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ABSTRACT 18 

Translating cryo-electron microscopy (cryo-EM) density maps into accurate atomic models requires 19 
refinement that maximizes map–model agreement and stereochemical validity, yet current workflows 20 
often remain laborious and expert-dependent. Here we introduce CryoNet.Refine, a physics-informed 21 
deep learning method that couples an AlphaFold 3-derived coordinate update module with a fully 22 
differentiable composite loss for fully automated atomic model refinement. We assess performance 23 
using a composite quality score (CS-score) integrating density-fit and geometry metrics. Across 24 
benchmarks spanning 225 AlphaFold 3–predicted starting models and 675 PDB-deposited structures of 25 
two deposition eras, CryoNet.Refine consistently outperforms Phenix.real_space_refine. On unrefined 26 
predicted models, CryoNet.Refine raises the mean CS-score from 0.64 to 0.91—versus 0.72 for 27 
Phenix.real_space_refine. On PDB-deposited structures—including post-2018 entries already 28 
optimized by Phenix.real_space_refine and expert manual correction—CryoNet.Refine achieves higher 29 
CS-scores in 90.9% of cases. Strikingly, it lowers the mean MolProbity score from 1.84 to 1.36, whereas 30 
Phenix.real_space_refine increases it to 2.02. Half-map cross-validation confirms that these gains 31 
reflect genuine structural signal rather than overfitting. CryoNet.Refine is available as open-source 32 
software and a web server to support reproducible, high-throughput cryo-EM refinement. 33 

 34 
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INTRODUCTION 35 

Cryo-electron microscopy (cryo-EM) now routinely delivers three-dimensional density maps of 36 
macromolecular structures at near-atomic resolution1-3. However, translating a three-dimensional 37 
reconstructed density map into a stereochemically accurate atomic model remains a major 38 
bottleneck4-9. A critical step in this pipeline is model refinement. Fundamentally, refinement aims to 39 
adjust the atomic coordinates of an initially built model to maximize its fit to the experimental map 40 
while strictly adhering to stereochemical and geometric constraints10-12. 41 

Existing refinement tools combine map-model fitting with stereochemical restraints and 42 

empirical force fields. For instance, real-space refinement engines (e.g., Phenix.real_space_refine10) 43 

optimize model coordinates under geometric restraints, and are often followed by manual inspection 44 

and correction in interactive tools (e.g., Coot13, ISOLDE14). More comprehensive energy-function 45 

approaches (e.g., Rosetta-based refinement15) can further improve models but often require case-46 

specific weighting and careful tuning. While these methods are highly effective, performance can 47 

depend on resolution, starting model quality, and the selection of refinement weights; fully automated 48 

refinement remains challenging. 49 

While artificial intelligence has profoundly accelerated upstream steps of cryo-EM structure 50 

determination—such as automated particle picking16,17, map reconstruction18 and enhancement19,20, 51 

and de novo model building4,5,21-24—its potential for directly refining atomic coordinates has 52 

remained largely untapped. This gap stems primarily from the challenges of purely data-driven neural 53 

networks to enforce complex stereochemical rules. To overcome this limitation, computational 54 

strategies must move beyond pure pattern recognition and integrate physical laws into the learning 55 

process. Recent advances in physics-informed deep learning—popularized by physics-informed 56 

neural networks (PINNs)25-27—however, demonstrate exactly this: by embedding physical equations 57 

directly into neural network loss functions, models are forced to generate outputs that strictly adhere 58 

to real-world physical constraints. In structural biology, modern structure prediction systems have 59 

already begun to incorporate such physical and geometric reasoning to produce stereochemically 60 

consistent models (e.g., AlphaFold228, RoseTTAFold29). More recently, these architectures have 61 

evolved into highly capable structure generators, leveraging learned structural priors to construct 62 

accurate 3D coordinates30-34, establishing the necessary foundation for automated, AI-driven 63 

refinement. 64 

Here we introduce CryoNet.Refine, a physics-informed deep learning approach for cryo-EM 65 

atomic model refinement, coupling (i) a coordinate update module—repurposed from the AlphaFold 66 

