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Abstract

Cryo-electron microscopy (cryo-EM) is increasingly used not only for structure

determination but as a discovery tool for investigating heterogeneous and previously

uncharacterized molecular assemblies. Realizing this potential hinges on identifying

structures within experimental density maps—a task that grows harder as resolution

declines. We developed CryoNet.Discovery, a deep-learning framework that aligns

density maps and atomic structures in latent space, recasting structure identification
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through cross-modal retrieval. On CATH and SCOPe domain benchmarks, it achieved

Top-1 accuracies of 85.7% and 84.4%, respectively, at low resolutions (6–10 Å),

outperforming ModelAngelo, cryoID, and DomainFit across a wide resolution range,

with the largest gains at low resolutions. Extending from domain- to single-chain

identification, it scaled to 12,114 protein chains from 1,488 EMDB maps, recovering

the correct fold for 89.3% of queries and revealing structurally conserved yet

sequence-divergent relationships missed by sequence-based search.

CryoNet.Discovery thus provides a scalable foundation for interpreting unresolved

cryo-EM maps and advancing cryo-EM as an engine for structural discovery.

Introduction

Cryo-electron microscopy (cryo-EM) has become an instrumental technology for

determining macromolecular structures1-5. Much of its development has focused on

pushing resolution toward the atomic level, enabling de novo model building and

detailed mechanistic interpretation3,6-9. Yet the field is rapidly expanding toward

larger, heterogeneous, and endogenous assemblies, where experiments frequently

capture compositionally complex specimens whose constituents are unknown a priori.

This makes a new task rate-limiting: identifying which molecular component occupies

a given density region in the first place10-13. In this setting, cryo-EM is no longer

merely a tool for determining the structure of a predefined target, but a discovery

instrument capable of revealing unexpected molecular components within complex

biological scenes14,15.

This identification task has relied on two broad classes of methods, both of

which lose discriminative power as resolution declines. Sequence-assignment

methods, including ModelAngelo7 and cryoID16, trace backbone geometry and infer

sequence identity from density features. These methods are most effective at

near-atomic resolution, where backbone and side-chain features are discernible; their
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discriminative power declines as these features blur at intermediate to low resolution.

Fitting-based approaches such as DomainFit17 instead fit candidate structures into the

density. Their accuracy depends on the availability of accurate candidate models and

their agreement with the target density, making identification sensitive to structural

prediction errors and conformational variation. Furthermore, because each candidate

must be explicitly fitted and evaluated, exhaustive search is computationally

expensive and scales poorly as the number of candidate structures grows. Together,

these limitations expose a critical gap: no current method can accurately and

efficiently identify structures at intermediate to low resolution, where global shape

and topology may be visible but sequence-level features are absent.

We reasoned that this structural identification problem is conceptually

analogous to modern face recognition, one of the most successful applications of

artificial intelligence. These systems combine exceptional accuracy with highly rapid

search across very large identity databases by mapping images into an embedding

space in which representations of the same person cluster together despite variations

in lighting, pose, or quality18,19. Known individuals are encoded in advance to

construct a pre-indexed database, and a new image can be identified efficiently by

nearest-neighbor matching. This design transforms recognition from repeated

case-by-case comparison into scalable retrieval within a learned representation space.

Here we present CryoNet.Discovery, a deep learning framework that extends

and advances this retrieval principle to the identification of protein structures from

cryo-EM density maps. Unlike face recognition, however, the query and reference

belong to fundamentally different modalities: the query is a density map, whereas the

references are atomic structures. CryoNet.Discovery therefore uses a dual-tower

architecture to encode each modality separately and learn an alignment between their

representation spaces, i.e., a cross-modal correspondence between density and

structure. Reference structures are encoded and indexed in advance, allowing a query

density to retrieve matching structures by nearest-neighbor search.
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CryoNet.Discovery thereby advances from single-modal image retrieval in modern

face recognition to cross-modal structural identification for cryo-EM analysis.

We first evaluated CryoNet.Discovery at the domain level, using CATH20,21

and SCOPe22 classifications. On benchmarks derived from these resources,

CryoNet.Discovery reached Top-1 accuracies of 85.7% (CATH) and 84.4% (SCOPe)

at 6–10 Å, surpassing cryoID, ModelAngelo, and DomainFit, with its advantage

increasing as resolution declined. Also importantly, by replacing exhaustive candidate

fitting with nearest-neighbor search, CryoNet.Discovery accelerates identification by

up to two orders of magnitude. We further extended the framework from

domain-level to whole-chain identification and screened 12,114 chains from 1,488

maps in the Electron Microscopy Data Bank (EMDB)23. CryoNet.Discovery

recovered the correct fold for 89.3% of queries and revealed structurally conserved

yet sequence-divergent relationships missed by sequence-based search. Together,

these results establish CryoNet.Discovery as an accurate, efficient, and scalable

computational framework for structure identification, supporting cryo-EM’s

expanding role in biological discovery.

Results

CryoNet.Discovery aligns density maps and atomic structures for structure

identification

CryoNet.Discovery formulates structure identification through cross-modal retrieval

between cryo-EM density maps and atomic structures. Given a density region, it

retrieves the best-matching structure entries from a pre-indexed reference gallery by

comparing learned density map and atomic structure embeddings (Fig. 1A).

CryoNet.Discovery uses a density tower to encode density maps, and an atom tower

to encode atomic structures (Fig. S1A–B), with the two embedding spaces aligned

through training on known density–structure pairs to establish a correspondence
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between the modalities. At inference, it embeds a query density map with the same

density tower, and matches it against a precomputed gallery of structure embeddings,

retrieving the most likely reference identities by nearest-neighbor search.

The two encoders have distinct architectures tailored to their respective

inputs. The density tower passes a three-dimensional (3D) density volume through

two parallel convolutional projection layers, whose outputs are passed to a

dual-branch 3D U-Net24 comprising a Residual25 U-Net branch and a Swin-Conv

U-Net26 branch. The resulting feature map drives two heads: a reconstruction head

that predicts the input density volume, and a compression head that applies 3D

convolutions27, global pooling28, and fully connected layers to generate a

128-dimensional density map embedding (Zd). The atom tower accepts domain-level

atomic structures and builds residue-level single and pair representations through an

atom encoder, a geometry-refinement structure module, and a fusion module, which

combines these representations via normalization29, attention, and feed-forward

transformations30 to produce a 128-dimensional structure embedding (Za).

Once both towers are trained (see below), CryoNet.Discovery operates in

two steps that mirror standard retrieval systems: offline indexing and online querying.

In the offline indexing step, the atom tower encodes a gallery of reference atomic

structures into a queryable, density-aware structure embedding database (DateDB)

(Fig. S1C). Because only structures present in this gallery can ever be retrieved, its

composition defines the space of identifiable answers for a given application (See

"Anchor-and-align training and cross-modal retrieval" below). In the online querying

step, a single density tower forward pass converts an input density region into a query

embedding Zd, which is matched against DateDB by FAISS inner-product

nearest-neighbor search31 to return a list of candidate structures ranked by similarity

(Fig. S1D). This design decouples the computational cost of encoding the reference

gallery from query-time identification, enabling rapid search across large structure

collections.
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Construction of training and benchmark datasets

We first implemented and evaluated CryoNet.Discovery at the domain level, where

curated structural classifications provide well-defined identities for structure

identification. To train and evaluate CryoNet.Discovery, we assembled three datasets

from public repositories: a density map dataset (DMD) for training the density tower,

an atomic-structure dataset (ASD) for training the atom tower, and a paired

structure–map dataset (PSMD) for aligning the embeddings produced by the two

towers. Dataset construction proceeds in three steps: (i) raw data collection and

quality control, (ii) domain segmentation and annotation, and (iii) splitting the paired

data into a benchmark and augmenting the remaining data for training.

