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Abstract 30 

Cryo-electron microscopy has transformed macromolecular structure determination, 31 

but heterogeneous biological samples contain multiple complexes and conformational 32 

states that remain difficult to resolve. This difficulty reflects a circular dependency 33 

among particle separation, pose estimation and structure reconstruction. We 34 

developed CryoDECO, a prior-guided framework that enters this coupled inference 35 

problem from structural representations learned from large-scale cryo-EM data 36 

rather than from random initialization, and that reduces manual tuning. CryoDECO 37 

separates simulated mixtures of up to 100 structures, resolves experimental and 38 

native-derived mixtures into populations suitable for high-resolution refinement, and 39 

captures continuous motion together with local density differences within a shared 40 

trajectory. 41 
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Cryo-electron microscopy (cryo-EM) has transformed structural biology, especially since 43 

the resolution revolution1–4. The standard single-particle analysis (SPA) workflow 44 

reconstructs three-dimensional density maps by averaging millions of two-dimensional 45 

projection images according to the central slice theorem5, assuming that all projections are 46 

different views of a structurally identical or near-identical object2,6,7. That assumption holds 47 

for rigid, highly purified samples, but biological reality is defined by structural 48 

heterogeneity. Heterogeneity takes two forms that are equally consequential and technically 49 

distinct: compositional complexity, in which a sample contains a mixture of different 50 

macromolecules, and conformational dynamics, the intrinsic flexibility of a single 51 

molecular machine8,9. 52 

 53 

Conventional pipelines treat such heterogeneity as a nuisance variable, and 54 

distinct structures or states are averaged into a blurred consensus9. For emerging frontiers 55 

such as native cell extracts10–14 and time-resolved studies15, however, heterogeneity is no 56 

longer merely a nuisance to be removed; it is also the biological signal to be resolved. 57 

Mapping the dynamic landscapes accessible to a complex16–22 moves cryo-EM beyond the 58 

static snapshots of classical X-ray crystallography, toward resolving both discrete 59 

components and a continuum of states. The objective shifts: instead of one structure from 60 

an exhaustively purified sample, the aim is the simultaneous in silico reconstruction of 61 

many macromolecules directly from a crude mixture, whether a cell lysate or an 62 

environmental sample. 63 

 64 
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Realizing this potential is hindered by a circular dependency in ab initio 65 

heterogeneous reconstruction23–25. Accurate classification requires reliable three-66 

dimensional templates, yet template reconstruction depends on accurate classification, so 67 

class identity, structure and particle pose must be inferred together. Existing ab initio 68 

methods attack this coupled problem from random or weak initialization18–21,26,27, which 69 

leaves the optimization vulnerable to local minima. Failure becomes likely when the 70 

number of states is large, when classes are weakly separated, or when particle orientations 71 

are uncertain28, and it is amplified in high-cardinality mixtures and native samples, where 72 

an incorrect early assignment propagates through every subsequent reconstruction. 73 

 74 

Here we introduce CryoDECO, which incorporates structural priors from a 75 

pretrained cryo-EM foundation model to mitigate this circular dependency and automates 76 

the dataset-specific decisions that would otherwise remain manual (Fig. 1a). Its image 77 

encoder, DECO-IEF, was pretrained on 425 datasets comprising approximately 134 million 78 

particle images using a Cryo-IEF-style contrastive objective29 supplemented with structure-79 

level supervision (Methods and Extended Data Table 1). The resulting particle 80 

representations condition neural-field density generation throughout optimization, 81 

providing structural guidance for the coupled classification–reconstruction problem. At the 82 

start of optimization, each particle representation is determined by its image and the 83 

pretrained encoder alone, independent of any current three-dimensional reconstruction. 84 

Particles from the same structure are therefore already adjacent in the learned space before 85 

a model exists, so the coupled inference is entered from a structurally organized partition 86 

rather than an arbitrary one.  87 
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 88 

Because datasets differ in structural complexity, a fixed latent dimensionality is 89 

difficult to choose a priori. CryoDECO therefore introduces DimAda, an adaptive 90 

structural-z gate that learns which latent dimensions contribute to decoder conditioning 91 

within a specified nominal capacity budget (Fig. 1a,b). This allows decoder-visible capacity 92 

to adapt during reconstruction for both compositional and conformational analysis. For 93 

discrete mixtures, the appropriate partition count is also generally unknown, requiring 94 

manual specification or exploration in GMM-based workflows. After reconstruction, a 95 

data-driven k-estimator addresses this choice by combining global model-selection 96 

evidence with conditional hierarchical checks for unresolved substructure, without 97 

requiring a prespecified species count (Fig. 1c and Methods). The estimated count describes 98 

partitioning granularity in the learned representation and need not correspond one-to-one 99 

with the number of biochemical species.  We show that CryoDECO separates mixtures 100 

containing up to 100 structures, resolves experimental and native-derived populations 101 

suitable for high-resolution refinement, and captures continuous conformational landscapes. 102 

 103 

We first asked whether CryoDECO could separate mixtures of distinct structures 104 

with differing capacity requirements. We used two CryoBench benchmarks28, Ribosembly 105 

and Tomotwin-100, which contain simulated particles from 16 and 100 different structures, 106 

respectively (Fig. 2a,d). They probe complementary forms of compositional complexity: 107 

Ribosembly tests separation of related assembly intermediates that share a common 108 

structural core, whereas Tomotwin-100 tests high-cardinality separation of structurally 109 

unrelated macromolecules. We began by examining how representation quality depended 110 
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on fixed latent dimensionality (Extended Data Fig. 1 and Extended Data Table 2). On 111 

Ribosembly, CryoDECO reached its highest top-1 k-nearest-neighbor (k-NN) accuracy of 112 

97.55% at z = 32 and still achieved 95.85% at z = 4. Tomotwin-100 was far more sensitive: 113 

top-1 k-NN accuracy rose from 43.20% at z = 4 to 97.95% at z = 128. These differing 114 

requirements motivate dataset-adaptive latent capacity. 115 

 116 

With a nominal budget of Dcap = 64, the gate retained all Dact = 64 decoder-visible 117 

dimensions for Tomotwin-100 but only Dact = 17 for Ribosembly, consistent with the 118 

greater compositional complexity of the 100-structure mixture. Adaptive CryoDECO 119 

reached a top-1 k-NN accuracy of 97.23% on Ribosembly, against 86.5% for CryoDRGN-120 

AI, and 96.21% on Tomotwin-100, against 44.0% for CryoDRGN-AI27 (Fig. 2b,c,e,f and 121 

Extended Data Table 2). On Tomotwin-100 the gate had exhausted the nominal budget, so 122 

the budget rather than the gate was limiting: the adaptive result remained below the 97.95% 123 

reached at z = 128 in the fixed sweep. Across the two benchmarks, the adaptive setting thus 124 

came within two percentage points of the best fixed dimensionality while that 125 

dimensionality was not supplied in advance. In latent space, adaptive CryoDECO organized 126 

the 100 Tomotwin-100 structures into well-separated clusters, whereas CryoDRGN-AI 127 

produced a substantially less resolved organization (Fig. 2e). Separable representations also 128 

emerged earlier during training with CryoDECO on both datasets (Fig. 2c,f). We next 129 

evaluated whether these representations supported accurate partitioning, using the 130 

benchmark ground-truth labels for evaluation. On Tomotwin-100, in the standard setting 131 

with poses estimated rather than supplied, CryoDECO reached an adjusted Rand index 132 