335 diffusion module architecture—to predict atomic coordinate updates based on diffusion-trained 67 

structural priors, with (ii) a fully differentiable density generator that synthesizes density maps from 68 
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atomic coordinates, enabling direct optimization of map–model agreement, and (iii) a composite 69 

differentiable loss that enforces both experimental density fit as well as stereochemistry penalties 70 

that constrain bonds, angles, torsions, and steric clashes. Through extensive benchmarks on a dataset 71 

of AlphaFold 3‑predicted starting models (225 structures), as well as datasets totaling 675 PDB-72 

deposited structures (pre-2018: 325; post-2018: 350), we demonstrate that CryoNet.Refine 73 

consistently outperforms traditional methods in both map-model correlation and geometric quality. 74 

By successfully merging experimental data restraints with neural network-based optimization, 75 

CryoNet.Refine establishes a highly effective system for cryo-EM structure model refinement. 76 

 77 

RESULTS 78 

CryoNet.Refine architecture and loss function 79 

CryoNet.Refine performs cryo-EM atomic model refinement using a physics-informed neural 80 

network that predicts coordinate updates, evaluated by a composite differentiable objective that 81 

measures both map–model agreement and stereochemical validity (Fig. 1A). The framework takes 82 

as input an experimental cryo‑EM density map, an initial atomic model (derived from de novo model 83 

building or structure prediction), and the corresponding amino acid sequence. A coordinate encoder 84 

extracts pairwise geometric features from the input model, while a sequence embedder integrates 85 

residue identities with their corresponding local reference conformer geometries into an initial 86 

sequence representation. These representations are then fed into a coordinate update module that 87 

predicts refined coordinates. Rather than learning these complex spatial and chemical representations 88 

from scratch, CryoNet.Refine leverages the deep structural priors embedded in Boltz-236 (an open-89 

source reimplementation of the AlphaFold 3 architecture35) to initialize these core components. 90 

Crucially, we repurpose this architecture from a conventional structure prediction pipeline into a 91 

refinement engine that predicts structural updates to be evaluated against the density map, generating 92 

gradients that directly optimize the network's weights.  93 

          To enable this gradient-based evaluation—specifically, to translate discrete atomic coordinates 94 
into a format directly comparable to the experimental cryo-EM volume—we introduce a fully 95 
differentiable density generator. Following the molmap algorithm in ChimeraX37,38, the generator 96 
constructs a synthetic density map by placing Gaussian kernels at each atom position, with the kernel 97 
width scaled according to the map resolution. The density contributions from all atoms are 98 
accumulated via summation at each grid point, yielding a smooth, continuous 3D volume. We 99 
implement this module using the autograd function39, which explicitly defines the gradient flow from 100 
each output voxel back to the input atomic coordinates. This ensures that every step—from Gaussian 101 
kernel placement to grid sampling and intensity accumulation—is fully differentiable. Finally, the 102 
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synthetic map is then compared with the experimental map via a density loss:  103 

ℒ!"# = 1 − 𝐶𝐶 104 

where 𝐶𝐶 denotes the cosine similarity computed over the overlapping region.  105 

           To ensure stereochemical realism, we design a set of differentiable geometry penalties 106 

regarding: bond angles and lengths RMSD (ℒangle, ℒbond), steric clash penalties (ℒnon_bond, ℒclash), Cβ 107 

deviations (ℒC$), Ramachandran backbone outliers (ℒrama), Z-scores (ℒramaz), and side-chain rotamer 108 

outliers (ℒrot). Together, these terms form a composite objective:  109 

ℒ = γdenℒden + γangleℒangle + γbondℒbond + γnon_bondedℒnon_bonded + γclashℒclash + γ%!ℒ%! 110 

