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CryoAtom improves model building  
for cryo-EM
 

Baoquan Su    1, Kun Huang    2, Zhenling Peng    1  , Alexey Amunts    3,4   & 
Jianyi Yang    1 

Constructing atomic models from cryogenic electron microscopy (cryo-EM) 
density maps is essential for interpreting molecular mechanisms. Here we 
present CryoAtom, an approach for de novo model building for cryo-EM 
maps, leveraging recent advancements in AlphaFold2 to improve the 
state-of-the-art method ModelAngelo. To accommodate the cryo-EM 
map information, CryoAtom replaces the global attention mechanism 
in AlphaFold2 with local attention, which is further enhanced by a novel 
three-dimensional rotary position embedding. CryoAtom produces more 
complete models, reduces the resolution requirement and accelerates the 
modeling. The application of CryoAtom to three large maps demonstrates 
its ability to detect previously uncharacterized proteins with unknown 
functions, improve the modeling of conformational changes and 
compartmentalize the map to isolate nonprotein components. A particular 
case includes a 104-protein complex that was modeled within a few hours 
and a minor conformational change of a single protein domain was detected 
at the periphery when models from two different maps were compared. 
CryoAtom stands as an accurate method currently available for model 
building of proteins in cryo-EM structure determination. The source code 
and model parameters are available from GitHub (https://github.com/
YangLab-SDU/CryoAtom).

With the advent of direct electron detectors, single-particle cryogenic 
electron microscopy (cryo-EM) has become the primary method 
for resolving biomolecular structures1–3. A critical step in cryo-EM 
structure determination is the construction of atomic models from 
three-dimensional (3D) density maps. The pace of model deposi-
tion derived from cryo-EM maps in the Protein Data Bank (PDB) has 
increased by two orders of magnitude, from 67 in 2012 to 5,788 in 2024 
(ref. 4). The exponential growth has been driven by advances in automa-
tion of data collection and processing5, accessible software and web 
platforms empowering broader adoption6 and community efforts to 
further democratize and improve cryo-EM methodologies7, including 
the use of artificial intelligence.

Previously, model building relied heavily on manual efforts, involv-
ing fitting homology models generated by tools such as I-TASSER8 into 
the density maps using graphic software, such as Coot9 or Isolde10. 
The process of generating a 3D reconstruction involves averaging 
thousands of nonidentical particle projections, resulting in cryo-EM 
maps that consist of regions with variable resolutions. Consequently, 
areas with higher flexibility or partial occupancy are more challenging 
to interpret with precision.

Several methods have been developed to derive atomic structures 
from cryo-EM density maps. These can be categorized into two groups: 
traditional and deep learning. Traditional model-building methods 
include Pathwalking11,12, Buccaneer13, EM-Fold14, Rosetta15, MAINMAST16 
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Overview of the CryoAtom approach
CryoAtom takes as input a cryo-EM density map and the amino  
acid sequences of the target proteins, following a two-step pro-
cess for building atomic structures (Fig. 1). In the first step, a 3D 
convolution-based network, specifically a U-Net28, is used to predict the 
positions of Cα atoms from the density map. Because of GPU memory 
limitations, the map is cropped into smaller patches (64 × 64 × 64), 
which are later combined to reconstruct the original size. The  
second step generates all-atom structures using transformer  
network adapted from AF2 (ref. 25). The all-atom positions are post-
processed using a method similar to that used in ModelAngelo22. 
CryoAtom incorporates several key concepts that are inspired by Mod-
elAngelo (Box 1) and we introduced key modifications in the encoder 
and decoder to fully exploit the structural information present in the 
density map. The encoder, which we call Cryo-Former, transforms 
the density map into a node-and-edge representation. The decoder, 
named Structure Module, generates all-atom positions from these 
improved representations.

Two key differences distinguish the CryoAtom network (denoted 
by Cryo-Net) from the AF2 network: an enhanced transformer and 
the local attention. Cryo-Net features an enhanced transformer 
that incorporates 3D rotary position embedding (3D-RoPE). 

and PHENIX17. In Pathwalking and MAINMAST, constructing all-atom 
structures from density maps is treated as a minimization problem, 
solved using optimization algorithms. Rosetta and EM-Fold first deduce 
fragment structures from the density map and assemble them using 
Monte Carlo sampling.

Deep-learning-based methods encompass DeepMainmast18, 
EMBuild19, CR-I-TASSER20, DeepTracer21, ModelAngelo22 and Cryo-
2Struct23. These approaches typically start by applying a deep network to 
detect the backbone structure from the density map. They diverge in their 
subsequent strategies for constructing all-atom models. By incorporating 
components of protein structure prediction framework, current meth-
ods have achieved more accurate results in interpreting density maps24.

Recently, a breakthrough came from deep-learning-based 
structure predictors, such as AlphaFold2 (AF2)25, RoseTTAFold26 
and trRosetta27, which also contributed to the awarding of the  
2024 Nobel Prize in Chemistry. We reasoned that accuracy and 
the resolution limit in protein model building, especially for the 
state-of-the-art method ModelAngelo, could be further extended 
by taking advantage of the recent advances. We, thus, developed 
CryoAtom. Tests on cryo-EM maps of multiprotein complexes with 
unknown components demonstrate the robustness of CryoAtom for 
automated model building with high speed and accuracy.

2. Build all-atom positions using Cryo-Net
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Fig. 1 | Overall architecture of CryoAtom. Two major steps are used to build 
all-atom structure from a cryo-EM density map and the amino acid sequences 
of the target proteins. In the first step (purple background), the input density 
map is fed into a 3D convolution-based network U-Net to predict the Cα atom 
positions. The map is first cropped continuously into boxes of size 64 × 64 × 64, 
which are then processed by U-Net and combined at the end. The final U-Net 
output ypred is of the same size to the input map and the value in each voxel is the 
probability of containing a Cα atom, which is refined by the mean-shift algorithm. 
In the second step (green background), all-atom positions are predicted using 

a local attention network (Cryo-Net) from the amino acid sequence and the 
predicted Cα atom. The initial node and edge representations are first fetched 
from density map guided by the predicted Cα atom positions. They are then fed 
into the Cryo-Former together with the sequence embedding from ESM-2. The 
updated representations are then decoded into all-atom structure using the 
Structure Module, followed by a postprocessing step. The parameters r, k and 
c are the numbers of predicted Cα atoms, neighbors considered and channels, 
respectively.
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Originally, RoPE was used to process one-dimensional (1D) sequences29.  
Here, we extend it to a node position encoding in 3D space (Methods 
and Supplementary Text 2). 3D-RoPE effectively encodes the posi-
tional information of each node into all attention calculations, allow-
ing the attention score to decay with increasing distance between 
nodes. This design takes advantage of the spatial constraints inher-
ent in the density map. The local attention in Cryo-Net is realized 
through the improved edge representation (Methods). Instead of 
an all-against-all approach, Cryo-Net uses an all-against-k strategy, 
where k represents the number of spatial neighbors for each node. 
This adjustment once again capitalizes on the spatial restraints pro-
vided by the density map, which are usually unavailable in traditional 
structure prediction. These features enable efficient training of a 
deeper network.