Step 1 — Raw data collection and quality control. We queried the EMDB

for all maps deposited on or before September 1, 2025 and retained those associated

with a corresponding protein structure in the Protein Data Bank (PDB)32, yielding

21,228 maps (1–20 Å). To ensure consistency between deposited maps and their

models, mismatched pairs were removed by an automated correlation filter (CCbox <

0.2)33 followed by manual inspection in ChimeraX34, leaving 17,150

quality-controlled paired maps (corresponding to 17,012 structural models; the

number of maps exceeds the number of structures because one structure can be

associated with multiple maps).

Step 2 — Domain segmentation and annotation. Each quality-controlled

structure was decomposed into its constituent domains, and every structural domain

was paired with the corresponding sub-region of its deposited map. Among the 17,012

structural models, 1,098 PDB structures carrying CATH or SCOPe annotations were

segmented by these curated domain-type labels, yielding 8,822 CATH-labeled

structural domains paired to 8,943 map domains and 1,961 SCOPe-labeled structural

domains paired to 2,012 map domains (Fig. S2A). The remaining 15,914 unannotated

structures were segmented by KluDo35, a structure-based domain segmentation

algorithm, yielding 239,375 unannotated structural domains paired to 241,166 map
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domains—unlabeled but usable during training (Fig. S2A). Together, these annotated

and KluDo-segmented pairs constituted the full PSMD: 252,121 map domains

matched to 250,158 distinct structural domains.

Step 3 — Training/benchmark split and training data augmentation. The

benchmark was drawn from the pairs with CATH/SCOPe annotations by stratified

sampling, selecting one representative sample for each domain type within each 1 Å

resolution bin to mitigate domain-type bias. This yielded intermediate- to

high-resolution (1–6 Å) and low-resolution (6–10 Å) benchmark subsets, comprising

318 and 21 pairs for CATH, and 85 and 77 pairs for SCOPe (no pairs survived

filtering in the 10–20 Å range; Fig. 2A). To prevent data leakage, any training domain

sharing >90% sequence identity with a benchmark domain was removed using

MMseqs236,37, leaving 183,925 paired domains (1–20 Å) for alignment training (Fig.

2A).

The two towers are pretrained separately before alignment. The density

tower is pretrained on the DMD, which comprises all 183,925 quality-controlled map

domains in the PSMD. The atom tower is pretrained on the ASD, which, to broaden

domain-type coverage, combines the PSMD's 182,576 structural domains with

~400,000 CATH- and ~210,000 SCOPe-annotated domains derived from a broader

collection of PDB structures determined by X-ray38 and other experimental methods.

In total, the ASD contains ~790,000 structural domains.

Notably, to promote resolution-invariant embeddings, we apply additional

data augmentation at each training epoch: for the PSMD, 10% (18,392) of

experimental maps are randomly selected and low-pass filtered to every integer

resolution coarser than the deposited value up to 10 Å, and 18,392 randomly selected

annotated but unpaired ASD structures are converted into synthetic density maps

simulated with molmap34 at 1–10 Å.

Anchor-and-align training and cross-modal retrieval
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CryoNet.Discovery was trained with a progressive three-stage strategy that separates

modality-specific representation learning from cross-modal alignment (Fig. S1E). In

Stage 1, the density tower and the atom tower were pretrained independently on the

DMD and ASD (self-supervised pretraining), respectively, using modality-specific

reconstruction objectives39. The density tower was optimized by reconstructing its

input density with an MSE loss (�density), encouraging the density map embedding to

preserve reproducible shape and secondary-structure features. The atom tower was

optimized with a composite structure-supervision loss (�atom ) that integrates frame

aligned point error (FAPE)40, backbone torsion angle, distogram, and predicted local

distance difference test (pLDDT) terms, so that its representation retained

residue-level geometry and inter-residue relationships.

In Stage 2, contrastive learning41 was applied to the atom tower using

domain-type annotations via a contrastive loss (�contrast ) based on cosine similarity,

pulling embeddings of the same domain type together and pushing those of different

types apart to organize the atomic structure embedding space by domain topology. In

Stage 3, the atom tower was frozen, and the density tower was fine-tuned on paired

density-structure samples with a cosine-distance alignment loss ( �align = 1 −

cos (�d, �a) ). This procedure anchored density map embeddings to the pretrained

atomic structure embedding space. This anchor-and-align design minimizes reliance

on scarce annotated density-structure pairs by deriving most of the embedding-space

structure from the abundant atomic-structure-only set, and yields a final retrieval

space that is aligned across modalities. The resulting framework differs from

conventional single-modal retrieval: rather than comparing two observations encoded

by the same network, it learns a correspondence between two physically distinct

modalities and enables one to retrieve the other.

Following the completion of cross-modal training of the two towers,

CryoNet.Discovery operates as a retrieval system in two steps—offline database
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construction and online query—as introduced above. In the offline step, a gallery of

atomic structures is pre-assembled and each member is passed through the frozen

atom tower to construct the DateDB. In the online query step, each density map is

encoded by the trained density tower and searched against DateDB by FAISS

inner-product nearest-neighbor retrieval. Hit structures are then grouped by domain

type, retaining the highest-scoring representative of each type to produce a

nonredundant Top-� ranking.

CryoNet.Discovery identifies domain structures accurately and efficiently across

resolutions

We benchmarked CryoNet.Discovery using the annotation-specific reference galleries:

DateDB-CATH (8,822 domains spanning 164 CATH domain types) and

DateDB-SCOPe (1,961 domains spanning 116 SCOPe domain types) (Fig. 2A). To

better approximate real-world identification of previously unseen structures, any

DateDB entry sharing more than 90% sequence identity with the training set was

excluded from the reference gallery (using MMseqs2). Each query map was then

searched against its corresponding DateDB: CATH queries against DateDB-CATH

and SCOPe queries against DateDB-SCOPe. A retrieval was considered as correct

when the ground-truth CATH or SCOPe domain-type annotation appeared among the

Top- � ranked domain types. Performance was reported using Top-1/Top-5

accuracy42,43 and the Rank Index, which records the rank position of the correct

domain type in the retrieved list.

CryoNet.Discovery achieved the highest Top-1 accuracy among the

evaluated methods in each benchmark setting (Fig. 2B). At 1–6 Å, it achieved

Top-1/Top-5 accuracies of 87.1%/96.5% on CATH and 83.5%/97.6% on SCOPe. At

6–10 Å, performance remained high, reaching 85.7%/100.0% on CATH and

84.4%/94.8% on SCOPe. Notably, Top-1 accuracy was largely preserved from the

1–6 Å to the 6–10 Å resolution bins, with only a slight decrease on CATH, indicating
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the robustness of CryoNet.Discovery to the loss of high-resolution density features.

Across the four benchmark settings, the strongest baseline lagged CryoNet.Discovery

by 5.9 to 42.8 percentage points in Top-1 accuracy, with the performance gap

increasing at low resolution. DomainFit and cryoID consistently showed lower Top-1

accuracies across both resolution ranges, whereas ModelAngelo did not return a valid

or correct domain-type assignment at 6–10 Å. CryoNet.Discovery also ranked the

correct identity near the top of the returned candidates, with mean Rank Indices of 2.4

on both CATH and SCOPe at 1–6 Å, and 1.4 on CATH and 4.7 on SCOPe at 6–10 Å

(Fig. 2C). By comparison, DomainFit and cryoID showed higher Rank Indices, and

ModelAngelo degraded sharply at low resolution (Fig. S2B).