(ARI) of 0.647 and an adjusted mutual information (AMI) of 0.871, compared with 0.086 133 
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and 0.275 for CryoDRGN-AI and 0.116 and 0.374 for CryoDRGN2 (Extended Data Table 134 

3). When ground-truth poses were supplied, which removes orientation estimation from the 135 

problem, CryoDECO reached ARI and AMI of 0.999, indicating near-complete separation 136 

of the 100 populations. These results demonstrated improved separation under uncertain 137 

orientations, while the near-complete partitioning with supplied poses highlighted the 138 

remaining challenge of pose estimation. 139 

 140 

We next tested whether the separation observed in simulations translated to 141 

experimentally acquired particles. We applied CryoDECO to the “EM ladder” dataset 142 

(EMPIAR-11693)30, a mixture of four purified macromolecular complexes: apoferritin 143 

(ApoF), β-galactosidase, tobacco mosaic virus (TMV) and PP7 virus-like particles. The 144 

adaptive gate retained Dact = 57 decoder-visible dimensions. Without a prespecified class 145 

number, the data-driven estimator selected an effective embedding-space partition count of 146 

four, and Gaussian mixture model (GMM)31 partitioning recovered populations 147 

corresponding to the four complexes (Fig. 2g). The decisive case is PP7, the least abundant 148 

of the four and roughly 2% of the particles in the original processing: CryoDRGN-AI 149 

showed substantial overlap among the complexes in latent space and failed to isolate PP7, 150 

whereas CryoDECO produced a distinct PP7-associated cluster (Extended Data Fig. 2). The 151 

CryoDECO-separated populations gave homogeneous two-dimensional class averages 152 

(Extended Data Fig. 3a), and separate three-dimensional refinements in cryoSPARC 153 

produced maps at 2.49 Å for ApoF, 2.83 Å for β-galactosidase, 2.62 Å for TMV and 3.37 Å 154 

for PP7 (Fig. 2h), comparable to or better than the 2.52, 3.09, 2.85 and 3.40 Å reported for 155 

the same complexes in the original study. The informative outcome is not the change in 156 
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resolution but that every population, including the minor species, was homogeneous 157 

enough for independent refinement with no species lost. CryoDECO thus acted as an in 158 

silico purification step. 159 

 160 

Having resolved a defined mixture of purified complexes, we next asked whether 161 

CryoDECO could separate macromolecular populations from a more complex endogenous 162 

sample. We applied it to a preprocessed particle set from a native Chaetomium 163 

thermophilum lysate fraction12. The adaptive gate retained Dact = 61 decoder-visible 164 

dimensions, and the estimator returned a partition count of four without manually 165 

specifying k. GMM partitioning produced discrete particle populations in the projected 166 

embedding (Fig. 2i). Two-dimensional class averages of these populations are shown in 167 

Extended Data Fig. 3b. Downstream cryoSPARC refinement recovered maps for four 168 

assigned targets (Fig. 2j): the pyruvate dehydrogenase complex core (PDHc, 3.50 Å), fatty 169 

acid synthase (FAS, 3.96 Å), the oxoglutarate dehydrogenase complex E2 core (OGDHc, 170 

3.83 Å) and the pre-60S ribosomal subunit (3.98 Å). After structural assignment of the four 171 

populations, the CryoDECO-assisted workflow improved on the nominal resolution 172 

reported in the original study for each target (3.84 Å, 4.47 Å, 4.38 Å and 4.52 Å, 173 

respectively). CryoDRGN-AI, by contrast, yielded mixed clusters and did not recover 174 

separate OGDHc and PDHc reconstructions in this analysis (Extended Data Fig. 2). These 175 

results extended CryoDECO separation from defined mixtures to a native lysate fraction, 176 

yielding multiple populations suitable for independent high-resolution refinement. 177 

  178 
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Beyond compositional sorting, CryoDECO also captures continuous structural 179 

variation. The IgG-1D and IgG-RL CryoBench datasets28 provide complementary tests of 180 

simple and complex conformational landscapes (Fig. 3a,d). Fixed-dimensional analyses 181 

showed that a compact latent space (z = 4) recovered the simple one-dimensional periodic 182 

motion of IgG-1D most effectively, whereas the highly flexible, randomized linker of IgG-183 

RL benefited from an expanded space (z = 64) (Extended Data Fig. 1 and Extended Data 184 

Table 2). CryoDECO adapted its latent capacity to both landscapes within the same 185 

nominal budget of Dcap = 64. For IgG-1D, the gate retained Dact = 4 decoder-visible 186 

dimensions, yielding a well-organized circular manifold and reaching top-1 and top-10 k-187 

NN accuracies of 45.1% and 92.3% (Fig. 3b,c and Extended Data Table 2). These results 188 

approached the best fixed z = 4 result and improved on the overparameterized z = 64 189 

setting. For IgG-RL, the gate retained Dact = 30 dimensions and reached top-1 and top-10 190 

accuracies of 72.6% and 96.9%, close to the best fixed z = 64 result (Fig. 3e,f and Extended 191 

Data Table 2). The same adaptive mechanism accommodated both simple and complex 192 

motion while approaching the best fixed-dimensional results, reducing the need for dataset-193 

specific dimensionality selection. 194 

 195 

We next tested conformational analysis on experimental αVβ8 integrin particles. 196 

The adaptive gate retained Dact = 4 decoder-visible dimensions, and traversal of the latent 197 

manifold recovered the continuous flexibility of the extended arm. The integrin analysis 198 

extended the conformational results beyond simulations, recovering continuous arm 199 

flexibility from experimentally acquired particles (Extended Data Fig. 4a,b and 200 

Supplementary Movie S1). 201 
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 202 

Continuous motion can coexist with local differences between particle populations. 203 

We therefore asked whether CryoDECO could characterize local density differences within 204 

a shared conformational landscape, using the yeast U4/U6.U5 tri-snRNP complex dataset 205 

(EMPIAR-10073)32, whose large-scale head-rotation dynamics have been described 206 

previously20,22,33. CryoDECO retained Dact = 5 decoder-visible dimensions. Using principal 207 

component analysis of the learned representations, we identified two regions of the 208 

embedding and designated them State 1 and State 2 for state-conditioned analysis (Fig. 209 

3g,i). Decoding three representative positions sampled within each region yielded 210 

conformations showing progressive rotation of the head in both State 1 and State 2 (Fig. 211 

3h,j and Supplementary Movies S2 and S3, respectively). In State 1, a peripheral density 212 

lobe adjacent to the head remained visible throughout the sampled trajectory. In State 2, 213 

this feature was locally depleted (the “missing blob” marked in Fig. 3j), and the depletion 214 

persisted across all three sampled conformations even though the overall head-rotation 215 

trajectory resembled that of State 1. Previous analyses of this dataset characterized the 216 

large-scale continuous motion but did not, to our knowledge, describe a head-adjacent 217 

density-depleted state20,22,33. CryoDECO therefore resolved a persistent local density 218 

difference between two embedding regions that followed similar global motions, extending 219 

the analysis beyond recovery of a shared trajectory. 220 

 221 

These results support a broader role for cryo-EM in interpreting heterogeneous 222 

and native-derived specimens alongside high-resolution structure determination. 223 