The postprocessing procedure, adapted from ModelAngelo, is 
outlined as follows. The initial all-atom structure is obtained from 
Cryo-Net and any segments with fewer than four residues are trimmed 
(referred to as model_net). The amino acid type for each residue in 
model_net is assigned as the class with the highest probability output 
from Cryo-Net. The hidden Markov model (HMM) profile is derived 
from the predicted probability distribution by Cryo-Net and aligned 
with the input amino acid sequence. The amino acid types of residues in 
the Cryo-Net structure (before trimming) are then corrected according 
to this alignment, producing another structure denoted as model_fix. 
Lastly, residues that do not match the input sequence are pruned, 
producing model_prune, the default model used for assessment unless 
otherwise specified.

Quality of the model building for  
1–4-Å-resolution maps
To benchmark CryoAtom, we first tested it against 177 maps of resolu-
tion better than 4 Å from ModelAngelo. The running time of CryoAtom 
is presented in Supplementary Fig. 1 and Supplementary Text 1. The 
specific metrics for performance evaluation are introduced in Sup-
plementary Text 1. For objective comparison, the ModelAngelo models 
for these maps were downloaded from the website given in the original 
study22. For new maps, atomic models were generated locally using ver-
sion 0.2.3, which had higher accuracy than other versions in our tests.

While both CryoAtom and ModelAngelo performed well when 
the map resolution was better than 3 Å (Fig. 2a, top right), CryoAtom’s 
advantages became evident as the map resolution decreased below 3 Å. 
Notably, with a higher completeness rate, CryoAtom also generated 
more accurate structures, as indicated by the Cα root-mean-square 

deviation (r.m.s.d.; 0.31 Å versus 0.33 Å) and backbone r.m.s.d. (0.34 Å 
versus 0.37 Å) (Fig. 2e).

Completeness is closely linked to backbone recall and amino 
acid accuracy. A decline in either of these metrics results in reduced 
completeness. To further investigate this relationship, we calculated 
backbone recall and amino acid accuracy for the intermediate models 
(model_net and model_fix). CryoAtom achieved a backbone recall in 
model_net of 97.2% versus 94.4% of ModelAngelo (Fig. 2g). If segments 
fewer than four residues were retained, this parameter increased by 
0.8% and 2.0% for CryoAtom and ModelAngelo, respectively. The 
smaller increase for CryoAtom might reflect that the structures gener-
ated by our network were less fragmented.

Additionally, CryoAtom exhibited a higher amino acid accuracy 
before pruning (in both model_net and model_fix; Fig. 2g) and the two 
methods showed comparable accuracy after pruning (in model_prune; 
Fig. 2d). The amino acid accuracy for the model generated by Cryo-Net 
(model_net) was 73.1% compared to 58.5% for ModelAngelo. This indi-
cates that our network possesses a stronger ability to assign amino acid 
types, likely because of the enhanced transformer architecture. The 
HMM-based correction from ModelAngelo performs well, improving 
amino acid accuracy in model_fix to 87.1% for CryoAtom and 84.7% for 
ModelAngelo. In summary, CryoAtom showed high backbone recall 
and amino acid accuracy, contributing to the overall completeness.

We also analyzed the accuracy of predicted structures on the basis 
of the Q scores30 of residues in the deposited structures. The Q score 
reflects the consistency between the map density and the atomic struc-
ture, with higher values typically indicating better local resolution. 
Figure 2c plots the backbone r.m.s.d. and the completeness of models 
built by CryoAtom and ModelAngelo against the deposited Q scores. 
When the Q score was less than 0 or greater than 0.6, CryoAtom models 
exhibited lower backbone r.m.s.d. For other Q-score ranges, the r.m.s.d. 
of both methods was comparable. In terms of completeness, CryoAtom 
outperformed ModelAngelo when the Q score was below 0.6.

In addition to Q scores, we calculated the MolProbity scores31 
and EMRinger32 metrics. The former reflects the geometric validity  
of the protein models, whereas the latter indicates the degree of  
agreement between the protein side chains and the density  
map. CryoAtom achieved better model quality than ModelAngelo 
while having a higher level of completeness (MolProbity scores, 3.56 
versus 3.69; EMRinger, 3.02 versus 2.90). Detailed results can be found 
in Supplementary Table 1.

We compared the number of true positives (TPs) in the struc-
tures generated by both methods. A residue was classified as a TP if 

BOX 1

Key concepts of CryoAtom inspired by ModelAngelo
Method ModelAngelo CryoAtom

Architecture Cryo-EM module, sequence module and 
structure module with spatial IPA

Cryo-Former (integrating cryo-EM module and sequence 
module using an evoformer-like architecture) and structure 
module (with local attention and 3D-RoPE)

Representations to update Node representation Node representation and edge representation

Attention characteristics Local, cross-attention Local, gated cross-attention and gated self-attention

Positional encoding Sinusoidal 3D-RoPE

Pretrained language model ESM-1b ESM-2

Confidence score Per-residue backbone r.m.s.d. Per-residue FAPE

Recycling mechanism Recycling backbone frame Following ModelAngelo

Sequence alignment Based on HMM Following ModelAngelo

http://www.nature.com/nsmb
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a corresponding deposited residue existed within 3 Å. Both methods 
had 309,414 common TPs, with backbone r.m.s.d. values of 0.28 Å and 
0.33 Å for CryoAtom and ModelAngelo, respectively (Fig. 2e,f). Addi-
tionally, CryoAtom identified 31,736 TPs that ModelAngelo missed, 
contributing to its higher completeness. These residues generally 
corresponded to lower-resolution areas, as indicated by their lower 
deposited Q scores (0.50; Supplementary Fig. 2a) and higher backbone 
r.m.s.d. (0.77 Å; Fig. 2e). In contrast, ModelAngelo identified 8,980 TPs 
(with a higher deposited Q score of 0.56; Supplementary Fig. 2a) that 
were missed by CryoAtom. Although the TPs constructed by ModelAn-
gelo but missed by CryoAtom were located in high-resolution regions 
(average deposited Q score of 0.56, corresponding to a resolution of 
3.1 Å)30, the average backbone r.m.s.d. of these regions in the Model-
Angelo models was higher than the overall backbone r.m.s.d. (0.87 Å 
versus 0.37 Å; Fig. 2e). This reflects the challenges of building atomic 
structure for these regions.