Performance varied with domain morphology (Fig. 2D). CryoNet.Discovery

was most reliable for compact or topologically distinctive folds, including

WD40-repeat and ribosomal protein domains, but was less reliable for elongated,

repetitive, or coiled-coil-like architectures. DomainFit showed a partially

complementary preference, performing better on some elongated folds. These results

indicate that the two approaches exploit different structural signals and that

low-resolution density envelopes may provide intrinsically insufficient discriminative

information for some repetitive architectures.

Beyond high accuracy, CryoNet.Discovery was also the fastest among the

evaluated methods across density maps of varying volume, running 2- to 100-fold

faster than ModelAngelo, cryoID, and DomainFit (Fig. 2E). This acceleration gain

follows directly from the retrieval architecture: reference structures are encoded only

once during offline database construction, whereas each new query requires only a

density tower forward pass and nearest-neighbor search rather than iterative structure

fitting or de novo model construction.

Representative examples illustrated the performance of CryoNet.Discovery

across structurally diverse low-resolution density regions (Fig. 2F–G and Fig.

S2C–D). Across four density regions spanning compact YVTN
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repeat-like/quinoprotein amine dehydrogenase domain, G protein, zinc/RING-finger

domain, and F1F0 ATP synthase subunit C, at resolutions ranging from 6.9 to 10.0 Å,

CryoNet.Discovery identified the correct domain type at Top-1 rank. Subsequent

rigid-body fitting of the identified structures into the corresponding density regions

showed close map–model agreement33 (e.g. CCbox values ranging from 0.62–0.81). By

contrast, competing methods either identified a different fold or returned no valid

candidate in several cases. These examples support the quantitative benchmark by

showing that the identified domain structures are geometrically compatible with

structurally diverse low-resolution densities. Performance on 2–5 Å maps remained

competitive with ModelAngelo and DomainFit (Fig. S3), indicating that the

low-resolution advantage was not accompanied by a substantial loss at higher

resolution.

Together, these results show that CryoNet.Discovery combines accurate and

efficient structure identification, with its largest advantage emerging in the

low-resolution regime where residue-level structural information is vague.

CryoNet.Discovery maintains robust structure identification across structural

classification levels and cryo-EM resolutions

Protein-domain classifications are inherently hierarchical. CATH categorizes domains

into Superfamily, Topology, Architecture, and Class, whereas SCOPe classifies

domains into Family, Superfamily, Fold, and Class (ordered here from finer to

coarser). This hierarchy provides a useful framework for evaluating structure

identification across progressively broader structural features: although family-level

discrimination represents the most demanding task, a robust method should always

recover the correct higher-level structural classification when fine structural features

are degraded. We therefore evaluated Top-1 accuracy across all hierarchical levels of

the CATH and SCOPe classification systems to determine whether identification

errors at the finest level remained topologically meaningful rather than arbitrary.
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For intermediate- to high-resolution benchmarks, CryoNet.Discovery,

DomainFit, and ModelAngelo all achieved strong performance across classification

levels (Fig. 3A). CryoNet.Discovery achieved Top-1 accuracies of 87.1%/83.5% at

the finest CATH Superfamily and SCOPe Family levels, increasing to 97.8%/94.1%

at the coarsest Class level on the two benchmarks. ModelAngelo remained

competitive (79.9%/77.6% across all levels), whereas DomainFit was weaker at finer

levels (66.7%/52.9% at Superfamily/Family; 82.7%/65.9% at Class), and cryoID

performed substantially worse (8.2%/34.1% at Superfamily/Family; 38.7%/50.6% at

Class). This superiority extended to the low-resolution CATH benchmark, where

CryoNet.Discovery remained uniformly accurate, achieving Top-1 accuracies of

85.7%, 85.7%, 95.2%, and 95.2% at the Superfamily, Topology, Architecture, and

Class levels, respectively. By contrast, DomainFit stayed modest across the hierarchy

(66.7% at Superfamily level) and improved only slightly toward the lower levels

(71.4% at the Class level), while cryoID essentially failed (4.8% across the three finer

levels), and ModelAngelo yielded no valid results at any level in this resolution range.

The SCOPe benchmark showed the same pattern, with CryoNet.Discovery

maintaining high accuracy from the Family (84.4%) to the Class (90.9%) level.

Across both benchmarks, all methods showed modest improvements toward coarser

classification levels, reflecting the reduced difficulty of broader structural assignments.

Nevertheless, CryoNet.Discovery consistently maintained the highest accuracy

across every level of the CATH and SCOPe hierarchies.

To isolate this resolution dependence directly, we curated three EMPIAR

datasets44,45, each containing raw two-dimensional (2D) particle images paired with a

corresponding PDB atomic model. From each complete particle set, we randomly

subsampled particles and de novo reconstructed 3D maps using cryoSPARC46,

yielding four maps of the same molecular complex spanning global resolutions from 6

to 10 Å (Table S1). Eight CATH-annotated domains were extracted across these

reconstructed maps, establishing a benchmark in which performance differences could

be attributed primarily to resolution.
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Across the four resolution intervals, CryoNet.Discovery consistently

maintained low Rank Indices (Fig. 3B), indicating that the correct domain type

remained highly ranked among the candidates even as resolution decreased. In

contrast, DomainFit deteriorated progressively as resolution decreased, whereas

cryoID and ModelAngelo did not return valid assignments at 6–7 Å or lower

resolutions, yielding the maximum Rank Index of 164. Even at 9–10 Å,

CryoNet.Discovery correctly identified the Top-1 domain for most query regions, and

subsequent rigid-body fitting of these atomic models into the experimental density

confirmed close spatial agreement (Fig. 3C and Fig. S4), demonstrating that the

identified structures were not merely correct in domain type but physically compatible

with the density. Together, these results show that CryoNet.Discovery preserves

accurate domain-level structure identification as resolution decreases, whereas both

sequence-alignment and density-fitting methods progressively lose discriminative

power or fail entirely under the same conditions.

Dual-branch encoding and cross-modal alignment are both essential to

CryoNet.Discovery’s performance

To dissect the contributions of each component, we performed leave-one-out ablation

studies starting from the full CryoNet.Discovery model, removing a single

architectural module, training stage, or data augmentation strategy while keeping all

other settings fixed and retraining the model to convergence (Fig. 3D). The full

CryoNet.Discovery model provided the reference baseline, achieving Top-1

accuracies of 87.0% on CATH and 84.0% on SCOPe, with corresponding mean

average precision (mAP)47 values of 0.75 and 0.84, respectively.

We first tested the two branches of the density tower architecture. Removing

the Residual U-Net branch reduced Top-1 accuracy to 70.2% on CATH and 56.8% on

SCOPe, with mAP values dropping to 0.65 and 0.61. Removing the Swin-Conv

U-Net branch caused a substantially larger drop, reducing Top-1 accuracy to 10.0%

on CATH and 9.3% on SCOPe, with mAP values of only 0.16 and 0.18. These results
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show that both branches contribute to identification performance: the Residual U-Net

branch provides complementary density features, whereas the Swin-Conv U-Net

branch contributes the dominant discriminative signal, and its removal accordingly

produces the sharper performance collapse.

Beyond architectural design, we next examined the contribution of the

three-stage training strategy. Disabling modality-specific self-supervised pretraining

led to a consistent but moderate reduction in performance, decreasing Top-1

accuracy to 79.9% on CATH and 74.1% on SCOPe, with mAP values of 0.74 and

0.75, indicating that pretraining refines rather than enables identification. In contrast,

removing the cross-modal embedding framework abolished identification

performance almost entirely, reducing Top-1 accuracy to 0.3% on CATH and 1.2%

on SCOPe, with mAP values of 0.02 and 0.03, respectively. Thus, the defining

capability of CryoNet.Discovery does not arise from either encoder alone, but from

the learned correspondence between density maps and atomic structure that enables

cross-modal comparison.