CryoDECO combines pretrained structural representations with joint pose optimization and 224 
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capacity-adaptive reconstruction to mitigate the coupling between classification and 225 

reconstruction. Adaptive latent capacity and data-driven partition estimation reduce two 226 

dataset-dependent choices within this framework. For the preprocessed C. thermophilum 227 

particles, computational sorting recovered populations suitable for independent refinement. 228 

Such in silico separation can complement biochemical sample preparation when 229 

heterogeneous populations remain after particle selection. 230 

 231 

The tri-snRNP analysis further illustrates how local density differences can be 232 

examined alongside large-scale motion. Decoded conformations from two embedding 233 

regions showed similar head-rotation trajectories but differed in head-adjacent density. The 234 

two regions were selected from PCA representations, and their separation alone does not 235 

establish distinct biological states. The origin, structural identity and functional relevance 236 

of the density difference remain unresolved. 237 

 238 

Performance depends on particle quality, pretraining coverage and embedding 239 

geometry, while adaptive capacity remains bounded by the nominal latent budget. For 240 

discrete mixtures, dimensionality reduction and GMM assumptions may merge structurally 241 

similar populations or subdivide a single species. The estimated k therefore describes 242 

embedding-space partitioning granularity and need not equal the number of biochemical 243 

species. The resulting populations still require independent image-based or reconstruction-244 

based validation. In high-cardinality mixtures, pose estimation rather than representation 245 

quality remained the dominant source of error, as the near-complete partitioning obtained 246 

with supplied ground-truth poses indicates. Further improvements in pose-search efficiency 247 
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and decoder evaluation will be needed to support larger particle datasets. Extension to cryo-248 

electron tomography will require validation in crowded cellular volumes. By reducing the 249 

circular dependency between classification and reconstruction, CryoDECO provides a step 250 

toward scalable cryo-EM workflows that recover multiple structures and their 251 

conformational variability from increasingly complex heterogeneous and native-derived 252 

samples.  253 

  254 
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Methods 255 

Prior-Guided Heterogeneous Reconstruction 256 

CryoDECO uses a prior-guided encoder–decoder architecture for heterogeneous cryo-EM 257 

reconstruction. The image encoder is initialized with the pretrained DECO-IEF model, 258 

which was trained on approximately 134 million cryo-EM particle images. For each input 259 

particle image, the encoder predicts a latent representation that is passed through the 260 

structural-z interface, with adaptive gating to produce the decoder-visible latent vector. This 261 

latent vector conditions a coordinate-based neural-field decoder that predicts Hartley-262 

domain density values at queried 3D frequency coordinates. Particle orientations and in-263 

plane translations are estimated through the reconstruction objective and are refined jointly 264 

with the network parameters during training. In this formulation, the pretrained encoder 265 

provides a structured representation prior, whereas the decoder and pose variables are 266 

optimized for dataset-specific reconstruction. 267 

 268 

Pretraining of the DECO-IEF 269 

To construct a stronger structural prior for CryoDECO, we pretrained a Cryo-IEF-style 270 

foundation encoder, DECO-IEF, on an expanded corpus of approximately 134 million 271 

cryo-EM particle images. Compared with the original Cryo-IEF model, which used a ViT-272 

Base backbone34, DECO-IEF uses a Vision Transformer Small (ViT-Small) backbone (12 273 

layers, 384 embedding dimensions, 12 heads) by default. 274 

 275 

DECO-IEF was trained from scratch using the Momentum Contrast v3 (MoCo v3) 276 

self-supervised learning framework35, following the hyperparameter configuration of the 277 

Langtaosha (LTS) Preprint doi: https://doi.org/10.65215/LTSpreprints.2025.12.30.000075. This version posted November 3, 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



 Yan et al 
 

14 
 
 

original Cryo-IEF study29. We used the AdamW optimizer with a batch size of 2,048. The 278 

learning rate followed a cosine decay schedule with a base learning rate of 1.5 × 10!" 279 

(scaled linearly with batch size: lr × BatchSize / 256) and a 5-epoch linear warmup. The 280 

contrastive loss temperature 𝜏 was 0.5, and the momentum update parameter for the key 281 

encoder was set to 0.99. 282 

 283 

Preprocessing and data augmentation matched the original protocol. Input particle 284 

images were resized to 224 × 224 pixels and normalized. During training, we generated 285 

views via random cropping, colour jittering, and Gaussian blurring, encouraging 286 

representations that are robust to noise and common image-level perturbations. To improve 287 

structure-level semantic organization, we added a supervised contrastive regularization 288 

term based on structural identity, weighted by 𝜆#$%&'()-*+#,%) = 0.1. This retraining ensures 289 

that the encoder learns a generalized latent manifold capable of separating complex 290 

structural states before fine-tuning for specific reconstruction tasks. 291 

 292 

Model Architecture 293 

Encoder as a Structural Compass. The encoder is a ViT-Small initialized with DECO-294 

IEF weights. It processes 224 × 224 particle images using 14 × 14 patches and outputs an 295 

image-level latent code, which is projected into the structural-z interface before decoder 296 

conditioning.  297 

 298 

Decoder as an AdaLN-conditioned neural field. The decoder is a residual coordinate-299 

based neural field that predicts Hartley-domain density values. To synthesize a 2D 300 
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projection under the Central Slice Theorem, CryoDECO first defines a 2D grid of 301 

continuous frequency coordinates, x, on the central plane (kz=0). For each particle, the 302 

orientation matrix R rotates these coordinates into 3D frequency space, so the rotated 303 

coordinates specify the central slice queried from the neural field. The rotated coordinates 304 

are then encoded using Gaussian random Fourier features, γ(Rx), by projecting them onto 305 

fixed Gaussian frequency vectors and concatenating the resulting sine and cosine features. 306 

 307 

The decoder-visible structural latent vector, z, is obtained from the encoder latent 308 

code after structural-z gating and optional bottleneck processing. CryoDECO uses z in two 309 

complementary ways. First, z is concatenated with the Fourier-encoded coordinates as part 310 

of the coordinate query input, providing particle-specific structural context to the decoder. 311 

Second, z serves as the conditioning vector for adaptive layer normalization (AdaLN) inside 312 

the residual MLP blocks. In each AdaLN layer, a zero-initialized linear modulator maps z 313 

to feature-wise modulation terms Δα(z) and Δβ(z). For hidden activation h, the AdaLN-314 

modulated activation is computed as ℎ′ = LN(ℎ) ⋅ (1 + 𝑠Δ𝛼) + 𝑠Δ𝛽, where s is a runtime 315 

AdaLN modulation scale. The zero initialization keeps the AdaLN branch neutral at the 316 

start, allowing the structural latent state to progressively regulate internal feature 317 

normalization during training. Thus, z controls both the coordinate-level decoder input and 318 

the hidden feature modulation, whereas the viewing direction is specified by R. In-plane 319 

translation t is handled separately by phase-shifting the Hartley-domain target image during 320 

loss computation. 321 

 322 
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The structural-z gate determines which latent dimensions enter both decoder-323 

conditioning pathways. Its mathematical formulation, training schedule, regularization 324 

terms and hard-thresholding procedure are described below in “Adaptive structural latent 325 

gating” and “Adaptive structural-z gate training.” 326 

 327 

Optimization Protocol 328 

CryoDECO's optimization combines a three-stage reconstruction protocol27 with an 329 

adaptive structural-z gating schedule. The reconstruction protocol adapts the pretrained 330 

