitivity analysis under different noise simulation parameters a. Right:
comparison of training w/ and w/o annealed learning.

Global guidance coefficient λ(t). We evaluate the effect of the global guid-
ance coefficient λ(t) on EMPIAR-10291, which controls the contribution of TSM
during training. Fig. 7b compares training without annealing (top) and with an-
nealed learning (bottom), where the similarity weight wt between a fixed noisy
input and its plausible targets is tracked across training. The encoder is updated
every 10 epochs. Without annealing, TSM is applied from the beginning, when
the encoder is still unstable; consequently, the projected noisy–target features
are unreliable, and the similarity wt exhibits noticeable oscillations after each
feature update. These fluctuations indicate that early similarity estimates are
not trustworthy, leading to unstable target guidance. In contrast, with annealed
learning we set λ(t) = 0 in the first phase to optimize only DSM, allowing the
encoder to learn stable feature representations before introducing target guid-
ance. The coefficient λ(t) is then increased linearly in the middle phase and
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fixed to λ(t) = 1 in the final phase. As shown in Fig. 7b (bottom), this sched-
ule significantly stabilizes the similarity curve, producing consistently high and
less oscillatory wt values. Overall, annealed learning improves the reliability of
similarity estimation and yields more stable optimization dynamics by delaying
target guidance until the encoder becomes sufficiently well-structured.

Sensitivity to noise modeling coefficient σa. Fig. 7a evaluates the sen-
sitivity to the noise modeling coefficient a, which controls the noise scale σa.
Qualitatively, the method produces consistent visual results across a wide range
of a, and a moderate range (a ∈ [0.4, 0.5]) offers a favorable trade-off between
noise suppression and structure detail preservation. Smaller a leaves more resid-
ual noise, whereas larger a slightly oversmooths fine structural details. Overall,
the visual quality shows limited sensitivity to the choice of σa.

5 Conclusion

In conclusion, we introduced a target-guided score-based denoising framework
for cryo-EM to address extreme noise and weak particle signals. Our design
leverages score-based learning to preserve particle-relevant structure without
overly suppressing non-particle regions, and further improves particle-region
accuracy via target-informed guidance. Extensive experiments across multiple
cryo-EM datasets show consistent downstream benefits: our method improves
particle picking over classical signal-processing baselines, remains competitive
with strong deep learning denoisers, and supports high-quality 3D reconstruc-
tion, as reflected by FSC trends and cleaner density maps.

Looking ahead, improving target construction under dataset-specific and het-
erogeneous noise conditions remains an important direction. While similarity-
guided annealing provides stable guidance during training, richer target rep-
resentations and more accurate noise modeling could further improve robust-
ness on particularly challenging micrographs. Beyond cryo-EM, the proposed
target-informed score-matching formulation is general and could extend to other
low-SNR scientific imaging problems, including cryo-electron tomography, fluo-
rescence microscopy, and other physics-driven inverse problems where structural
preservation is critical.
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