+γramaℒrama + γramazℒramaz + γrotℒrot 111 

By minimizing this composite loss, gradients are backpropagated through the density generator and 112 
into the coordinate update module, teaching it to generate coordinate updates that simultaneously 113 
optimize map–model agreement and stereochemistry. 114 

Training and inference of CryoNet.Refine 115 

As mentioned above, we initialized CryoNet.Refine with weights from the Boltz‑2 model. We then 116 
trained it on a large corpus of 5,061 pairs of atomic models and density maps (i.e., model-map pairs), 117 
each consisting of an experimental map from EMDB40 and a corresponding atomic model from the 118 
AlphaFold Database41 (AFDB). Pairs passing a 𝐶𝐶&'() ≥ 0.2 threshold were retained, ensuring 119 
minimum map-model correspondence while preserving diversity in resolution, molecular size, and 120 
conformation. The use of AlphaFold Database models—rather than manually refined PDB 121 
deposits42—was deliberate: these models contain various types of structural inaccuracies (such as 122 
locally misaligned backbones or unoptimized side-chain conformations) typical of unrefined 123 
computational predictions, providing training examples that resemble the inputs encountered at 124 
inference time. 125 

           During training, the sequence embedder, coordinate encoder, and pairformer module were 126 
kept frozen, and only the coordinate update module was updated. Each training sample was cropped 127 
to a maximum of 1,000 residues and processed through 10 recycle iterations (Fig. 1A, green dashed 128 
line). At each iteration, the coordinate update module generated a structural update, which was 129 
immediately evaluated by the composite objective to compute the loss and backpropagate the 130 
gradient signal. Training was performed for 100 epochs with a constant learning rate of 1.8 × 10*+ 131 
and all loss weights fixed throughout training. 132 

           At inference, CryoNet.Refine performs test-time, in-depth optimization on an input model-133 
map pair, mirroring the training loop but deeply adapting the module through up to 300 recycle 134 
iterations—or until convergence. This extension from training (10 recycle iterations) to inference (up 135 
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to 300 recycle iterations) reflects the design: because each recycle step is conditioned only on the 136 
current coordinates, the training of the coordinate update module generalizes to longer trajectories to 137 
maximize adaptation to the input model. Finally, we observed that map-model correlation 138 
coefficients typically plateau within 50–100 recycle iterations (Fig. S1C), at which point early 139 
stopping terminates refinement.  140 

Evaluation framework 141 

We assessed refinement quality along two complementary axes: map-model correlation and 142 

stereochemical validity. For map-model agreement, we adopted the Q-score43 as the primary density-143 

fit metric to evaluate how well the density around each atom matches an expected Gaussian shape, 144 

with higher scores indicating better atomic resolvability. We note that, among the 20,568 deposited 145 

EMDB models (resolution ≤ 10 Å), 88.9% exceed the resolution-dependent Q_low_95% threshold 146 

(Fig. S2B), establishing a statistical reference for map–model consistency. We also computed six 147 

map–model correlation coefficients (CCmask, CCbox, CCvolume, CCpeaks, CCmc, and CCsc) to quantify 148 

the overall and local volume overlap between the experimental and model-simulated maps.  149 

For stereochemical validity, we evaluated twelve standard geometry metrics—covering 150 
Ramachandran statistics, rotamer preferences, clash score, Cβ deviations, and bond/angle/dihedral 151 
RMSDs—as well as the MolProbity score44 and the EMRinger score45. The MolProbity score is a 152 
composite metric that integrates clash, Ramachandran, and rotamer statistics into a single geometry 153 
summary, where a lower score reflects better overall physical realism. Meanwhile, the EMRinger 154 
score tests whether side-chain dihedral angles are corroborated by the experimental density. A higher 155 
EMRinger score (typically above 1.0) indicates that the modeled side-chains are in valid rotamer 156 
states and are accurate relative to the experimental data, providing a residue-level bridge between 157 
stereochemical and map-fit assessment. 158 