We investigated whether there is a systematic bias in the construc-
tion of these regions. We defined the interchain interface as Cα atoms 
from different chains that were within 8 Å of each other. Terminal 
segments were defined as the first and last 10% segments of the entire 
chain that did not belong to interface regions. The results, shown in 

Supplementary Fig. 2b,c, indicate that, among the TPs (8,980) miss-
ing by CryoAtom but constructed by ModelAngelo, approximately 
21% were located in interface regions, 9% belonged to terminal seg-
ments and 58% of the secondary structure constituted coils. The high 
flexibility of coil segments may have contributed to the difficulties in 
modeling these regions. Correspondingly, among the CryoAtom TPs 
(31,736) missed by ModelAngelo, about 14% were located in interface 
regions, 9% belonged to terminal segments and 50% of the secondary 
structure constituted coils. The systematic bias in both methods was 
similar. These data reinforce CryoAtom’s advantage in constructing 
atomic structures for lower-resolution maps or regions.

Lastly, we analyzed the sensitivity of CryoAtom to hyperparam-
eters and evaluated its performance across different biological sys-
tems. The sensitivity analysis of CryoAtom to hyperparameters can 
be found in Supplementary Fig. 3 and Supplementary Text 1. Details 
of CryoAtom’s performance across different biological systems are 
shown in Supplementary Fig. 4. CryoAtom achieved a completeness of 
83.8% across the entire high-resolution test set (average resolution of 
3.1 Å), 85.9% for membrane proteins (average resolution of 3.0 Å), 88.7% 
for monomers (average resolution of 2.9 Å), 84.9% for homooligomer 
complexes (average resolution of 3.1 Å), 82.4% for heterooligomer 
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Fig. 2 | Comparison between CryoAtom and ModelAngelo on the test set of 177 
high-resolution maps. a, Head-to-head comparison based on the completeness. 
b, Violin plots of the backbone recall and the backbone precision (n = 177). 
The shape of the violin plot indicates the distribution. The center, lower and 
upper lines in each box indicate the median, first quartile and third quartile, 
respectively. The whiskers extend to the most extreme data points that are 
within 1.5 times the interquartile range (IQR) from the first and third quartiles. 

Data points beyond this range are considered outliers. c, Backbone r.m.s.d. and 
completeness plotted as a function of the Q scores of the deposited structures. 
d, Head-to-head comparison of the amino acid accuracy. e, Bar plots comparing 
the average r.m.s.d. of Cα atoms and backbone atoms. The sizes of the sets of TP 
residues (all, common, exclusive) are shown in f. f, Venn diagram showing the 
numbers of TP residues predicted by both methods. g, Backbone recall and amino 
acid accuracy for the intermediate models (n = 177). Error bars indicate ±1.0 s.d.
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complexes (average resolution of 3.1 Å) and 85.1% for protein com-
plexes bound to nucleic acids (average resolution of 3.2 Å). These data 
suggest that CryoAtom demonstrates good robustness across various 
biological systems.

CryoAtom extends the map resolution limit for 
structure construction
Our tests indicate that CryoAtom exhibited slightly lower backbone 
precision compared to ModelAngelo (Fig. 2b). There are two possible 
reasons for this. The first is that map masking is not used in CryoAtom 
(Supplementary Fig. 5 and Supplementary Text 1). The second may stem 
from CryoAtom’s ability to construct structures in lower-resolution 
regions, as discussed below, which are often absent in deposited 
structures and classified as false positives during evaluation. For 
instance, in the cryo-EM structure of the type III-E CRISPR Craspase 
gRAMP–crRNA complex (PDB 7Y82, EMD-33678; green cartoon and 
gray surface in Fig. 3a), residues 1041–1380 are largely absent in both 
the deposited structure (green cartoon in Fig. 3a) and the ModelAngelo 
model (magenta cartoon in Fig. 3a). The structures for these regions 
are modeled by CryoAtom (blue cartoon in Fig. 3a,b) but classified as 
false positives, resulting in a lower precision than ModelAngelo (85.4% 
versus 99.8%). However, these residues are modeled with high confi-
dence (>70). The definition of CryoAtom’s confidence can be found in 
Supplementary Fig. 6 and Supplementary Text 1. We also submitted 
the domain sequence to AF3 (ref. 33) for structure prediction, yielding 
a high confidence score (AF3 confidence score > 0.8). The structure 
superimposition indicates that the AF3 model closely resembled the 

CryoAtom model (template modeling (TM)-score, 0.86; r.m.s.d., 2.07 Å; 
Fig. 3c). This cross-validation supports the correctness of the CryoAtom 
model for the missing residues.

The above phenomenon is not isolated and we observed it in 
numerous cases, potentially impacting overall backbone precision. 
On average, the CryoAtom models for the 177 maps included approxi-
mately 75,000 new residues predicted with high confidence (>60; 
Supplementary Fig. 7a) absent in deposited structures. All structures 
generated by CryoAtom are available for download (https://yanglab.
qd.sdu.edu.cn/CryoAtom). On the other hand, we investigated the 
Q scores of these false positives (FPs), as shown in Supplementary 
Fig. 7b. For CryoAtom, only 18.6% of these FPs had a Q score below 0.4, 
indicating that most (that is, 81.4%) of the newly constructed regions, 
which are not present in the deposited structures, are likely reason-
able. If we also classified residues with a Q score > 0.4 as TPs, then the 
backbone precision of CryoAtom would increase from 96.1% (Fig. 2b) 
to 98.2%; correspondingly, the backbone precision of ModelAngelo 
would increase from 99.5% (Fig. 2b) to 99.9%.