Finally, we evaluated the two data augmentation strategies used during

training. Removing molmap data augmentation reduced Top-1 accuracy to 80.5% on

CATH and 71.6% on SCOPe, with mAP values of 0.72 and 0.73. Removing

low-pass filtering data augmentation led to a larger reduction, especially on SCOPe,

lowering Top-1 accuracy to 79.4% on CATH and 67.9% on SCOPe, with mAP

values of 0.70 and 0.72. These results indicate that both augmentation strategies

improve the robustness of density representation learning, with molmap data

augmentation expanding the diversity of simulated density inputs and low-pass

filtering data augmentation improving tolerance to resolution degradation. Overall,

the ablation studies show that CryoNet.Discovery derives its performance from the

combination of dual-branch density encoding, cross-modal alignment, and

resolution-aware density augmentation. Among these components, cross-modal

alignment is the defining requirement for density-to-structure identification, whereas
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the encoder architecture and data augmentation largely determine its accuracy and

robustness to resolution loss.

CryoNet.Discovery enables de novo structural annotation of experimental maps

across both single-particle cryo-EM and cryo-ET

We next evaluated CryoNet.Discovery on experimental density maps lacking domain

annotation: one single-particle analysis (SPA) cryo-EM map48 and one

subtomogram-averaging cryo-electron tomography (cryo-ET) map49,50. In both cases,

we manually segmented the density into visually discrete, self-contained regions

(representing putative independently folded structural units) and queried them against

DateDB-CATH-full (5,689 CATH domain types).

For the SPA regime, we examined EMD-8317, a 7.9 Å map of wild-type E.

coli GroEL51 derived from the apo reference state of the PepQ-bound study and

without an assigned atomic structure model (Fig. 4A). We manually segmented a

representative subunit of the D7-symmetric assembly into three density regions, and

independently queried each of them against DateDB-CATH-full. CryoNet.Discovery

returned a ranked list of CATH superfamilies for each region, with the top five

candidates shown in Fig. 4B. The Top-1 structure showed consistent agreement with

their corresponding densities after rigid-body fitting (CCbox = 0.57–0.72; Fig. 4C).

Extending the analysis to all subunits revealed reproducible domain assignments

across symmetry-related positions (Fig. 4D). The resulting model recovered the

established three-domain architecture of GroEL determined by crystallography52 and

agreed with the high-resolution crystal model used to initialize the reconstruction,

which was derived from a GroEL-DprE1 crystallization study53 (Fig. S6A), showing

no systematic mismatch with the corresponding density regions (Fig. S6B).

Cryo-ET poses a more stringent test because of its lower signal-to-noise

(SNR) ratio and missing-wedge artefacts. We examined EMD-12454, a 6.2 Å

subtomogram-averaging reconstruction lacking a structure model54 (Fig. 4E). We first

Langtaosha (LTS) Preprint doi: https://doi.org/10.65215/LTSpreprints.2026.07.27.000296. This version posted July 27, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. Creative Commons license: CC Attribution-NonCommercial-NoDerivatives 4.0

https://creativecommons.org/licenses/by-nc-nd/4.0



manually segmented the C6-symmetrized map into twelve discrete density regions,

comprising two putative independently folded units in each of six repeated protomers,

and selected one representative of each unit to query against DateDB-CATH-full. The

Top-1 assignments showed strong agreement with their corresponding densities after

rigid-body fitting (Fig. 4F–H), where the HIV-1 capsid N-terminal domain (CATH

ID: 1.10.375.10) was assigned to the inner-ring region and the retroviral capsid

C-terminal domain (CATH ID: 1.10.1200.30) was assigned to the outer-ring region.

The resulting model again agreed closely with the recently established architecture of

the hexameric HIV-1 capsid lattice55 (Fig. S6C), with no systematic mismatch with

the corresponding density regions (Fig. S6D). Together, these examples show that

CryoNet.Discovery can recover biologically coherent domain-level organization from

both SPA cryo-EM and cryo-ET maps without sequence input, supporting

reference-based annotation of density maps that currently lack atomic models.

CryoNet.Discovery generalizes to whole-chain structure identification and

recovers structurally similar, sequence-divergent proteins across the EMDB

We next evaluated whether CryoNet.Discovery framework could support whole-chain

structure identification (Fig. 5A). This objective differs from the domain-level

benchmark because query regions may contain multiple domains, flexible linkers, and

substantially greater variation in molecular size, reflecting how the method is used in

practice, where a query arrives as a complete protein chain rather than as a

pre-segmented set of domains.

We collected all EMDB entries deposited on or after January 1, 2026 as the

query dataset. As EMDB entries are typically multi-chain assemblies, we split each

map into per-chain density regions, yielding 12,114 single-chain queries from 1,488

EMDB entries. The reference database, DateDB-PDB50-clustered, was built by

clustering all PDB chains at 50% sequence identity and keeping one representative

per cluster, each encoded by the atom tower and indexed for similarity search. For

each query, we embedded the density with the density tower and ranked all candidates
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in DateDB-PDB50-clustered based on embedding similarity to the query embedding.

The highest-ranking candidates were subsequently fitted into the density and scored

using map–model correlation (CCbox), after which the five best-correlating clusters

were retained. We then expanded each retained cluster to all member chains, aligned

every member to the deposited ("ground-truth") sequence with EMBOSS Needle56 to

obtain the cluster’s highest sequence identity, and structurally aligned the

corresponding highest-similarity member to the deposited query model using USalign

to calculate TM-score57,58.

Overall, 89.3% of queries yielded at least one candidate, among the five

candidate clusters, with a TM-score of at least 0.5, a commonly used threshold for

same-fold structural similarity, and 74.8% reached a TM-score of at least 0.7,

indicating a more stringent level of structural agreement59 (Fig. S7A). Identification

performance was resolution-dependent but structurally robust (Fig. 5B), mean

TM-scores declined from 0.75–0.95 below 5 Å to 0.65-0.74 beyond 5 Å, consistent

with progressive loss of local atomic detail. Notably, sequence similarity declined

more sharply, with only 52.6% of queries a candidate with sequence identity ≥ 0.3

and 37.6% with sequence identity ≥ 0.9 (Fig. S7A). This divergence reflects a basic

principle of structural biology: as map resolution decreases, sequence becomes

increasingly difficult to recognize, whereas the more conserved structural fold

remains accessible.

This resulted in a set of structurally similar yet highly sequence-divergent

protein pairs60,61. In the EMD-73999 (3.6 Å; Fig. 5C), the deposited Pakpunavirus

P7-1 neck protein (PDB-9ZBS_i)62 matched the bacteriophage Sf14 neck protein

(PDB-9C39_F)63 at only 5% sequence identity yet with clear structural and density

agreement (TM-score 0.78, RMSD 2.88 Å). In the EMD-56117 map64 (6.4 Å; Fig.

5D), the target of rapamycin complex subunit LST8 protein (PDB-9TPW_C) matched

a chain of the yeast 48S preinitiation complex65 (PDB-3JAP_q) also at 5% sequence

identity yet with clear structural agreement (TM-score 0.87, RMSD 2.55 Å). Such
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pairs are intriguing in their own right and may warrant further investigation into their

structural and evolutionary relationships.

Together, these results show that CryoNet.Discovery supports

repository-scale whole-chain identification and can enrich for structurally related

proteins with limited sequence similarity.