To integrate both axes into a single measure, we introduce the Cryo-EM‑Structure Score 159 
(CS‑score), defined as the fraction of 16 indicators that satisfy their corresponding acceptance criteria. 160 
These comprise seven density‑based metrics (the Q‑score and the six correlation coefficients46) and 161 
nine geometry‑based metrics (Ramachandran statistics, rotamer preferences, Cβ deviations, 162 
bond/angle RMSDs, and clash score). To establish a baseline for interpretation, we calculated the 163 
CS-score for 20,568 deposited map–model pairs from the EMDB. The mean CS-score across this 164 
large-scale reference set is 0.769 (resolution ≤ 10 Å), and notably, this value remains largely stable 165 
across resolutions (Fig. S2A), indicating that this composite metric captures intrinsic model quality 166 
independent of map resolvability. The CS-score thus provides a single, interpretable measure of 167 
whether an atomic model simultaneously fits the experimental density and maintains expected 168 
stereochemistry. 169 

CryoNet.Refine refines AlphaFold 3-predicted starting models  170 
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To benchmark CryoNet.Refine, we assembled a dataset of 225 cryo‑EM targets (with structure 171 
models) spanning resolutions from 1.8 to 8.0 Å, encompassing both protein and protein-DNA/RNA 172 
structures (Fig. S2C, D). Initial models were generated using AlphaFold 3 and aligned to the 173 
deposited PDB models using the matchmaker tool in UCSF ChimeraX, and subsequently refined 174 
with either Phenix.real_space_refine (default settings) or CryoNet.Refine. Overall, both tools 175 
effectively improved the unrefined starting models: CryoNet.Refine raised the mean CS‑score from 176 
0.64 (AlphaFold 3 starting models) to 0.91, representing a 42.2% improvement, compared with only 177 
12.5% for Phenix.real_space_refine (mean CS-score of 0.72, Fig. 2A). Specifically, CryoNet.Refine 178 
outperformed Phenix.real_space_refine in the vast majority of cases (215 out of 225, or 95.6%). 179 

CryoNet.Refine substantially improved map-model agreement across all evaluated metrics, 180 
including both the Q-score and all six map–model correlation metrics. Specifically, it raised the Q-181 
score pass rate (the fraction of refined models exceeding the Q_low_95% threshold) from 27.5% 182 
(initial models) to 92.4%, substantially higher than Phenix.real_space_refine (64.9%) (Fig. 2B), with 183 
the mean Q-score rising from 0.21 to 0.40 (vs. 0.33 for Phenix.real_space_refine) (Fig. 2C). 184 
CryoNet.Refine also improved all six map–model correlation metrics, achieving higher means and 185 
narrower interquartile ranges (Fig. 2C); for example, it increased the mean 𝐶𝐶&'() from 0.35 to 0.61 186 
(vs. 0.50 for Phenix.real_space_refine) (Fig. 2C).  187 

Critically, these gains in density fit were accompanied by improvements in stereochemical 188 
quality across nine of twelve geometry metrics (Fig. 2D, S2E). For example, the mean MolProbity 189 
score decreased from 1.71 to 1.42 (vs. 1.78 for Phenix.real_space_refine). The simultaneous 190 
improvement in both density fit and geometry indicates that CryoNet.Refine effectively balances 191 
these objectives, as reflected in the significantly higher overall CS-scores.  192 