DECO-IEF representations to each dataset, whereas the gating schedule controls the 331 

decoder-visible latent capacity during training; the corresponding reconstruction objective, 332 

gated latent formulation and gate regularization terms are defined in Eqs. (4) and (5). 333 

Unless otherwise stated, learning rates below refer to configured base values before 334 

launcher-level scaling. Per-GPU batch sizes are reported, and global batch size scales with 335 

the number of GPU processes. 336 

 337 

Warm-up adaptation. The network first undergoes a brief warm-up phase using a subset 338 

of 10,000 images. During this pretraining epoch, poses are randomly sampled and 339 

translations are set to zero. The frozen pretrained encoder provides structural latent 340 

features, while the hypervolume decoder is adapted by minimizing the reconstruction loss 341 

defined in Eq. 4 before pose optimization begins. In the reported configuration, the encoder 342 

learning rate was configured as 1 × 10!- for later encoder-updating stages, and the 343 

decoder learning rate was initialized at 1 × 10!" during reconstruction training. The per-344 

GPU batch size was 64. 345 
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 346 

Global pose discovery (Hierarchical search). Pose estimation in ab initio reconstruction 347 

is challenging because it is coupled with unknown structural heterogeneity. A coarse-to-348 

fine hierarchical search strategy is employed in this stage, parameterizing the search space 349 

on the 𝑆𝑂(3) group using the Hopf fibration and discretizing it into a multi-resolution grid 350 

(HEALPix). The hierarchical pose search is performed on the dataset to determine the 351 

optimal discrete orientation for each particle. The structural priors from the pretrained 352 

DECO-IEF are expected to smooth the optimization landscape, which in our runs allowed 353 

this iterative search to converge more reliably toward the global optimum. In this stage, the 354 

per-GPU batch size was reduced to 22 to accommodate memory constraints during 355 

hierarchical pose search. 356 

 357 

Continuous autodecoding refinement. Finally, CryoDECO transitions from discrete grid 358 

search to continuous optimization. For each particle i, the pose parameters 𝜙. = (𝑅. , 𝑡.) 359 

are instantiated as learnable lookup-table variables initialized from the best poses obtained 360 

by hierarchical search. The reconstruction model and pose table are then jointly optimized 361 

with AdamW under the reconstruction objective in Eq. 4. Backpropagation flows directly 362 

into the pose lookup table, allowing the model to refine orientations and translations 363 

continuously beyond the resolution limits of the initial search grid. This stage runs for 100 364 

epochs with a per-GPU batch size of 192. The pose-table learning rate is 1 × 10!", and the 365 

global batch size and learning rate are scaled with the number of GPU processes.  366 

 367 
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Adaptive structural-z gate training. The structural-z gate is trained according to a four-368 

step schedule: warm-up initialization, soft-gate learning, high-gate locking and low-gate 369 

pruning (Fig. 1b). First, the gate is initialized in a near-open state, allowing early 370 

reconstruction to proceed with almost the full nominal latent-capacity budget 𝐷,/#. After 371 

the five-epoch structural-z warm-up used in our experiments, CryoDECO activates the 372 

trainable per-dimension soft gate and optimizes the gate jointly with the reconstruction 373 

model. The gate parameters are placed in a separate optimizer group, allowing the gate to 374 

use its own learning rate and weight decay, while the decoder, encoder, latent codes and 375 

pose variables follow the standard reconstruction schedule. 376 

 377 

During soft-gate learning, the reconstruction loss remains the physics-based 378 

generative objective described in “Generative reconstruction.” Gate-specific regularization 379 

is applied only while the gate remains trainable and is defined formally in “Adaptive 380 

structural latent gating” (Eq. 5). After mask locking, gate regularization is disabled and the 381 

reconstruction model continues optimization with the fixed decoder-visible subspace. 382 

 383 

After the soft gate has adapted, CryoDECO converts the learned gate profile into a 384 

hard decoder-visible mask. In the reported adaptive configuration, mask locking begins at 385 

epoch 50 with a gate threshold of 0.50, followed by a five-epoch annealing window that 386 

gradually suppresses inactive dimensions before freezing the final mask. The final retained 387 

subspace is then used for the remaining reconstruction refinement, with a minimum-active-388 

dimension safeguard preventing collapse of the decoder-visible interface below the 389 

configured lower bound. 390 
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 391 

Objective Functions 392 

DECO-IEF pre-training. The DECO-IEF encoder backbone is pre-trained using an 393 

InfoNCE contrastive loss 36 with a temperature parameter 𝜏 = 0.5, together with a 394 

structure-level supervised contrastive regularization term weighted by 𝜆protein-supcon = 0.1. 395 

This objective maximizes the similarity between different augmented views of the same 396 

particle (positive pairs) while minimizing similarity with other particles (negative pairs), 397 

thereby driving the encoder to learn representations that are robust to noise and orientation. 398 

The loss for a query representation 𝐪 is defined as: 399 

ℒ01234563.78 = − log
exp(𝐪 ⋅ 𝐤9/𝜏)

exp(𝐪 ⋅ 𝐤9/𝜏) + ∑ exp(𝐪 ⋅ 𝐤!/𝜏)𝐤!
																												(1) 400 

where 𝒌9 represents the positive key (an augmented view of the same particle) 401 

and 𝒌! represents the set of negative keys (views of other particles in the batch). 402 

 403 

To further encourage particles from the same structure to form coherent 404 

representations, we additionally introduce a structure-level supervised contrastive loss: 405 

ℒprotein-supcon = −
1
𝑁L

1
|𝒫(𝑖)|

;

.<=

L log
expP𝐪. ⋅ 𝐤>/𝜏Q

∑ exp(𝐪. ⋅ 𝐤5/𝜏)?
5<=>∈𝒫(.)

																									(2) 406 

where 𝒫(𝑖) = S𝑝: 𝑦> = 𝑦.W denotes the set of keys whose protein identity is the 407 

same as that of query 𝑖, 𝑁 is the number of query samples, and 𝑀 is the number of 408 

gathered key samples. The final pre-training objective is: 409 

ℒpretrain = ℒcontrastive + 0.1 ℒprotein-supcon																																										(3) 410 

 411 
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Generative reconstruction. To bridge the gap between latent feature extraction and 3D 412 

structural determination, the full CryoDECO framework (encoder and decoder) is fine-413 

tuned by minimizing a physics-based reconstruction loss. This loss quantifies the 414 

discrepancy between the experimental particle images and the theoretical projections 415 

generated by the network. The specific objective function is given by: 416 

ℒ(θ, {ϕ.}, {𝑧.}) =L‖
;

.<=

ℋ[𝐼.] − 𝑪e. ⊙𝑇3"𝑆D"𝒱E[𝑧̃.]‖F
F																															(4) 417 

Here, 𝜃 denotes network parameters, and 𝜙. = (𝑹. , 𝒕.) is the pose of the 𝑖-th 418 

particle, updated via pose search and then refined with SGD. ℋ[⋅] represents the Hartley 419 

transform. The decoder 𝐷G is implemented as an AdaLN-conditioned coordinate neural 420 

field that maps Fourier-encoded 3D frequency coordinates and the decoder-visible latent 421 

vector 𝑧̃. to Hartley-domain density values. The operator 𝑆𝑹" extracts a central slice 422 

perpendicular to viewing direction 𝑹.. The phase-shift operator 𝑻𝒕" corrects for in-plane 423 

translation 𝒕., and 𝑪e. is the Contrast Transfer Function (CTF). Minimizing this objective 424 

jointly optimizes the network for accurate density generation and infers the latent 425 

conformation 𝒛. and pose 𝜙. for each particle. In adaptive latent-capacity runs, 𝑧̃. 426 

denotes the gated decoder-visible vector defined in Adaptive Structural Latent Gating; it is 427 

both concatenated with the encoded coordinates and used as the AdaLN conditioning 428 

vector. In fixed-dimensional reference runs, 𝑧̃. = 𝑧.; in adaptive runs, 𝑧̃. = 𝑧. ⊙𝑔'JJ. 429 