Benchmarking performance on  
4–7-Å-resolution maps
Next, we assessed the performance of CryoAtom in a lower resolu-
tion range. We tested 104 maps with resolutions of 4–7 Å (Fig. 4a–c). 
As expected, the accuracy was lower compared to high-resolution 
maps. Nevertheless, CryoAtom built relatively complete models (>50% 
completeness) for approximately 40% of the tested maps. CryoAtom 
generally constructed more complete models than ModelAngelo 

90 
90 

a PDB ID: 7Y82, EMD-33678 CryoAtom ModelAngelo

b c

Backbone precision:           85.4%
Backbone r.m.s.d.               0.27 Å

Completeness:                     89.3%
Backbone precision:            99.8%
Backbone r.m.s.d.                0.28 Å

Completeness                     96.9%

Fig. 3 | An example of how CryoAtom has a more complete model compared 
to the deposited structure. a, The gray surface is the density map EMD-33678 
(reported resolution: 2.83 Å). The green/gray cartoon is the deposited structure 
(PDB 7Y82). The blue cartoon is the CryoAtom model, the magenta cartoon is the 

ModelAngelo model and the orange cartoon is the AF3 model for the unmodeled 
regions in the deposited structure. b, The blue cartoon is the modeling of the 
absent residues 1041–1380 in the deposited structure by CryoAtom and the gray 
surface is the corresponding density map. c, An enlarged view of the red box in a.
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(backbone recall, 43.0% versus 25.8%; completeness, 36.8% versus 
23.6%) while maintaining similar accuracy (amino acid accuracy, 86.6% 
versus 85.3%; backbone r.m.s.d., 0.78 Å versus 0.90 Å). An illustrative 
low-resolution example is provided in Fig. 4d, comparing models gener-
ated by CryoAtom and ModelAngelo. The case involves an open state 
of kainate receptor GluK2 (PDB 9B36) with 4.3-Å resolution. CryoAtom 
successfully constructed structures for 81.2% of the residues, achiev-
ing backbone r.m.s.d. of 0.45 Å. In contrast, ModelAngelo constructed 
structures for 72.6% of the residues, achieving backbone r.m.s.d. of 
0.53 Å. Because of the lower resolution in the peripheral regions of the 
density map, ModelAngelo encountered difficulties during modeling. 
However, CryoAtom constructed relatively complete atomic models for 
these regions (Fig. 4d). In addition, CryoAtom took less time than Mod-
elAngelo for the modeling (0.28 h versus 0.81 h). This example clearly 
demonstrates CryoAtom’s superior modeling capability and efficiency 
for handling low-resolution regions within maps. The assessment on a 
nonredundant set of maps indicated that the key factor impacting Cry-
oAtom’s performance was the map resolution rather than the sequence 
similarity or structural similarity to the training data (Supplementary 
Fig. 8 and Supplementary Text 1).

Comparison to other methods that use additional 
constraints
We further compared CryoAtom to DeepMainmast18 that incorpo-
rates additional constraints. DeepMainmast constructs complex struc-
tures from density maps using deep learning and predicted structures 
from AF2. The DeepMainmast protocol comprises two components. 
The first, DeepMainmast(base), constructs models using de novo 
main-chain tracing guided by deep learning. The second integrates 
the DeepMainmast(base) model with structure predictions from AF2.

Modeling a target with DeepMainmast typically requires sev-
eral hours. For convenience, we referenced the data from the original 
DeepMainmast paper18, which included results for 20 protein com-
plexes. In addition, the DeepMainmast paper also included the results 
of two classical methods, CryoFold34 and MAINMAST16, which perform 
de novo modeling on the basis of cryo-EM density maps. Here, we cite 
their results on single-chain datasets and reweight the completeness 
(referred to as AA match in the DeepMainMast paper) according to 
chain length to obtain the results for the complexes. We found that 
CryoFold failed to run in certain cases; as MAINMAST is a step within 
the CryoFold pipeline, the results from MAINMAST were used directly 
for these cases of failure. Additionally, we found that using the original 
density map (EMD-5495) directly as input for CryoAtom yielded very 
poor results. This may be related to the fact that EMD-5495 was released 
early (in 2012) with high background noise. Thus, we preprocessed 
EMD-5495 in the same way as ModelAngelo and then used it as input 
for CryoAtom.

First, under a fair comparison without considering additional 
inputs, the result is shown in Fig. 5a. The average completeness of 
CryoAtom was 0.88, demonstrating a notable advantage over 
DeepMainmast(base) (0.72), MAINMAST (0.31) and CryoFold (0.29). 
When compared to the full DeepMainmast protocol, CryoAtom 
remained competitive (completeness, 0.88 versus 0.89). In the Deep-
Mainmast paper, the density map with the shortest runtime (14.85 h) 
in the dataset was EMD-5185, while the density map with the longest 
runtime (613.66 h) was EMD-6374. In contrast, CryoAtom took only 
4.44 h and 82.77 h for these two density maps, respectively.

The comparisons above demonstrate that CryoAtom remained 
competitive with DeepMainmast, despite the additional constraints 
used by the method. We intentionally avoided incorporating extra 
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constraints into CryoAtom to prioritize ease of use and efficiency. As 
a result, CryoAtom is several times faster than DeepMainmast. In fact, 
CryoAtom can also enhance its modeling performance by integrat-
ing additional inputs. We conducted a preliminary test to explore 
the possibility of enhancing CryoAtom for density maps with poor 
resolution by integrating predicted structure models. To this end, 
we introduce a variant of CryoAtom that includes an additional input 
from the AF3-predicted structure model (Supplementary Text 2) and 
we refer to this AF3-enhanced version as CryoAtom_AF3.

The incorporation of predicted structure models improved the 
models built by CryoAtom (Supplementary Table 7). On these 20 tar-
gets, the completeness of CryoAtom models was very close to that of 
the DeepMainmast models (0.88 versus 0.89). However, after integrat-
ing the AF3 models, the completeness of the CryoAtom_AF3 models 
improved to 0.92, outperforming DeepMainmast (Fig. 5a). An example 
from this dataset is illustrated in Fig. 5c (PDB 1QHD). The density map 
had medium resolution (3.8 Å), with the top regions at even lower 
resolution, making it challenging to build a complete model. CryoAtom 
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only constructed the structures with a completeness of 0.66. This 
issue is not unique to our method; it is a common phenomenon for all 
methods that rely solely on the density map, including ModelAngelo 
and DeepMainmast(base). After incorporating the predicted models 
from AF3, we successfully built a model very close to the deposited 
version, achieving over 0.95 completeness.