Discussion

CryoNet.Discovery establishes a cross-modal AI framework for identifying protein

structures directly from cryo-EM density. Inspired by the retrieval principle

underlying modern face recognition, it advances recognition from comparisons within

a single data modality to correspondence between two physically distinct

representations: density maps and atomic structures. Once the structure gallery is

encoded and indexed, each query requires only density map embedding and

nearest-neighbor search. This design enabled accurate domain-level identification

across 1–10 Å, accelerated identification by up to two orders of magnitude, and

supported both experimental-map annotation and repository-scale screening.

CryoNet.Discovery operates at the level of information supported by

experimental density. Intermediate- and low-resolution maps may lose residue-level

features while retaining secondary-structure organization, domain topology, and

overall shape. The model learns to connect these density features with atomic

structures in embedding space rather than directly reconstructing atomic detail not

resolved by the map. The ablation results support this design principle: cross-modal

alignment was essential for identification, the two density-encoding branches

contributed complementary structural features, and resolution-aware augmentation

improved robustness to resolution degradation.
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Several limitations define the practical scope of CryoNet.Discovery. First,

the specificity of identification is fundamentally limited by the information content of

the density map. When multiple proteins share comparable global folds or domain

topologies, the map may support several structurally plausible candidates rather than a

unique identity. In such cases, a ranked candidate list accompanied by calibrated

confidence estimates can provide testable hypotheses for subsequent biological

interpretation and experimental validation. This limitation is reflected in our finding

that compact and topologically distinctive domains were identified more reliably than

elongated, repetitive, or coiled-coil architectures, as these structures can produce

similar low-resolution envelopes. Second, CryoNet.Discovery identification is

constrained by the coverage of the reference gallery. Because nearest-neighbor search

always returns a candidate, the current framework cannot reliably determine when an

appropriate structure is absent from the database; confidence calibration, abstention

criteria, and out-of-distribution detection will therefore be important for preventing

unsupported assignments. Third, performance depends on accurate segmentation of

the query density. Boundary errors, overlapping densities, conformational

heterogeneity, flexible regions, and missing-wedge effects in cryo-ET may propagate

into identification. Finally, biases in deposited training data, including those related to

protein-family representation, molecular size, map processing, and experimental

quality, may limit performance and generalization to underrepresented structures and

map conditions.

In sum, CryoNet.Discovery establishes a new AI framework for structural

recognition by aligning cryo-EM maps and atomic structures for accurate, efficient,

and sequence-independent structure identification. Its pre-indexed architecture

enables recognition to scale across large collections of experimental maps while

remaining effective across resolutions. Beyond the applications demonstrated here,

we envision CryoNet.Discovery becoming a broadly applicable component of future

cryo-EM and cryo-ET analysis studies spanning increasingly complex native
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assemblies, cellular environments, and structural atlases, thereby supporting

exploration and hypothesis generation in discovery-oriented structural biology.
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Methods

1. Network architecture and cross-modal retrieval

1.1 Architecture overview

CryoNet.Discovery is a dual-tower neural network that embeds protein domain

density maps and atomic structures into an aligned embedding space. It consists of a

density encoder (Density tower) and an atomic structure encoder (Atom tower), each

of which encodes its respective modality input into a 128-dimensional embedding for

subsequent cross-modal retrieval.

1.2 Density tower architecture

The density tower takes a three-dimensional cryo-EM density map as input. The input

density volume is first transformed by two parallel convolutional projection layers.

The resulting features are combined by element-wise addition and then fed into a

dual-branch U-Net composed of a Residual25 U-Net24 branch and a Swin-Conv

U-Net26 branch (Fig. S1A).

The backbone comprises two parallel branches that share the same four-level

multiscale encoder–decoder layout. Spatial resolution is reduced by a factor of two at

each encoder level and restored symmetrically during decoding, ensuring alignment

between branches at all scales.

1.3 Atom tower architecture

The atom tower consists of an atomic encoding module (Atom encoder), a structure

module, and a fusion module (Fig. S1B). The network takes domain-level atomic

structures as input and uses the atom encoder to generate a single representation and a

pair representation in parallel. These representations are provided in parallel to the

structure module for geometric refinement and to the fusion module for embedding
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generation, with the fusion module outputting a 128-dimensional atomic structure

embedding (Za).

1.4 Construction of the density-aware structure embedding database (DateDB)

After cross-modal alignment, we constructed a density-aware structure embedding

database (DateDB) to enable protein domain identification at inference time (Fig.

S1C). To build DateDB, we used the trained atom tower to encode all collected

protein domain atomic structures and stored the resulting atomic structure embeddings

(Zₐ).

1.5 Retrieval with CryoNet.Discovery

After density and atomic structure representations are aligned, CryoNet.Discovery

identifies protein domains by comparing density map and atomic structure

embeddings in the aligned embedding space (Fig. S1D). An input density region is

encoded by the density tower to obtain a density map embedding (Zd), which is used

as a query to search the DateDB containing atomic structure embeddings (Za)

generated by the atom tower.

2. Dataset preparation and pre-processing

2.1 Dataset preparation

We constructed a dataset spanning a wide resolution range (1–20 Å), with diverse

density qualities and structural types. The raw cryo-EM density maps were sourced

from the EMDB (deposited on or before September 1, 2025) and paired with atomic

structures from the PDB through cross-referencing information.

For domain-level analysis, atomic structures corresponding to cryo-EM density

maps were partitioned into domains using annotations from the CATH and SCOPe

databases. Density regions corresponding to annotated domains were extracted from

cryo-EM density maps according to atomic coordinates. Automatic quality control
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and manual inspection were then applied to remove misaligned or anomalous samples,

including cases with poor density–model correspondence or ambiguous

domain-to-density assignment. Because one deposited atomic model can correspond

to multiple EMDB maps, the curated annotated set contained 8,943 CATH and 2,012

SCOPe-labeled density–atomic structure pairs, corresponding to 8,822 and 1,961

domain atomic structures, respectively.

Because many atomic structures corresponding to cryo-EM density maps lacked

CATH or SCOPe domain annotations, KluDo, a structure-based domain segmentation

tool, was further used to predict domain boundaries for these atomic structures.

KluDo was used only to define domain boundaries and did not assign domain-type

labels or classifications. Applying the same coordinate-based density extraction and

quality-control procedure to KluDo-defined domains yielded 241,166 unlabeled

domain density–atomic structure pairs.

Given the limited number of labeled density–atomic structure pairs, the

benchmarks were prioritized and constructed exclusively from pairs with reliable

CATH or SCOPe annotations, and stratified sampling was applied to mitigate

domain-type bias, retaining only one sample per domain type within each 1 Å

resolution bin. The resulting density maps were divided into intermediate- to

high-resolution (1–6 Å) and low-resolution (6–20 Å) benchmark subsets. After

domain annotation and benchmark filtering, no eligible CATH or SCOPe entries

above 10 Å remained. Thus, the retained low-resolution benchmarks covered 6–10 Å

and comprised 21 CATH maps and 77 SCOPe maps, while the intermediate- to

high-resolution benchmarks (1–6 Å) comprised 318 CATH maps and 85 SCOPe

maps.

The training set was constructed from the remaining density-atomic structure

pairs, after excluding any training domains that shared more than 90% sequence

identity with domains in the benchmarks, thereby ensuring dataset independence and
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avoiding information leakage. The final training set contained 183,925 density-atomic

structure pairs, covering a broad range of structural types and resolutions (1–20 Å).

2.2 Pre-processing

During pre-processing, density maps and atomic structures are standardized to ensure

consistency in numerical scale, spatial representation, and geometric description.