           The broad applicability of CryoNet.Refine is illustrated by representative cases spanning 193 
diverse molecular types and resolution regimes (Fig. 3). For protein structure, represented by the 194 
human CNT3 transporter47 (EMD‑0775, 3.60 Å, protein trimer, Fig. 3A), CryoNet.Refine achieved a 195 
CS-score of 1.00 (vs. 0.81 for Phenix.real_space_refine) (Fig. 3A). For nucleic-acid‑containing 196 
structures, CryoNet.Refine attained CS-scores of 1.0 on both the Precleavage Cre tetrameric48 197 
(EMD‑24470, 3.23 Å, protein–DNA, Fig. 3B) and the HIV-1 RT IC core-EFV complex49 198 
(EMD‑22900, 2.90 Å, protein–RNA, Fig. 3C), compared with 0.81 and 0.94 for 199 
Phenix.real_space_refine, respectively. On cryo‑ET data—exemplified by the mature RSV CA 200 
pentamer50 (EMD‑12488, 5.80 Å, cryo‑ET, Fig. 3D)—CryoNet.Refine again outperformed 201 
Phenix.real_space_refine (CS-score: 1.00 vs. 0.56).  It is worth noting that CryoNet.Refine achieves 202 
superior agreement with the density map at both the main-chain and side-chain levels (Fig. 3A-C 203 
insets). Additional examples are provided in Fig. S3, consistently demonstrating CryoNet.Refine’s 204 
superiority in both map-model correlation and stereochemical quality. Together, these results 205 
establish CryoNet.Refine as a robust and generalizable refinement method that consistently 206 
outperforms current approaches across the full spectrum of cryo‑EM and cryo‑ET applications. 207 
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CryoNet.Refine improves expert‑refined PDB‑deposited models 208 

To complement the preceding benchmark on unrefined models, we next evaluated CryoNet.Refine 209 
on PDB‑deposited structures that had already undergone expert refinement and manual adjustment. 210 
Re‑refining such models with a fully automated pipeline constitutes a considerably harder test, as 211 
these structures were carefully optimized by structural biology experts, leaving limited room for 212 
further improvement. Following the validation strategy proposed for Phenix.real_space_refine, we 213 
designed two complementary benchmarks spanning different deposition eras.  214 

Benchmarking on pre-2018 PDB deposits. 215 

We assembled a set of 325 experimental cryo-EM structures (resolutions 1.8–6.0 Å) deposited 216 
in the PDB before 2018, following the curation criteria of the original Phenix.real_space_refine study 217 
(Fig. S4A). Because these structures predate the widespread adoption of Phenix.real_space_refine, 218 
many were refined with earlier‑generation tools, providing a baseline against which both methods 219 
can be fairly compared. Overall, both tools improved the deposited models: CryoNet.Refine raised 220 
the mean CS-score from 0.74 (original PDB deposits) to 0.90, whereas Phenix.real_space_refine 221 
achieved a mean CS-score of 0.80 (Fig. 4A). Specifically, CryoNet.Refine outperformed 222 
Phenix.real_space_refine in the majority of cases (252 out of 325, or 77.5%).  223 

CryoNet.Refine maintained or improved map-model agreement across the evaluated density 224 

metrics. Specifically, it achieved a mean Q-score of 0.42, performing on par with 225 

Phenix.real_space_refine (0.42) and improving upon the original PDB deposits (0.40) (Fig. 4B). 226 

Similarly, map-model correlation metrics confirmed marginal but positive gains; for example, the 227 

mean 𝐶𝐶&'() rose to 0.68 (vs. 0.67 for Phenix.real_space_refine and 0.65 for the original deposits).  228 

Importantly, this competitive density fit was accompanied by substantial improvements in 229 

stereochemical quality (Fig. 4D). The mean MolProbity score decreased to 1.61, substantially 230 

outperforming both Phenix.real_space_refine (2.19) and the original expert-curated PDB deposits 231 

(2.31). Furthermore, CryoNet.Refine achieved a clash score of 9.19, dropping by over 40% compared 232 

with the original deposits (20.69) and markedly outperforming Phenix.real_space_refine (15.62). 233 

Full metric comparisons are provided in Fig. 4B-D and Fig. S4B.  234 

Benchmarking on post-2018 PDB deposits. 235 

We further assembled a second set of 350 structures (resolution 1.8–6.0 Å) deposited between 236 

2018 and 2026 (Fig. S4C). This benchmark is particularly demanding, as many of these structures 237 

were likely refined with Phenix.real_space_refine and subsequently polished through expert manual 238 

intervention.  Overall, CryoNet.Refine raised the mean CS-score from 0.84 (original expert-curated 239 