Furthermore, to validate the robustness of the CryoAtom_AF3 
version, we selected a larger low-resolution dataset for testing. To 
avoid the long time required for structure prediction, we chose density 
maps with fewer than 5,000 residues from the original low-resolution 
test set (selecting 69 of 104). When incorporating the predicted AF3 
models, the average completeness of CryoAtom_AF3 was 0.46 (Fig. 5b), 
demonstrating a notable advantage over CryoAtom (0.39) and Mod-
elAngelo (0.28). An example from this dataset is illustrated in Fig. 5d, 
where the structures in the low-resolution region at the periphery were 
successfully built by CryoAtom_AF3.

The data presented above indicate potential avenues for enhanc-
ing CryoAtom in the context of low-resolution density maps. However, 
low-resolution density maps still pose challenges. In regions with exces-
sively low resolution, the default models provided by CryoAtom may 
be a collection of fragments, missing some core structures. For such 
fragmented results, simply using US-align35 may lead to incorrect align-
ments because these fragments do not specify the correct chain order.

Ablating CryoAtom components to assess drivers 
of performance
To investigate the contributions of different components to CryoAtom, 
we conducted ablation experiments on the 177 high-resolution maps. 
Four configurations of its network, Cryo-Net, were assessed: the default 
version (18-layer Cryo-Former), a version without node and edge atten-
tion, a version without sequence input and a version without 3D-RoPE. 
These experiments evaluated the impact of network depth, sequence 
information and 3D-RoPE on performance. Metrics included amino 
acid accuracy and all-atom r.m.s.d., calculated against the deposited 
structures (Fig. 6). The default model achieved 0.51 Å all-atom r.m.s.d. 
and 73.1% amino acid accuracy. The r.m.s.d. increased slightly for shal-
lower networks and the version without sequence input, while amino 
acid accuracy dropped substantially, especially for the version lacking 
sequence input. The configuration without 3D-RoPE exhibited the most 
substantial differences, with an increased all-atom r.m.s.d. of 0.34 Å 
and a 26.4% decrease in amino acid accuracy. Notably, the loss curve 
for the ablation experiment without 3D-RoPE displayed oscillations 
during training (Supplementary Fig. 9), suggesting that this encoding 
is crucial for the effective training of Cryo-Net.

Case studies to assess protein identification and 
conformational changes
We showcase the advanced capabilities of CryoAtom with three comple-
mentary examples, each addressing a distinct and challenging aspect 

of modern macromolecular modeling (Fig. 7). They are introduced 
below in detail.

Detecting new proteins in multicomponent complexes
A challenge in protein modeling for complex organisms is determin-
ing the identity of previously uncharacterized proteins directly from 
the cryo-EM map. Inspired by ModelAngelo, CryoAtom implements 
the function to identify unknown proteins by performing sequence 
searches using HMM profiles generated by deep learning. Specifically, 
an initial set of sequences, which can be completely random or part of 
the sequences related to the density map, can be fed into CryoAtom. 
The HMM profiles generated by CryoAtom are then compared to the 
sequences in the sequence database related to the density map (for 
example, downloaded from the UniProt database by organism informa-
tion or simply using the whole UniProt database if nothing is known). 
Successfully matched sequences are added into the initial sequence set. 
CryoAtom is run again with the updated set of sequences. This iterative 
process continues until no new sequences are identified. The final set of 
sequences represents all sequences related to the density map. Once the 
sequence database is prepared, this process becomes fully automated 
and requires no manual intervention. This enables the automatic search 
of sequences within the density map from a vast sequence database, 
thereby constructing atomic models. The prerequisite for this process 
to work is that the provided sequence database must encompass all 
protein sequences in the density map. Given the rapid development 
of the genome sequencing projects, this assumption is not difficult to 
meet. We can use this function to identify unknown or missing subunits 
that human experts failed to build.

We tested CryoAtom’s ability to tackle this using a reconstruction 
of a photosynthetic complex with multiple chains from a chromerid 
alga (EMD-66850)36. In this example, CryoAtom identified and modeled 
22 proteins, six of which were not previously characterized (Fig. 7a). 
Additionally, two universally conserved chains exhibited fully resolved 
extensions of 71 and 99 residues, which effectively doubled the original 
size of each protein in the core complex, indicating potential functional 
relevance (Fig. 7b). The newly modeled sections were not previously 
identified and the new chains were not predicted to be part of the 
complex. CryoAtom’s ability to detect new proteins and structural 
extensions within intricate cryo-EM data demonstrates its efficiency, 
with calculations taking ~1 h on an A800 GPU.

Capturing minor conformational changes in a megadalton 
complex
To explore CryoAtom’s sensitivity to subtle conformational changes, we 
used a mitochondrial supercomplex functioning as a respirasome, with 
a mass of 1.8 MDa, in which only one protein displayed a slight rotation37. 
First, CryoAtom generated an atomic model from the map of the native 
source, constructing the 104-protein complex in 5.6 h, with half of the 
chains being species specific (Fig. 7c). Compared to ModelAngelo, Cryo
Atom provided higher completeness in lower-resolution regions of the 
map (Supplementary Fig. 10). To further assess CryoAtom’s precision, 
we classified two maps and found a subtle 15-Å movement in a single 
peripheral domain of a protein. This minor motion was resolved in two 
conformations within the 261 × 296-Å supercomplex. The resolution in 
the area of this conformational shift was 3.0–4.0 Å. CryoAtom’s ability 
to capture such minor structural variations demonstrates its effec-
tiveness for investigating dynamic biological particles and targeting 
structural regulation.

Performance on a large protein–nucleic acid complex
Lastly, we tested whether CryoAtom works for large-scale biological 
macromolecules. As a representative example, we used the human 
mitoribosome, which has over 80 protein chains and a large over-
all dimensions of 307 × 287 × 286 Å (ref. 38). Unlike ModelAngelo, 
CryoAtom does not currently model nucleic acids; nevertheless, it 
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successfully segmented the heterogeneous density, where one third 
corresponded to nucleic acids39. Notably, 78 of 87 protein chains were 
modeled with >80% completeness (Fig. 7e). This example demonstrates 
that CryoAtom effectively handles large-scale structures containing a 
notable number of nucleic acids.