 430 

Adaptive structural latent gating. For adaptive-capacity runs, the encoder output for 431 

particle i is first projected to a nominal decoder-visible latent vector 𝑧. ∈ ℝK#$%, where 432 

𝐷,/# denotes the maximum latent-capacity budget available to the decoder. CryoDECO 433 
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learns a global per-dimension structural gate 𝑔 ∈ [0,1]K#$% that controls the decoder 434 

visibility of each latent dimension. The gated decoder input is defined as 𝑧̃. = 𝑧. ⊙𝑔'JJ, 435 

where 𝑔'JJ,M = 𝑔M[𝑚M + (1 − 𝛼)(1 − 𝑚M)], 𝑔M = 𝜎(𝑎M), 𝑚M = 𝟏(𝑔M ≥ 𝜏), for 𝑑 =436 

1,… , 𝐷,/#. Here 𝑎M is the learned gate logit, 𝜏 is the hard-gate threshold, 𝑚M is the 437 

thresholded binary mask and 𝛼 is an annealing coefficient that increases from 0 to 1 after 438 

the hard-gate start epoch. The active decoder-visible dimensionality is reported as 𝐷/,& =439 

∑ 𝑚M
K#$%
M<= . 440 

 441 

Gate regularization is added as an auxiliary loss only while the soft gate remains 442 

trainable; the reconstruction loss term remains unchanged. The auxiliary gate loss is 443 

ℒN/&' = 𝜆O+PN'&max(mean(𝑔) − 𝜌, 0) + 𝜆#%Q/$meanP𝑔 ⊙ (1 − 𝑔)Q,																(5) 444 

where the hinge budget term penalizes the mean gate value only when it exceeds 445 

the target budget ρ, and the polarization term discourages ambiguous mid-range gate 446 

values. In the adaptive simulated runs, we used 𝐷,/# = 64, 𝜏 = 0.50, 𝜌=0.05 and 447 

𝜆#%Q/$ = 𝜆O+PN'& = 0.2.  448 

 449 

Data-driven estimation of effective embedding-space partition count 450 

After CryoDECO training, discrete compositional analysis requires choosing the number k 451 

of GMM components used to partition the learned particle representation. Rather than 452 

specifying k manually, we estimate the partitioning granularity supported by the embedding 453 

itself. Importantly, k is defined as an effective embedding-space partition count and is not 454 

assumed to correspond one-to-one with the number of biochemical species. The estimator 455 
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combines GMM-based Bayesian information criterion (BIC)37, for which lower values 456 

indicate a better fit–complexity trade-off, with the L-method for detecting the point of 457 

diminishing improvement in the BIC profile38. The procedure consists of three stages: 458 

adaptive coarse search, integer-resolution local refinement and, when the coarse and refined 459 

estimates disagree, a conditional hierarchical split check (Fig. 1c and Extended Data Fig. 460 

5).  461 

In our experiments, the learned representations were projected to a 16-462 

dimensional space using Uniform Manifold Approximation and Projection (UMAP)39, 463 

followed by random selection of up to 20,000 projected particles. For all BIC evaluations, 464 

candidate partition counts were assessed using full-covariance GMMs with five random 465 

initializations. BIC values were averaged over two independent 80% subsamples of the 466 

projected embeddings. 467 

 468 

Adaptive coarse search.  469 

First, the approximate range of plausible partition counts is identified using a sparsely 470 

sampled grid of candidate 𝑘 values. For each candidate k, a GMM was fitted to repeated 471 

random subsamples of the projected particle representation, and the resulting BIC values 472 

were averaged to reduce sensitivity to sampling and model initialization. Because lower 473 

BIC indicates stronger model support, the resulting BIC profile typically decreases rapidly 474 

while additional components capture major population structure and then flattens as further 475 

partitioning provides diminishing benefit. We therefore apply the L-method to the sampled 476 

BIC profile to obtain a provisional elbow 𝑘8RS1T. 477 

 478 
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The elbow is used primarily to determine whether the currently explored range is 479 

sufficiently large rather than being accepted immediately as the final partition count. We 480 

quantify the residual improvement beyond the elbow using 481 

ℛ>163 =
[𝐵𝐼𝐶�����(𝑘8RS1T) − 𝐵𝐼𝐶�����(𝑘U.2)]/(𝑘U.2 − 𝑘8RS1T)

[𝐵𝐼𝐶�����(1) − 𝐵𝐼𝐶�����(𝑘8RS1T)]/(𝑘8RS1T − 1)
,																												(6) 482 

where 𝑘U.2 is the candidate with the lowest BIC within the current search range. 483 

Thus, ℛ>163 measures the average post-elbow BIC improvement relative to that observed 484 

before the elbow. A large value indicates that substantial improvement persists beyond 485 

𝑘8RS1T, suggesting that the current search range is insufficient; in this case, the upper bound 486 

𝑘U5V is expanded and the coarse search is repeated. When the BIC profile instead exhibits 487 

a sustained rebound after its minimum, the minimum has been bracketed and its location is 488 

used to define 𝑘015468 . In our implementation, the coarse search was initialized with 489 

𝑘U5V = 20 and a step size of 4. Given the initial candidate grid 𝑘 = {1,4,8,12,16,20}, the 490 

search range was expanded when ℛ>163 > 8%. A rebound was defined when more than 491 

60% of consecutive BIC changes in the terminal 20% of the sampled profile were increases. 492 

𝑘U.2 was then taken as 𝑘015468. 493 

 494 

Local refinement.  495 

The coarse stage is designed to identify the relevant range efficiently and therefore 496 

evaluates only a sparse subset of candidate partition counts. We next evaluate every 497 

integer-valued 𝑘 within a local window centred on 𝑘,%/$*'. The refinement window was 498 

defined as [𝑘015468 − 4, 𝑘015468 + 4], corresponding to one coarse-search step on each 499 
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side. The L-method is reapplied to this densely sampled BIC profile to obtain the integer-500 

resolution estimate 𝑘$'J()'. 501 

 502 

Conditional hierarchical split check. Disagreement between 𝑘,%/$*' and 𝑘$'J()'	indicates 503 

that the inferred partition count remains sensitive to search resolution. Only in this case do 504 

we perform an additional hierarchical validation step. We first fit the 𝑘$'J()'-component 505 

GMM and treat the resulting components as macro-partitions. Each macro-partition is then 506 

independently tested for reproducible evidence of further subdivision across repeated 507 

subsamples. A proposed local split is retained only when (i) it is supported in at least 9 of 508 