2.3 DateDB construction

To construct benchmark DateDBs for the CATH and SCOPe evaluations, we used the

annotated atomic structures associated with each benchmark. DateDB-CATH was

built from 8,822 annotated atomic structures covering 164 CATH domain types,

whereas DateDB-SCOPe was built from 1,961 annotated atomic structures covering

116 SCOPe domain types. Each atomic structure was encoded using

CryoNet.Discovery’s atom tower, and the resulting atomic structure embeddings were

stored together with their domain annotations and metadata for subsequent

density-to-structure retrieval. For each test density map, the corresponding

benchmark-specific DateDB was ensured to contain the ground-truth domain type,

enabling domain-type-level identification evaluation.

To support broader identification analyses, we further constructed full-scale

DateDBs from ~400,000 CATH-annotated and ~210,000 SCOPe-annotated atomic

domains. To remove exact sequence redundancy, the collected domains were

clustered at 100% sequence identity using the MMseqs2 easy-linclust tool, and one

representative was retained from each cluster. The resulting non-redundant databases,

DateDB-CATH-full and DateDB-SCOPe-full, covered 5,689 CATH domain types

and 4,045 SCOPe domain types, respectively, thereby providing broad

structural-category coverage for domain-type semantic representation and

identification analysis.

3. Training strategy and loss functions
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3.1 Training strategy

CryoNet.Discovery is trained using a three-stage strategy that separates

modality-specific representation learning from cross-modal alignment. The training

procedure consists of (i) modality-internal self-supervised learning, (ii) contrastive

learning on the atomic structure modality, and (iii) cross-modal alignment between

density and atomic structure embeddings (Fig. S1E).

3.2 Loss functions and training settings

CryoNet.Discovery is trained using a multi-stage optimization scheme, with different

loss functions applied at different stages to learn modality-specific representations and

to align cryo-EM density map embeddings with atomic structure embeddings.

4. Evaluation

4.1 Retrieval evaluation metrics

To evaluate the performance of CryoNet.Discovery in domain-level structure

identification, we use two primary metrics, Top-k Accuracy and Rank Index.

4.2 Runtime benchmarking

Runtime was measured on the same server using identical query density maps and

candidate databases for each method. For CryoNet.Discovery, the reported runtime

included density encoding and nearest-neighbor retrieval from precomputed DateDB

embeddings; for comparison methods, the reported runtime included the complete

domain-identification workflow under the benchmarking settings used in this study.

4.3 Case-study fitting and map-model correlation assessment

For representative case studies, the Top-1 retrieved atomic structure was rigid-body

fitted into the corresponding segmented density region before calculating map-model

correlation coefficient metrics, including CCbox, CCmask, CCvolume, and CCpeaks. The
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same fitting and scoring procedure was applied to comparison methods whenever

valid candidate models were returned.

4.4 Computing environment

All evaluations were performed on a single server equipped with two Intel Xeon Gold

6240 18-core CPUs, an NVIDIA A800-PCIE-80G GPU, and 256 GB of CPU RAM.

5. EMDB-scale structure identification

5.1 EMDB-wide pipeline

We constructed an automated pipeline for large-scale processing of EMDB density

maps by extending domain-level structure identification to single-chain level.

Structural retrieval was performed against a precomputed embedding database

(DateDB-PDB50-clustered).

5.2 Evaluation

Sequence identity’s command is:

needle -asequence ground_truth_chain.fasta -bsequence candidate_chain.fasta

-gapopen 10 -gapextend 0.5 -outfile output.needle-auto

TM-score’s command is:

USalign ground_truth_chain.pdb selected_cluster_member.pdb -mm 5

Web server

The CryoNet.Discovery web server is freely available for academic use at

https://cryonet.ai/discovery.
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Supplementary Table 1

EMPIAR Subset
Total

particles

Subsampled

particles
Symmetry

Resolution

(Å)

EMPIAR-

1078666

1 288,659

9,486

C1

6.7

6,946 7.9

8,525 8.0

6,260 9.0

3 122,220

3,032

C1

6.0

3,695 7.1

2,255 8.8

2,540 9.4

EMPIA

R-10005
67

1 35,645

1,542

C4

6.6

1,369 7.9

1,110 8.4

1,251 9.0
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Figure legends

Figure 1. Overview of CryoNet.Discovery.

A.Workflow of CryoNet.Discovery. CryoNet.Discovery starts from an experimental

3D cryo-EM density map, which is segmented into domain density maps. Each

segmented map is encoded into a density map embedding, which is used to query

against a pre-indexed reference gallery (DateDB) to retrieve the corresponding protein

domain type and atomic structure. The gray dashed box illustrates the construction of

DateDB, which is built from curated collections of domain atomic structures (e.g.,

CATH or SCOPe); each domain structure is encoded and stored to form the reference

gallery (DateDB) for subsequent retrieval.
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B. Architecture of CryoNet.Discovery. The density tower takes a density map as

input, and extracts both local and global features through a dual-branch U-Net

architecture. It outputs a density map embedding (Zd) along with a reconstructed

density map through the compress module and convolutional layer. The atom tower

takes an atomic structure as input, extracts side-chain torsion angles, atomic

coordinates, and backbone frames, and generates an atomic structure embedding (Za)

together with a reconstructed atomic model through the atom encoder, structure

module, and fusion module.
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Figure 2. Performance of CryoNet.Discovery.

A. Resolution distribution of the training set and benchmarks. Red bars indicate

density maps used during training, orange bars indicate density maps in CATH

benchmark, and blue bars indicate density maps in SCOPe benchmark.

B. Overall performance comparison on the CATH and SCOPe benchmarks.

CryoNet.Discovery is compared with DomainFit, ModelAngelo, and cryoID. Top-1
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and Top-5 accuracies are reported, with the number of benchmark queries indicated

above each panel.

C. Distribution of Rank Indices for structure identification on the CATH and

SCOPe benchmarks. Each point represents one density map, and the violin plots

summarize the distribution. The mean Rank Index is shown above each method;

lower values indicate better ranking of the correct domain type.

D. Three domain types with the lowest/highest Rank Indices for

CryoNet.Discovery in the low-resolution SCOPe benchmark. Bars show the Rank

Index achieved by each method for each domain type, with representative atomic

structures shown to the right of each bar plot..

E. Comparison of inference efficiency. The relationship between inference time and

input density map voxel volume is shown for CryoNet.Discovery, DomainFit,

ModelAngelo, and cryoID. The x-axis represents voxel volume, and the y-axis

denotes total runtime from input to output, including pre-processing, inference, and

post-processing. There are 50 samples, and each point corresponds to one sample,

with solid lines indicating overall trends.

F–G. Examples of structure identification on low-resolution density regions. The

input density, reference structure, and Top-1 results of CryoNet.Discovery,

DomainFit, ModelAngelo, and cryoID are shown for a CATH-annotated YWTD

repeat-like/quinoprotein amine dehydrogenase domain (F) and a SCOPe-annotated

G-protein domain (G), with map–model agreement quantified using CCbox, CCmask,

CCvolume, and CCpeaks. For ModelAngelo, the model it built is retained when sequence

assignment failed, with the domain type labeled N/A.
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Figure 3. Performance at different classification levels, resolution, and ablation

studies of CryoNet.Discovery.

A. Structure identification performance across hierarchical classification levels

for CATH and SCOPe benchmarks. Radial bars show Top-1 accuracy across

progressively coarser classification levels, including CATH homologous superfamily,

topology, architecture, and class, and SCOPe family, superfamily, fold, and class.