Discussion
In this study, we demonstrated the advanced capabilities of CryoAtom 
in addressing complex challenges in macromolecular modeling using a 
local attention network and 3D-RoPE. CryoAtom increases the accuracy 
and completeness of automatically built protein models while reduc-
ing the execution time and requirement for map resolution. Tests on 
large complexes show identification of previously unknown proteins 
that could not be revealed by other automated tools or predicted. For 
most tested maps, it constructed models with over 80% completeness, 
including for protein complexes with nucleic acids, and could also model 
previously missing residues. Through specific examples, we illustrated 
CryoAtom’s applications in addressing challenging tasks of modern 
macromolecular modeling. They include successfully detecting novel 
proteins in multicomponent complexes even without a well-established 
protein database, capturing subtle conformational changes within large 
protein assemblies and precisely compartmentalizing the map to isolate 
nonprotein components. CryoAtom also goes beyond simple structural 
modeling by segmenting maps with multiple cofactors. Together, these 
results underscore CryoAtom’s ability to tackle a variety of complex 
challenges in macromolecular modeling in a more time-efficient man-
ner. The versatility, cost efficiency and precision mark CryoAtom as 
a valuable tool for high-throughput macromolecular modeling and 
functional analysis of dynamic biological assemblies.

Although CryoAtom leverages deep learning to reduce resolu-
tion requirements, modeling at low resolution remains challenging. 
This stems from the difficulty of identifying protein side chains in 
low-resolution regions. The challenge arises from the heterogeneous 
nature of cryo-EM data; stable residues are well-resolved (reflected 
in high-resolution areas), whereas dynamic regions appear blurred 
(reflected in low-resolution areas). One potential solution for 
low-resolution regions is to represent them with an ensemble of con-
formations rather than a single fixed structure. CryoFold34 serves as 
a good example of using molecular dynamics simulations to address 
this issue. Additionally, CryoAtom can incorporate MDFF40 during the 
postprocessing stage, which is a method for flexible fitting of density 
maps using molecular dynamics. These enhancements will be explored 
in future work.
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Methods
Training and test data
Training set and validation set. To train our method and compare 
to ModelAngelo22, we constructed the training dataset with the same 
settings as ModelAngelo. Specifically, the training set consists of 6,422 
EM Data Bank41 cryo-EM density maps released before 1 April 2022 with 
resolution better than 4 Å and paired structures in PDB4. The full training 
set was used to train an initial model. The model was used to filter the 
training dataset on the basis of the precision (>0.5) of the predicted Cα 
atoms. After filtering, there were 5,731 remaining map–model pairs, of 
which 10% were randomly selected for validation and 90% for training.

High-resolution test set. The test dataset we used consisted of 177 
high-resolution (better than 4 Å) maps from ModelAngelo22 (released 
between 1 April 2022 and 9 February 2023).

Low-resolution test set. To test the performance of CryoAtom on 
low-resolution maps, we collected another set of maps at lower resolu-
tion. We first obtained 135 maps with resolutions of 4–7 Å, which were 
released between 1 January 2024 and 1 June 2024 (about 2 years after 
the training data). Among these maps, ModelAngelo failed to build 
atomic structures for 31 maps (the program did not respond for a long 
time or encountered errors during the process). Therefore, the final 
low-resolution test dataset consisted of 104 maps with resolutions of 
4–7 Å. The number of residues in these maps ranges from 250 to 17,520 
(3,461 residues on average).

Nonredundant test set. To investigate whether there was any issue of 
data leakage, we constructed a nonredundant set. Specifically, if the test 
density map and the training density map had at least one pair of protein 
chains with over 40% sequence identity or 0.5 TM-score, we removed it 
from the test dataset. Additionally, the test dataset was clustered inter-
nally on the basis of 40% sequence identity. After applying the above 
steps, of 281 map–model pairs, 54 map–model pairs were retained.

CryoAtom algorithm
CryoAtom builds the atomic structure from the cryo-EM density map 
and amino acid sequence information following two major steps (Fig. 1). 
The first step predicts the Cα atom positions using U-Net28. The second 
step builds all-atom positions using an enhanced transformer network 
Cryo-Net. They are described in detail below.

Predict the Cα atom positions using U-Net in step 1
We train a 3D convolutional neural network (CNN) to predict the Cα 
atom positions of all residues in the density map, which are represented 
by the Cα atoms coordinates. The CNN adopts the U-Net architecture28. 
A detailed architecture can be found in Supplementary Fig. 11. The input 
to the network is the cropped density map, with each box size being 
64 × 64 × 64. The shapes of the network outputs (that is, ypred and ŷpred 
in Fig. 1) are the same as the original map but the value in each voxel 
(that is, each cube 1 × 1 × 1) is the probability of containing a Cα atom 
(obtained through a sigmoid layer). The difference between ypred and 
ŷpred is that their corresponding labels are slightly different; the label 
for the former is a hard label, while the label for the latter is a soft label. 
Here, ypred is used as the final output of the U-Net.

The loss function for U-Net28 consists of the focal loss42 (FC) and 
L2 distance loss (L2) as follows:

L1 = FC( ypred, ytrue) + L2( ŷ
pred, ̂ytrue) (1)

where ypred and ŷpred are both predicted probability density maps for Cα 
atoms; ytrue represents the map labeled by the positions of the real Cα 
atoms, in which a value of 1 or 0 indicates the presence or absence of a Cα 
atom, whereas ŷtrue represents the simulated Cα probability density map, 
which is calculated from the deposited Cα atom coordinates as follows43:

̂ytrue(x) = max {e
− ||x−t||2

d20 , ∀t ∈ J} (2)

where x is a grid point, t represents the coordinates of the Cα atoms, 
J represents the set of all Cα atoms in the deposited structure and d0 
represents a normalization factor (3 Å here). If the distance from the 
grid point x to the nearest Cα atom is d0, the probability value for the 
grid point will be 1/e. We combine both losses, aiming for the network 
to learn rich information from the density map.

The Cα atom coordinates predicted above are refined through 
the mean-shift algorithm16,44. The initial Cα atom coordinates with a 
probability value above 0.6 are selected first. Then, the coordinates for 
each of the selected Cα atoms are updated as the weighted linear sum 
of its neighboring Cα atoms within 1.7 Å (including itself). After this 
update, the neighboring Cα atoms are removed because the van der 
Waals radius of a carbon atom is 1.7 Å. Such refinement is necessary 
because the real coordinates are continuous while the predicted ones 
from the density maps are discrete. After the refinement, we obtain a set 
of predicted Cα atoms (the total number of Cα atoms is denoted by r).