10 subsamples, with a median relative BIC improvement of at least 5%, and (ii) 509 

incorporating the split yields a normalized global BIC gain of at least 0.5%. Accepted 510 

subdivisions are added to obtain 𝑘J()/Q. Stage-wise estimates across the evaluated datasets 511 

are summarized in Extended Data Table 4. 512 

 513 

Latent Space Clustering. In this step, particles were assigned to 𝑘J()/Q discrete groups by 514 

fitting a 𝑘J()/Q-component GMM to the 16-dimensional UMAP embedding39. The GMM 515 

parameters were optimized using the expectation–maximization algorithm, and each 516 

particle was assigned to the component with the highest posterior probability. The resulting 517 

particle groups were used for downstream homogeneous three-dimensional refinement. We 518 

reused the UMAP embedding generated during partition-count estimation to avoid an 519 

additional dimensionality-reduction step. 520 

 521 

Data 522 
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Dataset for pre-training DECO-IEF. On the basis of the 117 datasets (~65 million 523 

particles) used in previous work29, we further expanded the pre-training dataset for DECO-524 

IEF by incorporating an additional 308 publicly available cryo-EM datasets from 525 

EMPIAR40, as summarized in Extended Data Table 1. The detailed processing steps for 526 

each dataset are as described previously29. The expanded dataset comprises approximately 527 

134 million particle images, significantly enhancing the diversity and representativeness of 528 

the training data. 529 

 530 

CryoBench datasets28. The Ribosembly dataset contains 16 distinct structures of the 531 

ribosome assembly intermediate. It presents a discrete heterogeneity problem where 532 

structures share a common core that progressively acquires additional proteins and 533 

ribosomal RNA. The particle distribution across states is non-uniform, totaling 335,240 534 

particles, mimicking realistic experimental conditions. The data were simulated at a signal-535 

to-noise ratio (SNR) of 0.01, testing the method's ability to resolve and classify discrete 536 

compositional states under typical noise levels. In addition to the full 16-state dataset, a 537 

resampled sub-dataset comprising four distinct particle species was generated to evaluate 538 

early-stage clustering dynamics (Fig. 1c). 539 

 540 

The Tomotwin-100 dataset represents an extreme case of compositional 541 

heterogeneity28. This dataset contains a mixture of 100 different macromolecular complexes 542 

from a curated cellular catalogue, with molecular weights ranging from approximately 200 543 

kDa to 4 MDa. It comprises 100,000 particle images at an SNR of 0.01. It challenges the 544 

method's capacity to perform ab initio reconstruction and classification in a highly complex 545 
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mixture without a common structural core, simulating a scenario akin to analyzing cellular 546 

lysates. 547 

 548 

The IgG-1D dataset features continuous conformational heterogeneity simulated 549 

from an IgG antibody (PDB: 1HZH). The heterogeneity is generated by a simple, one-550 

dimensional rotation of a Fab domain around a dihedral angle, creating a continuous 551 

circular motion across 100 conformations. The dataset contains 100,000 particles simulated 552 

at an SNR of 0.01. It serves as a diagnostic benchmark for a method's ability to recover a 553 

simple, continuous low-dimensional manifold of conformational change. 554 

 555 

The IgG-RL dataset presents a more challenging and realistic form of 556 

conformational heterogeneity. It uses the same IgG structure but introduces flexibility by 557 

randomizing the conformation of a 5-residue peptide linker, causing one Fab domain to 558 

sample a wide range of random orientations. This dataset also contains 100,000 particles at 559 

an SNR of 0.01, testing the method's robustness in handling complex, non-linear motions. 560 

 561 

EM Ladder dataset. Micrographs for the "EM ladder" dataset were downloaded from 562 

EMPIAR-1169330 and imported into cryoSPARC (v4.6.0)25. We performed CTF estimation 563 

(CTFFIND441), particle picking (Blob Picker), particle extraction, and 2D classification. 564 

This process yielded 117,530 particle images with a box size of 400 pixels, which were 565 

then downsampled to a 128-pixel box size using the Fourier crop tool in cryoSPARC for 566 

classification in CryoDECO.  567 

 568 
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Without a pre-specified class number, the k-estimator selected an effective 569 

embedding-space partition count of four, and GMM partitioning produced four particle 570 

populations corresponding to ApoF, β-galactosidase, TMV and PP7. 571 

 572 

Following classification, particles from each final population were mapped back 573 

to their original 400-pixel box size for high-resolution reconstruction in cryoSPARC. 574 

ApoF, β-galactosidase and PP7 were initially refined using Homogeneous Refinement with 575 

O, D2 and I symmetry, respectively. TMV was processed using Helical Refinement with a 576 

rise of 1.408 Å and a twist of 22.04°. The resulting particle populations were then subjected 577 

sequentially to Global CTF Refinement and Local CTF Refinement. A final round of Non-578 

Uniform Refinement was performed to generate the reported reconstructions. The original 579 

study30 reported reconstructions of ApoF at 2.52 Å using 101,354 particles, β-galactosidase 580 

at 3.09 Å using 5,696 particles, PP7 at 3.40 Å using 2,351 particles and TMV at 2.85 Å 581 

using 4,972 particles. 582 

 583 

Cryo-EM data from a Chaetomium thermophilum native cell extract. This dataset 584 

(EMPIAR-10892)12 comprises 2,808 movies. The movies were processed in cryoSPARC25 585 

using Patch Motion Correction and Patch CTF Estimation. A total of 1,846,404 particles 586 

were picked using Blob Picker and extracted from all micrographs with a box size of 320 587 

pixels. Several rounds of 2D classification and template-based picking yielded 77,316 588 

particles for heterogeneous reconstruction. These particles were Fourier-cropped to a box 589 

size of 128 pixels for classification with CryoDECO. Following classification, particles 590 

from each recovered population were mapped back to their original 320-pixel box size for 591 

Langtaosha (LTS) Preprint doi: https://doi.org/10.65215/LTSpreprints.2025.12.30.000075. This version posted November 3, 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



 Yan et al 
 

28 
 
 

high-resolution reconstruction in cryoSPARC. An initial round of Non-Uniform 592 

Refinement was followed by Reference-Based Motion Correction and a second round of 593 

Non-Uniform Refinement. Global CTF Refinement and Local CTF Refinement were then 594 

performed sequentially, followed by a final round of Non-Uniform Refinement to generate 595 

the reported reconstructions. 596 

 597 

Cryo-EM data of tri-snRNP. This dataset (EMPIAR-10073)32 consists of 138,899 598 

particles of the U4/U6.U5 tri-snRNP (tri-small nuclear ribonucleoprotein) complex from 599 

Saccharomyces cerevisiae. We analyzed the 138,899-particle cleaned subset derived from 600 

EMPIAR-10073. Particles were downsampled to a 128-pixel box size before analysis. 601 

 602 

Cryo-EM data of 𝜶𝑽𝜷𝟖 integrin. This dataset (EMPIAR-10345)42 consists of 84,266 603 

particles of the 𝛼𝑉𝛽8 integrin complex. These particles, selected after 2D classification, 604 

were downsampled to a 128-pixel box size. 605 

 606 

CryoDRGN-AI Analysis.  607 

CryoDRGN-AI27 was used as a benchmark method for comparison with CryoDECO. 608 

Instead of using traditional encoder for feature extraction, CryoDRGN-AI employs a look-609 

up table to directly learn a latent vector for each particle image. In our experiments, we 610 

followed the official guidelines provided in the CryoDRGN-AI repository 611 

(https://github.com/ml-struct-bio/drgnai) to set up and run the experiments. All 612 

hyperparameters were set to their default values unless specified otherwise. 613 

 614 
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Computational Resources.  615 