B. Robustness of structure identification to resolution variations. Three EMPIAR

particle-image sets are reconstructed using cryoSPARC at different down-sampling

levels, yielding density maps across four resolution ranges ([6,7) Å, [7,8) Å, [8,9) Å,

and [9,10) Å). Eight groups of CATH-annotated domain regions are extracted and
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identified using CryoNet.Discovery, DomainFit, ModelAngelo, and cryoID. Dot

colors encode the Rank Index of the correct CATH domain type from 1 to 164, with

lower values representing better rankings.

C. Visual examples of robustness to resolution variations for two groups of

CATH-annotated domain regions from EMPIAR-10786 Subset 1. Segmented

density regions and the fitted Top-1 structures identified by CryoNet.Discovery are

shown across 6.7 Å, 7.9 Å, 8.0 Å, and 9.0 Å reconstructions, together with the

corresponding domain type and CCbox values.

D. Ablation study of CryoNet.Discovery on CATH and SCOPe benchmarks.

Top-1 accuracy and mean average precision (mAP) are compared between the full

model and variants removing the Residual U-Net branch, the Swin-Conv U-Net

branch, self-supervised pretraining, cross-modality alignment training, molmap data

augmentation, or low-pass filtering data augmentation.
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Figure 4. Identification from unassigned single-particle cryo-EM and cryo-ET

density maps.

A. Density-region segmentation of an unassigned SPA density map. The original

SPA density map is an unassigned 7.9 Å cryo-EM map of wild-type Escherichia coli

GroEL deposited in the EMDB (EMD-8317). No atomic model was provided for this

density map in the original study. The original density map was segmented into

individual density regions, which are shown in distinct colors. Representative density

regions from the symmetric assembly are highlighted and displayed from different

orientations.

B. Structure identification for the three representative segmented density regions

using CryoNet.Discovery. For each selected density region, the Top-5 candidate

domain type IDs returned from the DateDB-CATH-full are listed, and the Top-1

identified atomic structure is shown after fitting to the density. Dashed outlines mark

the density regions selected from the segmented map for identification.

C. Quantitative assessment of density–model agreement for the three

representative density regions. Bar charts report four map-model correlation
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coefficient metrics computed between each density region and its fitted Top-1

identified atomic structure: CCbox (red), CCmask (orange), CCvolume (blue), and CCpeaks

(green). Bars are grouped by density region (Unk. density1–3), and all metrics range

from 0 to 1.

D. Organization of the identified domain types for the whole original density

map. All segmented density regions are independently identified using

CryoNet.Discovery and the identified domain types are mapped back onto the whole

original density map. Different colors indicate different domain types, with blue

corresponding to the GroEL-like equatorial domain (CATH ID: 1.10.560.10)

according to the CATH classification, red to the TCP-1-like chaperonin intermediate

domain (CATH ID: 3.30.260.10), and green to the GroEL (CATH ID: 3.50.7.10).

E. Density-region segmentation of an unassigned subtomogram-averaging

density map. The original experimental density map is an unassigned 6.2 Å

subtomogram-averaging density map from PFO perforated VLPs in the presence of

IP6/CypA, deposited in the EMDB (EMD-12454). No atomic model was provided for

this density map in the original study. The map was segmented into individual density

regions, which are shown in distinct colors. Representative density regions from the

symmetric assembly are highlighted and displayed from different orientations.

F. Structure identification for the two representative density regions using

CryoNet.Discovery. For each selected density region, the Top-5 candidate domain

type IDs returned from the DateDB-CATH-full are listed, and the Top-1 identified

atomic structure is shown after fitting to the density. Dashed outlines mark the density

regions selected from the segmented map for identification.

G. Quantitative assessment of density–model agreement for the two

representative density regions. Bar charts report four map-model correlation

coefficient metrics computed between each density region and its fitted Top-1

identified atomic structure: CCbox (red), CCmask (orange), CCvolume (blue), and CCpeaks

Langtaosha (LTS) Preprint doi: https://doi.org/10.65215/LTSpreprints.2026.07.27.000296. This version posted July 27, 2026. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder. Creative Commons license: CC Attribution-NonCommercial-NoDerivatives 4.0

https://creativecommons.org/licenses/by-nc-nd/4.0



(green). Bars are grouped by density region (Unk. density1–2), and all metrics range

from 0 to 1.

H. Organization of the identified domain types for the whole original density

map. All segmented density regions are independently identified using

CryoNet.Discovery and the identified domain types are mapped back onto the whole

original density map. Different colors indicate different domain types, with blue

corresponding to the Human Immunodeficiency Virus type 1 capsid protein (CATH

ID: 1.10.375.10) according to the CATH classification and red to the retrovirus capsid

C-terminal domain (CATH ID: 1.10.1200.30).
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Figure 5. Large-scale whole-chain structure identification across the EMDB.

A. EMDB-scale structure-identification evaluation pipeline. EMDB density maps

are collected and segmented into individual density regions. A PDB50-clustered

single-chain DateDB (DateDB-PDB50-clustered) is constructed by retaining one

representative structure from each PDB50 sequence cluster. These representative

structures are encoded by the atom tower and indexed in DateDB. Each query density

region is encoded by the density tower and searched against DateDB. The retrieved

Top-k candidate clusters are reranked by density–model agreement (CCbox), expanded
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to their member chains, and evaluated against the deposited ground-truth chain using

sequence identity and TM-score.

B. Resolution-stratified structure-identification analysis. CryoNet.Discovery is

applied to 12,114 density regions from 1,488 cryo-EM density maps deposited in the

EMDB on or after January 1, 2026. Each query is searched against

DateDB-PDB50-clustered, followed by map–model reranking and cluster expansion.

The left panel shows structure-alignment-based TM-scores between the deposited

ground-truth chains and selected candidate chains across resolution bins , whereas the

right panel shows the corresponding sequence identities calculated by EMBOSS

Needle global alignments. Violin plots show the distributions, individual points

represent query density regions, grey boxes indicate interquartile ranges, and grey

lines connect bin medians. The number of queries and mean TM-score/sequence

identity are shown above each resolution bin.

C. Sequence-divergent structural match in a phage neck scaffold. The deposited

ground-truth chain PDB-9ZBS_i and the identified chain PDB-9C39_F are shown

after fitting to the density region (a region from EMD-73999, 3.6 Å) in the left panel.

RMSD, TM-score, CCbox, and sequence identity are indicated. The right panel shows

the EMBOSS Needle global sequence alignment between PDB-9ZBS_i and

PDB-9C39_F, with modeled and deposited residues. Matches, similarities,

mismatches, and gaps are marked, and the dashed box marks the aligned region in

detail.

D. Sequence-divergent structural match in a WD40/β-propeller-like scaffold. The

deposited ground-truth chain PDB-9TPW_C and the identified chain PDB-3JAP_q are

shown after fitting to the density region (a region from EMD-56117, 6.4 Å) in the left

panel. RMSD, TM-score, CCbox, and sequence identity are indicated. The right panel

shows the EMBOSS Needle global sequence alignment between PDB-9TPW_C and

PDB-3JAP_q, with modeled and deposited residues. Matches, similarities,
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mismatches, and gaps are marked, and the dashed box marks the aligned region in

detail.
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Supplementary Figure 1. Detailed architecture, training strategy, and workflow

of CryoNet.Discovery

A. Density tower architecture. The density tower encodes density maps into density

map embeddings. The network consists of a dual-branch U-Net (Residual U-Net

branch and Swin-Conv U-Net branch) followed by a convolution layer to reconstruct

the input density map and a compression module to generate a density map

embedding Zd.
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B. Atom tower architecture. The atom tower encodes atomic structures into atomic

structure embeddings. Atomic structures are encoded into single and pair

representations, which are then processed by a structure module to reconstruct the

input atomic structure and a fusion module to generate an atomic structure embedding

Za.