Build all-atom positions using Cryo-Net in step 2
Inspired by AF2, we designed Cryo-Net, a transformer-based network 
that predicts all-atom positions from the input density map, amino 
acid sequences and the predicted Cα atoms. Cryo-Net consists of two 
transformer-based modules. The first is called Cryo-Former (Fig. 1, 
bottom, and Supplementary Fig. 12a) and the second is called Struc-
ture Module (Fig. 1, bottom, and Supplementary Fig. 13). Cryo-Net 
iteratively updates two key representations of the protein structure: 
node representation and edge representation (corresponding to the 
single representation and the pair representation in AF2, respectively), 
which are introduced below.

Node representation. The node representation (r × c, where r is the num-
ber of predicted Cα atoms and c is the number of channels) is constructed 
from the predicted Cα atoms and the density map. A cubic box with size 
17 × 17 × 17 Å3 centered at each of the r predicted Cα atoms is cropped 
from the density map first. Then, to extract information from the density 
map and reduce the dimensionality, a CNN is used to convert the density 
map in each cubic box into c channels. The architecture of this CNN is the 
same as the encoder module in U-Net28 (that is, Supplementary Fig. 11a).

Edge representation. The edge representation (k × r × c) is constructed 
similarly, measuring the relationship between neighboring nodes 
(k is the number of nearest neighbors considered). For each edge, a 
rectangular box with size 3 × 3 × 12 Å3 is cropped from the density map. 
The Cα atom is located at the center of the bottom box (that is, the 3 × 3 
square) and the direction of the box is the same as the edge vector. 
Lastly, another CNN (with kernel size 3 × 3 × 1) is used to convert the 
density map in each rectangular box into c channels.

Note that the above representations are different to those used in 
AF2. The representations here are constructed from the density map 
guided by the predicted Cα atoms (inspired by ModelAngelo), rather 
than from multiple-sequence alignments and homologous templates 
in AF2. In addition, the edge representation (called pair representation 
in AF2) is a square matrix (r × r) in AF2, whereas a nonsquare matrix 
(k × r) is used here. This is because the density map already provides 
rich structure information and we only need to consider the k-nearest 
neighbors rather than all nodes.

The input and output of Cryo-Net in the nth iteration are defined 
by the following equation:

g (T (n),V, S) = (T (n+1),α(n+1),A(n+1),P (n+1), E (n+1),M (n+1)) (3)

where T(n) ∈ ℝr×3×4 is the backbone frame (N, Cα, C) at the nth step, V is 
the density map, S ∈ ℝr×1280  is the sequence embedding from the  
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protein language model ESM-2 (ref. 45), α ∈ ℝr×7×2 is the sine and cosine 
encoding of the three backbone and up to four side-chain torsion angles, 
A ∈ ℝr×20 is the probability vector for the 20 types of amino acids, P ∈ ℝr 
is the confidence score of each node, E ∈ ℝr×k  is a binary vector indi
cating whether each node is sequentially adjacent to its k-nearest neigh-
bors and M ∈ ℝr  is the probability of a node being a true residue.

Cryo-Former. The Cryo-Former module consists of a total of 18 blocks 
with nonshared weights, as shown in Supplementary Fig. 12a. The 
key difference between Cryo-Former and the Evoformer in AF2 is the 
concentration on local attention rather than global attention. This is 
reflected by the number of neighbors considered (that is, the parameter 
k). Evoformer is equivalent to Cryo-Former when k is equal to the total 
number of nodes (that is, k = r). The key components of Cryo-Former 
are described below.

Sequence attention. The use of pretrained protein language mod-
els is inspired by ModelAngelo (Box 1). This layer incorporates the 
protein sequence information into the node features with a gated 
cross-attention mechanism (Supplementary Text 2 and Supplementary 
Algorithm 1). The node representations are queries and the sequence 
embeddings from a pretrained protein language model (that is,  
ESM-2)45 are keys and values.

Node attention. As shown in Supplementary Fig. 12b, the node attention 
updates the representation of a given node on the basis of self-attention 
on the node and its k-nearest neighbors, with the information of edge 
representations serving as bias. As the depth of this network increases, 
it can collect information from more nodes, resulting in a larger recep-
tive field. It is worth noting that this node attention is equivalent to the 
row-wise gated self-attention in AF2 when k = r.

Transition and outer product. Inspired by AF3 (ref. 33), the transition 
layer uses the SwiGLU46 instead of ReLU47 to update the node and edge 
features. It uses the nonlinear activation function to enrich the repre-
sentation of the two types of features. The outer product layer updates 
the edge features on the basis of the node features. It incorporates the 
node features of two adjacent nodes into the edge features.

Edge attention. As shown in Supplementary Fig. 12c, the edge attention 
updates the edge representation through a self-attention mechanism. 
The information of edge ij is aggregated from the information of all 
edges connected to node i and all edges connected to node j. The edge 
attention can be seen as a special type of the node attention, according 
to the Whitney graph isomorphism theorem (Supplementary Fig. 14). 
In addition, it is worth mentioning that, when k = r, the edge attention is 
equivalent to applying AF2’s row and column attentions simultaneously.

3D-RoPE. 3D-RoPE is not an independent component. Originally, RoPE29 
was used to process 1D sequences. We extend it to a node position 
encoding in 3D space. It is inserted into the node attention as a multipli-
cative positional encoding. It elegantly encodes the position informa-
tion of each node into the attention calculations. The attention score 
decays when the distance between two nodes increases. More details 
can be found in Supplementary Text 2.

Amino acid probability for each node. To generate all-atom positions, 
we try to assign each node to one of the 20 possible amino acids. This 
is achieved by using the information from the density map of each 
node (that is, the original node representation), the information from 
neighboring nodes (that is, the updated node representation) and 
the sequence information (obtained from the sequence attention 
in Cryo-Former). A separate MLP is trained to generate the amino 
acid probability vectors for all nodes (that is, A in equation (3); Sup-
plementary Fig. 15). Ablation experiments indicated that removing 

the information of neighboring nodes (that is, no node attention and 
edge attention) or removing the sequence information would affect 
the subsequent determination of amino acid identity.