All particles were downsampled to a 128-pixel box size prior to training. Experiments were 616 

conducted using NVIDIA A40 (48 GB memory) and NVIDIA A100 (80 GB memory) 617 

GPUs. Approximated training times for CryoDECO for each dataset were as follows: 618 

CryoBench (100,000 particles; IgG-1D, IgG-RL, Tomotwin-100): ~13 hours on 2x 619 

NVIDIA A40 GPUs. CryoBench (335,240 particles; Ribosembly): ~39 hours on 2x 620 

NVIDIA A40 GPUs. EM Ladder (117,530 particles; EMPIAR-11693): ~14 hours on 2x 621 

NVIDIA A40 GPUs. C. thermophilum (77,316 particles; EMPIAR-10892): ~9 hours on 2x 622 

NVIDIA A40 GPUs. 623 

 624 

Data availability.  625 

The raw micrographs are available in the Electron Microscopy Public Image Archive 626 

https://www.ebi.ac.uk/empiar/ under accession code EMPIAR-11693, EMPIAR-10892, 627 

EMPIAR-10073 and EMPIAR-10345. The IgG-1D and IgG-RL datasets from CryoBench 628 

are available at https://zenodo.org/records/11629428, and the Ribosembly and Tomotwin-629 

100 datasets from CryoBench are available at https://zenodo.org/records/12528292. 630 

 631 

Code availability.  632 

The CryoDECO source code and pretrained DECO-IEF weights are available at 633 

https://github.com/yanyang1998/CryoDECO. 634 
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Figures 758 

759 

Fig. 1 | Overview of the CryoDECO framework and automated heterogeneity 760 

decomposition. (a) Prior-guided encoder–decoder architecture. DECO-IEF extracts particle 761 

features, the adaptive structural-z gate controls decoder-visible latent capacity, and the 762 

AdaLN-conditioned neural-field decoder reconstructs Hartley-domain structures while 763 

particle poses are optimized. (b) Adaptive structural-z gate training proceeds through warm-764 

up initialization, soft-gate learning, high-gate locking and low-gate pruning, yielding a 765 

dataset-adaptive active capacity Dact within the nominal budget Dcap. (c) Workflow for 766 

compositional decomposition, illustrated using the resampled four-structure Ribosembly 767 

subset described in Methods. DECO-IEF provides an initially structured representation that 768 

CryoDECO reorganizes into particle populations. The k-estimator selects an effective 769 

embedding-space partition count through coarse-to-fine GMM–BIC analysis, followed by 770 

clustering and population-specific reconstruction. 771 
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772 

Fig. 2 | CryoDECO separates simulated and experimental compositional mixtures. (a) 773 

The 16 ground-truth structures in Ribosembly. (b) UMAP projections of Ribosembly 774 

particle representations learned by CryoDRGN-AI and CryoDECO, colored by ground-775 

truth structure. (c) Top-1 k-NN accuracy during training on Ribosembly. (d) Representative 776 

structures from Tomotwin-100. (e) UMAP projections for Tomotwin-100, colored by 777 

ground-truth structure. (f) Top-1 k-NN accuracy during training on Tomotwin-100. In b and 778 

e, CryoDRGN-AI uses fixed z = 32; adaptive CryoDECO retains Dact = 17 and 64 for 779 

Ribosembly and Tomotwin-100, respectively. In c and f, orange curves show adaptive 780 

CryoDECO and blue dashed curves summarize CryoDRGN-AI across fixed z values of 4, 781 

16, 32, 64 and 128. (g,i) UMAP projections of CryoDECO representations for the EM 782 
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ladder mixture (g) and C. thermophilum native extract (i). Colors identify GMM-assigned 783 

populations, and inset structures are decoder-generated maps at representative cluster 784 

positions. (h,j) Final cryoSPARC reconstructions from the corresponding populations in g 785 

and i. Particle counts, nominal resolutions and refinement symmetries are indicated in the 786 

panels. Two-dimensional class averages are shown in Extended Data Fig. 3, and 787 

CryoDRGN-AI comparisons in Extended Data Fig. 2. I, icosahedral; O, octahedral; D2 and 788 

D3, dihedral; C1, no imposed symmetry; Helix, helical refinement. 789 
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Fig. 3 | CryoDECO captures conformational variation and local density differences. 791 

(a,d) Conformational variability in IgG-1D (a), generated by rotation of a Fab-domain 792 

dihedral angle, and IgG-RL (d), generated by randomizing a linker region. Both CryoBench 793 

datasets contain 100 conformations with 1,000 particles per conformation at SNR = 0.01. 794 

(b) UMAP projections for IgG-1D, colored by rotation angle. (e) UMAP projections for 795 

IgG-RL, colored by the conformational variables indicated: dihedral angle (CV1) and 796 

center-of-mass distance (CV2). CryoDRGN-AI representations are shown on the left and 797 

CryoDECO representations on the right. CryoDRGN-AI uses fixed z = 4 for IgG-1D and z 798 

= 16 for IgG-RL; adaptive CryoDECO retains Dact = 4 and 30, respectively. (c,f) Top-1 k-799 

NN accuracy during training for IgG-1D (c) and IgG-RL (f). Orange curves show adaptive 800 

CryoDECO; blue dashed curves summarize CryoDRGN-AI across fixed z values of 4, 16, 801 

32, 64 and 128. (g,i) PCA projections of tri-snRNP representations. Red dashed ellipses 802 

mark regions designated State 1 (g) and State 2 (i). Marginal histograms show particle 803 

distributions along PC1 and PC2. Three representative positions per region are labeled 0–2. 804 

(h,j) Decoder-generated maps at those positions for State 1 (h) and State 2 (j), shown in 805 

gray, cyan and magenta. Maps 1 and 2 are superimposed on map 0 to show head rotation. 806 

Red dashed circles identify the head-adjacent density retained in State 1 and depleted in 807 

State 2. Three-dimensional visualizations were generated with ChimeraX43. 808 
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Extended Data Figures and Tables 809 

 810 
Extended Data Fig. 1 | Dependence of representation quality on latent capacity. 811 

CryoDECO and CryoDRGN-AI were evaluated at fixed particle-feature dimensions z = 4, 812 

16, 32, 64 and 128 on Ribosembly, Tomotwin-100, IgG-1D and IgG-RL. (a) Top-1 k-NN 813 

accuracy as a function of fixed latent dimensionality. (b) Top-1 k-NN accuracy over 814 

training epochs for the displayed latent-capacity settings, including adaptive CryoDECO 815 

with a nominal latent budget of 64 (bold red curves). (c) Model, line-style and latent-816 

dimensionality encodings used in a and b. Red denotes CryoDECO and blue denotes 817 

CryoDRGN-AI. 818 

a

b

c
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 819 
Extended Data Fig. 2 | CryoDRGN-AI analysis of experimental compositional 820 

mixtures. (a,c) UMAP projections of particle representations for the EM ladder mixture (a) 821 

and C. thermophilum native extract (c), with GMM-assigned populations shown in 822 

different colors. Insets show decoder-generated maps at representative cluster positions. 823 