C. Construction of DateDB. Collected domain atomic structures are encoded by the

atom tower and stored as embeddings to form the reference gallery used for retrieval.

D. Structure identification workflow of CryoNet.Discovery. Given a query density

region, the density tower generates a density map embedding, which is compared

against all atomic structure embeddings in DateDB. Candidate domain types and their

corresponding atomic structures are returned according to the similarity ranking.

E. Training stages. CryoNet.Discovery is trained in three stages: self-supervised

pretraining within each modality for the density tower and atom tower, contrastive

learning on the atomic structure modality to enhance domain separability, and

cross-modal alignment training to align density map embeddings (Zd) with atomic

structure embeddings (Za).
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Supplementary Figure 2. Data distribution and more examples of structure

identification

A. Resolution distribution of domain density maps. Red bars indicate density maps

obtained from KluDo prediction, orange bars indicate density maps with CATH

annotations, and blue bars indicate density maps with SCOPe annotations.

B. Comparison of ModelAngelo outputs at different resolutions.

ModelAngelo-built models are shown for the deposited EMD-5778 map at 3.275 Å

and for a 6.605 Å map reconstructed from the same particle set. Grey surfaces

indicate density maps, and purple ribbons indicate ModelAngelo models. The residue

counts of the deposited ground-truth structure and the ModelAngelo-built model are

indicated below each map.

C–D. Examples of structure identification on low-resolution density regions. The

input density, reference structure, and Top-1 results from CryoNet.Discovery,

DomainFit, ModelAngelo, and cryoID are shown for a CATH-annotated Zinc/RING

finger domain (C) and a SCOPe-annotated F1F0 ATP synthase subunit C or V-type
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proton ATPase subunit c domain (D), with map–model agreement quantified using

CCbox, CCmask, CCvolume, and CCpeaks. For ModelAngelo, the model it built is retained

when sequence assignment failed, with the domain type labeled N/A, whereas

ModelAngelo model-building failures and missing cryoID outputs are shown as

empty atomic structures.
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Supplementary Figure 3. Examples of structure identification on high-resolution

density regions.

A-B. Two CATH-annotated cases (A) and two SCOPe-annotated cases (B) are shown.

For each example, the top row shows the input density region, together with its global

resolution and the corresponding reference atomic structure annotated with the

domain type and domain type ID. The bottom row shows the Top-1 identified domain

atomic structures by CryoNet.Discovery, DomainFit, ModelAngelo, and cryoID,

respectively, together with their associated domain type IDs.

In panel A (CATH superfamilies), the examples include a tetratricopeptide repeat

domain (4.2 Å; CATH ID: 1.25.40.10) and an apoptotic protease-activating factor

helical domain (5.0 Å; CATH ID: 1.10.8.430). In panel B (SCOPe families), the

examples include a beta-galactosidase, domain 5 (2.2 Å; SCOPe ID: b.30.5.1) and a

cytochrome b559 subunit (3.14 Å; SCOPe ID: f.23.38.1).
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Supplementary Figure 4. Additional visual examples of robustness to resolution

variations.
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A–B. Segments from EMPIAR-10786 Subset 3 reconstructions. The two groups of

segmented density regions correspond to a P-loop containing nucleotide triphosphate

hydrolase domain (CATH ID: 3.40.50.300, A) and an immunoglobulin domain

(CATH ID: 2.60.40.10, B). Each row shows the corresponding segmented regions

obtained from the density maps at different global resolutions (6.0 Å, 7.1 Å, 8.8 Å,

and 9.4 Å), together with the fitted Top-1 identified atomic structure and the

corresponding domain type identified by CryoNet.Discovery, as well as the

corresponding CCbox.

C–F. Segments from EMPIAR-10005 Subset 1 re-reconstructions. Each group of

segmented density regions corresponds to an ankyrin repeat–containing domain

annotated in CATH (CATH ID: 1.25.40.20). Each row shows the corresponding

segmented regions obtained from the density maps at different global resolutions (6.6

Å, 7.9 Å, 8.4 Å, and 9.0 Å), together with the fitted Top-1 identified atomic structure

and the corresponding domain type identified by CryoNet.Discovery, as well as the

corresponding CCbox.
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Supplementary Figure 5. Two known density maps with high-resolution.

A-B. For each panel, the left shows the original experimental density map (A,

EMD-8946, 3.7 Å; B, EMD-23502, 2.74 Å). The middle shows the corresponding

density regions obtained after segmentation, with different colors indicating distinct

segmented regions. The right shows the identified domain atomic structures fitted

back into the corresponding density regions. Dashed outlines highlight representative

domains selected from the symmetric assemblies. For each highlighted density region,

the Top-5 candidate domain type IDs returned from the DateDB-CATH-full (A) or

DateDB-SCOPe-full (B) are listed. In panel A, the highlighted region corresponds to a

glutaredoxin domain (CATH ID: 3.40.30.10), whereas in panel B, the highlighted

region corresponds to a proteasome subunit (SCOPe ID: d.153.1.4).
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Supplementary Figure 6. Supplementary validation of density–model fitting and

domain assignment in Fig. 4.

A. Startup model of EMD-8317. EMD-8317’s startup model atomic model (PDB-

4HEL) are shown.

B. Residue-level fitting consistency for EMD-8317. Atomic models fitted into the

EMD-8317 density map in Fig. 4 are colored by residue-wise map-model correlation

coefficient metric, CCresidue, from 0 to 1.

C. High-resolution reference for the capsid assignment. The EMD-71817 density

map (2.95 Å) and its corresponding deposited atomic model (PDB-9PRZ) are shown.

D. Residue-level fitting consistency for EMD-12454. Atomic models fitted into the

EMD-12454 density map in Fig. 4 are colored by CCresidue from 0 to 1.
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Supplementary Figure 7. Structure–sequence comparison of EMDB-scale

whole-chain structure identification.

A. Relationship between sequence identity and structure-alignment-based

TM-score. Each point represents one query density region and its selected candidate

from the EMDB-scale structure-identification evaluation pipeline. Sequence identity

is calculated by EMBOSS Needle global alignment, and TM-score is calculated by

structure-based alignment. Dashed lines mark sequence-identity thresholds of 0.1 and

0.3 and TM-score thresholds of 0.5 and 0.7. The black line shows the median

TM-score in each sequence-identity bin, with the median value and number of

samples indicated above each bin.
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Supplementary Figure 8. Representative failure modes among

low-sequence-identity, high-TM-score identification cases.

A. Short-helical similarity case. For a density region from EMD-54866 (2.61 Å), the

deposited ground-truth chain PDB-9SFV_X and the identified chain PDB-3M91_B are

shown after fitting to the density region in the left panel. RMSD, TM-score, CCbox,

and sequence identity are indicated. The right panel shows the EMBOSS Needle

global sequence alignment between PDB-9SFV_X and PDB-3M91_B, with modeled

and deposited residues. Matches, similarities, mismatches, and gaps are marked, and

the dashed box marks the aligned region in detail.

B. Sequence-coverage difference case. For a density region from EMD-63788 (3.32

Å), the deposited ground-truth chain PDB-9MC4_B and the identified chain

PDB-3CEG_A are shown after fitting to the density region in the left panel. RMSD,
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TM-score, CCbox, and sequence identity are indicated. The right panel shows the

EMBOSS Needle global sequence alignment between PDB-9MC4_B and

PDB-3CEG_A, with modeled and deposited residues. Matches, similarities,

mismatches, and gaps are marked, and the dashed box marks the aligned region in

detail.
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