Structure Module. The Structure Module here (Supplementary Fig. 13) 
is largely similar to that in AF2 but with a few key differences (detailed 
below). It predicts the backbone frame (that is, T in equation (3)) and 
the backbone and side-chain torsion angles (that is, α in equation (3)), 
using the updated node and edge representations from Cryo-Former. 
The Structure Module consists of seven blocks with shared weights. 
Two types of attention mechanisms are used in this module (Supple-
mentary Text 2 and Supplementary Algorithm 2).

The first one is a self-attention mechanism applied to the node 
features (similar to the node attention in Cryo-Former). Given the 
constraints from the density map, the attention is restricted to each 
node and its k-nearest neighbors (rather than all other nodes in AF2). 
In addition, the position information between nodes is introduced into 
the attention mechanism using 3D-RoPE, ensuring that the attention 
score incorporates position information.

The second type of attention is the invariant point attention (IPA) 
from AF2. It is conducted on the backbone frames and is invariant under 
global Euclidean transformations. Like the first type of attention, the 
attention is restricted to a node and its k neighboring nodes (rather 
than all others in AF2).

Cryo-Net will be run iteratively to improve its output. During train-
ing, 0–2 rounds of iterations are performed. Only the backbone frame 
is iterated. During inference, two rounds of iterations are performed. 
The reason for choosing n = 2 here is to keep a balance between compu-
tational cost and performance. No notable improvement in the network 
output was observed when more rounds of iterations are performed.

Lastly, all-atom positions for each node are then generated using 
the predicted backbone frame, the backbone and side-chain torsion 
angles and the predicted amino acid type (the amino acid type with 
the maximum probability). This calculation is performed using the 
function frames_and_literature_positions_to_atom14_pos in the AF2 
script all_atom.py.

The predicted all-atom positions are postprocessed to connect 
the unordered nodes into chains of amino acid sequences. This is 
achieved using the heuristic algorithm in ModelAngelo22. Intuitively, 
it connects nodes by minimizing the total length of peptide bond on 
the basis of the fact that the C–N distance in a peptide bond is less 
than 1.4 Å. Profile-sequence-based alignments between the predicted 
sequence profiles (that is, A in equation (3)) and the input sequences 
are further used to correct the sequence assignment. Inspired by AF2 
and ModelAngelo, recycling is also used here by replacing the predicted 
Cα atoms in the first step with those from the postprocessed structure. 
Three rounds of recycling are used in this work.

The loss function for Cryo-Net. The loss function here can be written 
as follows:

L2 = Lmulti + Lsingle (4)

Lmulti = LCα + 1.3LFAPE + 0.025LpFAPE + Lexistence (5)

Lsingle = Latom + Ltorsion + Lattention + 2Lviolation + 0.3Laa + Ledge (6)

where the overall L2 can be divided into Lsingle (single-step loss) and 
Lmulti (multistep loss). The single-step loss is the final loss output after 
passing through seven structure modules, while the multistep loss is 
calculated seven times within the seven structure modules and aver-
aged. They are described in detail below.

Latom is the all-atom r.m.s.d. It calculates the r.m.s.d. loss of all atoms 
on the main chain and side chain, which can be written as follows:

Latom = 1
r

r
∑
i=1

√√√
√

1
3ni

ni

∑
j=1

3
∑
d=1

([xpredij ]
d
− [xtrueij ]

d
)
2

(7)
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where r represents the total number of residues, ni represents the num-
ber of atoms in the ith residue, xij represents the atomic coordinates 
of the jth atom in the ith residue and d represents the dth dimension 
of the 3D coordinates.

Ltorsion is the L2 distance between the torsion angles of the network 
output (that is, α in equation (3)) and the torsion angles of the deposited 
model. It is the same as the torsion angle loss defined in AF2.

Lattention is the classification loss when the nodes attend to the amino 
acids in the sequence. The calculation of this loss is the focal loss42. The 
purpose of this loss is to ensure that each node can correctly match 
each amino acid in the sequence.

Lviolation penalizes unreasonable bond angles and bond lengths in 
the model. It imposes constraints to ensure that the output structure 
maintains ideal bond angles and bond lengths. The definition of this 
loss is the same as AF2.

Laa represents the amino acid classification loss. This loss cal-
culates the focal loss by comparing the 20-dimensional amino acid 
probability vector (that is, A in equation 3)) and the one-hot vector 
corresponding to the amino acid identity in the deposited structure. 
The main purpose of this loss is to assign an amino acid identity to 
each node.

Ledge represents the edge classification loss. The edge classifica-
tion is based on whether there is a connection between two nodes in 
the sequence. If there is a connection, we want them to be classified as 
neighbors. Specifically, this loss calculates the focal loss between E in 
equation (3) and the classification corresponding to the edge.

LCα is only the r.m.s.d. loss of Cα atoms. Its definition is similar to 
the all-atom r.m.s.d. (that is, ni = 1 in equation (7)).

LFAPE (frame-aligned point error) comes from AF2, which has a role 
in updating the backbone frame. It can be written as follows:

dij =√||T−1i ∘ ⃗tj − (T true
i )−1 ∘ ⃗ttruej ||

2
+ ε (8)

LFAPE =
1
Z mean

i ∈ {frames}

j ∈ {atoms}

(min(dclamp,dij)) (9)

where Ti represents the ith backbone frame (that is, T in equation (3)). 
tj represents the coordinates of the jth Cα atom. Both dclamp and Z are 
taken as 10 Å here.

LpFAPE is a simple regression loss. It calculates the mean squared 
error loss between the predicted FAPE loss for each residue (that is, P in 
equation (3)) and the actual FAPE loss (that is, equation (9)). It is worth 
noting that, in the postprocessing, P will be normalized to a confidence 
score between 0 and 100 as the final confidence score.

Lexistence represents the residue existence loss. Each residue can be 
classified into two classes: artificially added (Supplementary Text 2) 
and naturally occurring. This loss calculates the focal loss between M in 
equation (3) and the corresponding one-hot vector of the residue class.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
All models constructed by CryoAtom in the paper can be downloaded 
from figshare (https://doi.org/10.6084/m9.figshare.28919303.
v3)48. The training and test datasets can be obtained online  
(http://yanglab.qd.sdu.edu.cn/CryoAtom/benchmark). The cryo-EM 
map of photosynthetic complex was deposited in Electron Microscopy 
Data Bank (EMD-66850).

Code availability
The source code and model parameters are available online (https://
github.com/YangLab-SDU/CryoAtom and https://yanglab.qd.sdu.
edu.cn/CryoAtom/).
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