(b,d) Reconstructions obtained from the corresponding particle populations after 824 

downstream processing in cryoSPARC. Particle counts, nominal resolutions and refinement 825 

symmetries are indicated in the panels. (e,f) Two-dimensional class averages for the EM 826 

ladder populations (e) and native-extract populations (f).  827 
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 828 
Extended Data Fig. 3 | Two-dimensional class averages of CryoDECO-separated 829 

particle populations. (a) Class averages for the four populations from the EM ladder 830 

mixture shown in Fig. 2. (b) Class averages for the four populations from the C. 831 

thermophilum native extract shown in Fig. 2.  832 
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 833 
Extended Data Fig. 4 | Analysis of the continuous conformational heterogeneity of 834 

αVβ8 integrin. (a) PCA visualization of the feature space for αVβ8 integrin. Three points 835 

were selected along PC1 to represent distinct conformations (gray, cyan and violet). (b) 836 

Reconstructions from the selected data points, color-coded by state. Superimposed 837 

structures illustrate the sequential conformational change. All three-dimensional 838 

visualizations were generated with ChimeraX. 839 
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 840 
Extended Data Fig. 5 | Adaptive coarse-to-fine estimation of the effective embedding-841 

space partition count. The k-estimator first identifies a coarse partition count kcoarse by 842 

adaptively evaluating sampled candidate values with GMM–BIC scoring and L-method 843 

elbow detection. The search range is expanded when substantial post-elbow BIC 844 

improvement remains, whereas a sustained terminal rebound indicates that the BIC 845 

minimum has been passed. The resulting kcoarse is then refined within an integer-spaced 846 

local window to obtain krefine. A conditional split check is applied when the coarse and 847 

refined estimates disagree, yielding the final estimate kfinal. 848 
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Extended Data Table 1 | Summary of Expanded Data Downloaded from EMPIAR for 849 

DECO-IEF Pre-training. 850 

EMPIAR ID 851 

10038 10153 10181 10193 10203 10249 10257 10258 10261 10264 
10281 10285 10288 10290 10299 10314 10317 10332 10334 10335 
10342 10344 10350 10352 10360 10362 10379 10380 10391 10399 
10400 10407 10420 10422 10423 10425 10429 10433 10437 10438 
10439 10443 10470 10477 10485 10486 10487 10495 10503 10507 
10518 10521 10522 10530 10536 10540 10543 10544 10547 10549 
10552 10557 10561 10573 10574 10575 10577 10580 10581 10582 
10584 10594 10595 10596 10597 10599 10600 10604 10605 10611 
10626 10628 10629 10630 10642 10652 10654 10656 10657 10661 
10663 10666 10667 10682 10684 10695 10706 10707 10714 10716 
10721 10726 10728 10752 10758 10759 10763 10777 10778 10793 
10803 10808 10810 10811 10833 10834 10837 10842 10846 10850 
10854 10855 10856 10858 10863 10864 10866 10877 10878 10880 
10893 10894 10902 10909 10910 10915 10919 10927 10931 10932 
10941 10942 10945 10951 10952 10964 10965 10966 10974 10975 
10977 10978 10979 10984 10990 11006 11007 11008 11012 11021 
11022 11028 11030 11031 11033 11036 11046 11047 11048 11049 
11052 11053 11059 11071 11072 11073 11075 11076 11079 11080 
11081 11091 11099 11110 11124 11127 11128 11132 11133 11134 
11135 11137 11138 11143 11158 11171 11176 11177 11178 11179 
11180 11182 11184 11185 11191 11192 11193 11194 11197 11218 
11223 11224 11225 11227 11229 11231 11232 11234 11235 11241 
11242 11251 11255 11256 11266 11268 11279 11295 11298 11304 
11305 11307 11308 11313 11326 11328 11329 11330 11331 11333 
11334 11335 11336 11337 11340 11341 11348 11352 11355 11364 
11373 11374 11378 11382 11389 11390 11409 11441 11492 11512 
11513 11524 11536 11559 11560 11568 11600 11604 11608 11624 
11642 11645 11648 11654 11655 11656 11662 11663 11689 11697 
11708 11713 11719 11725 11726 11727 11728 11760 11761 11780 
11782 11786 11792 11797 11804 11810 11824 11859 11868 11887 
11894 11900 11915 11916 12023 12024 12112 12146   
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Extended Data Table 2 | Effects of latent particle feature dimensionality on k-NN 852 

classification accuracy 853 

Dataset  Latent dimension Top-1 k-NN Top-10 k-NN 

Tomotwin-100 
Fixed z 

4 43.203 69.145 
16 84.274 96.087 
32 93.629 98.865 
64 96.276 99.456 
128 97.955 99.663 

Adaptive z* 𝐷!"# =64 96.213 99.459 

Ribosembly 
Fixed z 

4 95.850 99.781 
16 97.469 99.844 
32 97.556 99.788 
64 97.481 99.819 
128 96.681 99.775 

Adaptive z* 𝐷!"# = 17  97.231 99.788 

IgG-1D 
Fixed z 

4 45.288 91.854 
16 36.352 92.954 
32 27.642 89.573 
64 23.400 85.182 
128 20.101 80.441 

Adaptive z* 𝐷!"# =4 45.149 92.321 

IgG-RL 
Fixed z 

4 26.931 62.493 
16 63.114 93.856 
32 71.715 96.757 
64 73.761 97.409 
128 73.654 97.561 

Adaptive z* 𝐷!"# =30 72.604 96.860 
* For fixed-dimensional runs, latent dimension denotes the predefined latent size z; for 854 

adaptive runs, it denotes the number of active dimensions 𝐷503 after gate locking. All 855 

adaptive runs were initialized with a nominal capacity 𝐷05> = 64. 856 
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Extended Data Table 3 | Clustering accuracy on compositional heterogeneity 857 

benchmarks 858 

Method 
Ribosembly Tomotwin-100 

ARI AMI ARI AMI 

With prior 
poses† 

CryoDRGN18 0.873 0.935 0.956 0.983 
CryoDRGN-AI-fixed27 0.624 0.771 0.791 0.906 

Opus-DSD21 0.891 0.934 0.500 0.781 
3DVA17 0.666 0.823 0.058 0.335 

RECOVAR22 0.968 0.976 0.315 0.649 
CryoDECO 0.984 0.979 0.999 0.999 

ab initio‡ 
CryoDRGN226 0.529 0.618 0.116 0.374 

CryoDRGN-AI27 0.644 0.729 0.086 0.275 
CryoDECO 0.928 0.935 0.647 0.871 

† Reconstruction with fixed (ground truth) poses. 859 

‡ ab initio reconstruction where no input poses are provided. 860 

* Results from CryoBench paper28. 861 
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Extended Data Table 4 | Stage-wise estimates of the effective-partition-count estimator 862 

(k-estimator) 863 

Dataset Nominal 𝒌 𝒌𝒄𝒐𝒂𝒓𝒔𝒆 𝒌𝒓𝒆𝒇𝒊𝒏𝒆 𝒌𝒇𝒊𝒏𝒂𝒍 

EMPIAR-10892 4 4 3 4 

EMPIAR-11693 4 4 4 4 

Ribosembly 16 20 18 18 

Tomotwin-100 100 116 114 114 

* The effective embedding-space partition count was estimated under the default 864 

configuration, with a coarse step size 4 and an initial search upper bound 20. 𝑘015468: the 865 

estimate obtained from the adaptive coarse search. 𝑘48W.28: the estimate after integer-866 

spaced local refinement. 𝑘W.25R: the final estimate after the conditional hierarchical split 867 

check. The nominal partition count 𝑘 is shown for reference. 868 
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