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Abstract

Foundation models in computer vision have demonstrated exceptional performance
in zero-shot and few-shot tasks by extracting multi-purpose features from large-
scale datasets through self-supervised pre-training methods. However, these models
often overlook the severe corruption in cryogenic electron microscopy (cryo-EM)
images by high-level noises. We introduce DRACO, a Denoising-Reconstruction
Autoencoder for CryO-EM, inspired by the Noise2Noise (N2N) approach. By
processing cryo-EM movies into odd and even images and treating them as inde-
pendent noisy observations, we apply a denoising-reconstruction hybrid training
scheme. We mask both images to create denoising and reconstruction tasks. For
DRACQO’s pre-training, the quality of the dataset is essential, we hence build a
high-quality, diverse dataset from an uncurated public database, including over
270,000 movies or micrographs. After pre-training, DRACO naturally serves
as a generalizable cryo-EM image denoiser and a foundation model for various
cryo-EM downstream tasks. DRACO demonstrates the best performance in denois-
ing, micrograph curation, and particle picking tasks compared to state-of-the-art
baselines.

1 Introduction

Foundation models in computer vision have demonstrated remarkable capabilities in zero-shot and
few-shot tasks. These models learn to extract multi-purpose visual features from large-scale, diverse
datasets through text-guided [1} [2, 3] or self-supervised [4} 5] pre-training methods such as masked
image modeling (MIM) [6]. The features can then be applied to various downstream tasks. For
instance, DINOv?2 [3] is trained on a large-scale curated dataset and shows significant performance
improvements in classification, retrieval, segmentation, etc. The success of vision foundation models
has stimulated advances across various scientific disciplines. Due to the diverse modalities of
scientific imaging, training domain-specific foundation models [7, |8, |9} [10] is essential to meet
specific demands. For example, the UNI [7]] foundation model for tissue imaging is pre-trained on
100 million images for 34 representative clinical downstream tasks.

In structural biology, cryogenic electron microscopy (cryo-EM) stands as a pivotal bio-imaging
technique [[L1]. Unlike optical imaging methods, cryo-EM possesses several distinctive characteristics:
first, cryo-EM utilizes high-energy electron beams as its illumination source [12] and direct detector
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Figure 1: Overview of DRACO. For pre-training, we construct a large-scale curated dataset con-
taining 529 types of protein data with over 270,000 cryo-EM movies or micrographs. Based on this,
we present DRACO, a denoising-reconstruction autoencoder for cryo-EM. A pre-trained DRACO
naturally serves as a generalizable cryo-EM image denoiser and a foundation for various downstream
model adaptions such as micrograph curation and particle picking.

device (DDD) captures a continuous multi-frame sequence, often called a movie [13]. To mitigate
specimen damage during exposure, the electron dose per frame is restricted, leading to extremely low
signal-to-noise ratios (SNR) in the captured images. Second, cryo-EM employs motion correction
to counteract blurring induced by specimen drift during exposure to ultimately obtain a sharper
single micrograph [13]]. Last, the acquired images comprise hundreds of thousands of target protein
particles with diverse poses. To resolve 3D structures, researchers utilize a pipeline composed of
multiple downstream tasks including micrograph curation, micrograph denoising, particle picking,
pose estimation, and ultimately high-resolution reconstruction.

In line with denoising autoencoders [14], which consider “robustness to partial destruction of the
input” a good representation criterion, existing self-supervised learning methods, such as masked au-
toencoders (MAE) [[6], have been successful in learning expressive representations by reconstructing
the missing patches from a partially masked image. However, in cryo-EM, these methods overlook
the severe corruption caused by pixel-level random noise, leading to degraded performance. To be
more robust to noises, DMAE [15]] reconstructs the clean image from the masked one that is further
corrupted by synthetic Gaussian noise. Nevertheless, cryo-EM clean reference images are impossible
to obtain due to the fragile biological specimens, posing a significant challenge.

In this paper, we present DRACO, a Denoising-Reconstruction Autoencoder for CryO-EM, as
shown in Figure [1] Inspired by Noise2Noise (N2N) [[16], which learns to denoise images using
only paired noisy images, we divide the original movie into two sub-movies based on odd and even
frame numbers, processing them into odd and even images. We treat them as two independent,
noisy observations of the underlying true signal, thus the idea of N2N can apply. During training,
we partially mask both images, creating masked regions and unmasked regions corresponding to
denoising and reconstruction tasks: in the unmasked region, the odd noisy patch learns to recover the
even noisy patch, and vice versa. In the masked region, we introduce relatively low-noise images
from the complete movie to supervise the reconstructed results. This denoising-reconstruction hybrid
training scheme achieves the robust feature extraction of noisy cryo-EM images.

The quality of training samples is crucial for the general-purpose feature extraction of cryo-EM
images. Direct access to the public database leads to varying data quality, inconsistent data formats,
or missing annotations. Therefore, we construct a large-scale, high-quality, and diverse single-particle
cryo-EM image dataset by curating and manually processing 529 sets of data from EMPIAR [17],
obtaining over 270,000 cryo-EM movies or micrographs in total. After pre-training, DRACO naturally
serves as a generalizable cryo-EM image denoiser and a foundation for various downstream model
adaptions. We hence explore the performance of DRACO on three downstream tasks: micrograph
curation, denoising, and particle picking. Extensive experiments show that DRACO outperforms
the state-of-the-art baselines in all downstream tasks. We will release code, pre-trained/fine-tuned
models, and the large-scale curated dataset.
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