PDB deposits) to 0.93, representing a 10.7% improvement, whereas Phenix.real_space_refine 240 

reduced it to 0.80, corresponding to a 4.8% decline (Fig. 4E). This notable decline in 241 
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Phenix.real_space_refine performance is expected; we ran the tool in a fully automated manner, 242 

which inherently performs worse than the case-by-case parameter adjustment and follow-up manual 243 

model tuning typically employed during deposition. Specifically, CryoNet.Refine achieved higher 244 

CS-scores on 90.9% (318 out of 350) of the evaluated structures. 245 

CryoNet.Refine maintained high-fidelity map-model agreement across the evaluated density-fit 246 

metrics. Specifically, it achieved a mean Q-score of 0.48, matching the performance of 247 

Phenix.real_space_refine (0.48) and surpassing the original PDB deposits (0.46; Fig. 4F).  248 

As in the cases in the pre-2018 benchmark, CryoNet.Refine yielded pronounced improvements 249 

in stereochemical quality while maintaining this density fit. For example, the mean MolProbity score 250 

was reduced to 1.36, substantially outperforming both Phenix.real_space_refine (2.02) and the 251 

original PDB deposits (1.84) (Fig. 4H). Furthermore, CryoNet.Refine achieved a clash score of 6.41, 252 

outperforming the original deposits (10.24). Conversely, Phenix.real_space_refine exhibited a slight 253 

degradation in clash score (11.30). Full metric comparisons are provided in Fig. 4F-H and Fig. S4D. 254 

Together, these two benchmarks—spanning different deposition eras and refinement histories—255 

demonstrate that CryoNet.Refine consistently improves expert‑refined models in a fully automated 256 

fashion. 257 

CryoNet.Refine shows no overfitting in half‑map cross‑validation 258 

A key concern with any refinement method—particularly one employing a learned potential—is 259 

whether metric improvements reflect genuine gains or overfitting to reconstruction noise. To address 260 

this, we applied the standard cryo‑EM control of half‑map cross‑validation to 50 structures with 261 

independently reconstructed half-maps available in the EMDB (Fig. S4E). Specifically, we refined 262 

each model against the first half-map (“work map”) and then evaluated against the retained second 263 

half-map (“validation map”)—reasoning that a method prone to overfitting will show a clear gap 264 

between work‑map and validation‑map agreement, whereas one that captures genuine structural 265 

signal will perform comparably on both.  266 

We calculated the map-model correlation for each refined model against the work map and the 267 
unseen validation map. We found that the Pearson correlation coefficient between these two values 268 
approached 1.0 for both CryoNet.Refine and Phenix.real_space_refine across all 50 cases (Fig. S4F), 269 
indicating that the density‑fit improvements transfer almost entirely to unseen data and that 270 
CryoNet.Refine’s learned energy terms do not memorize map‑specific noise. Beyond density fit, we 271 
note that CryoNet.Refine's stereochemical advantages were fully retained, as expected. Models 272 
refined exclusively against the work map and subsequently evaluated on the validation map 273 
maintained substantially better geometry than those from Phenix.real_space_refine and the original 274 
deposits (Fig. S4G, H). In sum, CryoNet.Refine's improvements are genuine, achieved without 275 
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overfitting to noise, and persist when the model is evaluated against data it has never seen. 276 

CryoNet.Refine benefits from all loss components in ablation studies 277 

To dissect the contribution of each component in the CryoNet.Refine framework, we performed 278 

ablation experiments on a subset of 110 protein structures from the AlphaFold 3-predicted starting 279 

model benchmark dataset (Fig. S2D), removing individual loss terms one at a time. 280 

We observed that removing the density loss (𝛾,-. = 0)—the primary signal from experimental 281 
data—causes a dramatic collapse in map-model agreement, with mean reductions of 45–67% across 282 
correlation metrics (e.g., Q-score drops from 0.43 to 0.14, 𝐶𝐶&'() from 0.64 to 0.25) (Fig. 5A). 283 
Conversely, when assessing stereochemical quality, we observed an artificial "improvement" with 284 
the mean MolProbity score dropping from 1.36 to an idealized 0.91, and the mean clash score 285 
dropping from 8.47 to 1.81. This stark divergence occurs because, stripped of experimental restraints, 286 
the network over-optimizes for geometric priors at the expense of density-fit. Together, these paired 287 
observations confirm that while geometry losses ensure physical realism, the density loss is 288 
indispensable for guiding refinement toward map-model agreement.  289 

We also ablated the components of our geometry loss suite—encompassing clash, bond and 290 
angle, Ramachandran, rotamer, and Cβ deviation penalties—to evaluate their role in preventing 291 
structural overfitting (Fig. 5B and Fig. S5A, B). Across all geometric ablations, removing 292 
stereochemical restraints generally preserved or even artificially inflated map-model agreement, but 293 
at a severe cost to physical realism. For example, isolated ablation of both the clash and the non-294 
bonded loss resulted in severe atomic overlaps throughout the structure, driving the mean clash score 295 
from a baseline of 8.47 up to an unrealistic 121.60. The most striking degradation occurred upon 296 
removing the foundational bond and angle restraints, which triggered a catastrophic collapse in 297 
structural integrity (e.g., mean angle RMSD surging to 28.33°, bond RMSD to 0.80 Å, and clash 298 
score to 332.21, Fig. S5A, B). Ablating other specific terms (such as Ramachandran or rotamer losses) 299 
yielded corresponding targeted degradations in backbone and side-chain validity. 300 

Collectively, these geometric ablations demonstrate a clear algorithmic trade-off: without 301 
explicit stereochemical enforcement, the network exploits unconstrained degrees of freedom to 302 
overfit the experimental density map. This underscores that density optimization alone is insufficient, 303 
and a comprehensive suite of geometric priors is essential to maintain physically realistic atomic 304 
models.  305 

DISCUSSION 306 

CryoNet.Refine addresses a remaining bottleneck in cryo-EM structure determination: automated 307 

refinement that improves map–model agreement while preserving stereochemical correctness 308 

without extensive manual tuning. By casting atomic model refinement as a physics-informed, 309 
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differentiable, and unrolled optimization process, CryoNet.Refine refines models under the guidance 310 

of a composite loss encoding experimental density agreement and stereochemical validity. Across 311 

225 AlphaFold 3-predicted starting models and 675 expert-refined PDB deposits, CryoNet.Refine 312 

consistently outperforms Phenix.real_space_refine in both map-model correlation and geometric 313 

quality. Ultimately, by replacing iterative manual correction and optimization cycles with this deep 314 

learning framework, CryoNet.Refine effectively removes this bottleneck. We note that CryoBoltz51 315 

was recently developed for cryo-EM density-guided protein structure prediction. While highly 316 

effective for its intended goal, it is not specifically tailored for fine-grained model refinement. 317 

Nevertheless, because it does possess the capability to fit models with density maps, we performed 318 

a direct comparison to CryoNet.Refine. Notably, CryoBoltz successfully processed only 24 cases in 319 

our test set, and within this small subset, CryoNet.Refine achieved higher performance on both 320 

density fit and geometry metrics (Fig. S6A, B). We do not wish to overstate this performance 321 

difference, as it is expected and directly attributable to the distinct design objectives of the two 322 

frameworks. Ultimately, these tools are complementary: CryoNet.Refine serves as an ideal 323 

downstream optimizer for CryoBoltz predictions. 324 

The ability of CryoNet.Refine to improve upon post-2018 PDB deposits—structures already 325 

rigorously optimized in Phenix and polished by human experts—is highly significant. It 326 

demonstrates that the network's learned structural priors capture complex, high-dimensional 327 

stereochemical principles that elude both classical heuristics and manual human intuition. However, 328 

outperforming expert-curated models inherently raises a critical danger: the risk that the neural 329 

network might be "gaming" the metrics by overfitting to experimental noise or introducing 330 

chemically unrealistic micro-conformations to artificially satisfy the loss function. To rigorously 331 

check against this, we relied on half-map cross-validation. This analysis confirms that the observed 332 

gains reflect genuine structural signal rather than noise fitting, as evidenced by the lack of a 333 

systematic gap between work-map and validation-map agreement (Fig. S4F).  334 

Several conceptual insights emerge from this work. First, we demonstrate how pretrained 335 

generative models can be repurposed for constrained optimization in structural biology. Rather than 336 

using these networks for de novo prediction, CryoNet.Refine leverages their rich, learned structural 337 

priors to iteratively guide models into agreement with experimental restraints, effectively acting as a 338 

highly sophisticated regularizer. Beyond this architectural insight, the differentiable density 339 

generator and the suite of differentiable geometry penalties introduced here are not limited to 340 

refinement: they can serve as drop-in modules for any end-to-end differentiable pipeline in cryo-EM 341 

or protein structure prediction, as demonstrated by the incorporation of these geometry losses into 342 

the fine-tuning of Boltz-2-like models, which substantially improved their stereochemical validity 343 

(Fig. S5C, D).  344 
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Despite its strong performance, CryoNet.Refine has limitations that define its current scope. 345 

First, regarding its pulling range, CryoNet.Refine is designed to polish and optimize rather than 346 

perform structure prediction or modeling from scratch. Consequently, applying it to initial models 347 

with massive structural deviations from the target density will exceed its pulling range. Second, 348 

regarding molecular composition, while it accommodates standard amino acids and nucleic acids, it 349 

does not yet support small-molecule ligands or post-translational modifications (e.g., 350 

phosphorylation, glycosylation). Extending the coordinate encoder and the loss function to handle 351 

these diverse chemical entities remains an important direction for future work. Finally, regarding 352 

conformational and structural completeness, the current framework optimizes a single set of 353 

coordinates against a single consensus map. As a result, it does not explicitly model regions of 354 

conformational flexibility or partial occupancy, which can lead to suboptimal refinement in locally 355 

disordered regions where the density reflects a mixture of states. Furthermore, refinement 356 

performance may decrease for structures with many missing or unresolved residues, as incomplete 357 

backbone connectivity limits the effectiveness of density-guided geometric restraints.  358 

Taken together, CryoNet.Refine demonstrates that tightly coupling learned structural priors with 359 

experimental restraints through differentiable optimization can yield refinement quality surpassing 360 

expert-guided pipelines. Meanwhile, its modular components—the differentiable density generator 361 

and geometry loss suite—are readily transferable to other tasks in AI-driven structural biology. 362 

Looking ahead, because refinement proceeds in an automated way with no case-specific parameter 363 

tuning, the framework is well positioned to scale to the hundreds or thousands of independently 364 

reconstructed states generated by time-resolved or conformational-sorting experiments—where 365 

manual intervention per structure is impractical. More broadly, CryoNet.Refine establishes a 366 

foundation for cryo-EM to mature into an enterprise for high-throughput, high-accuracy structural 367 

determination—from single-particle analysis to the time-resolved and conformational frontiers. 368 

 369 
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All data used in this study are publicly available. The density maps are from EMDB 375 
(https://ftp.ebi.ac.uk/pub/databases/emdb/), the structural models are from PDB 376 
(https://www.wwpdb.org/ftp/pdb-ftp-sites) and AlphaFold structure database, 377 
(https://alphafold.ebi.ac.uk/). All the CryoNet.Refine refined models are available from figshare at 378 
https://doi.org/10.6084/m9.figshare.31883266. The source code is available at 379 
https://github.com/kuixu/cryonet.refine. The CryoNet.Refine web server is freely available for 380 
academic use at https://cryonet.ai/refine. 381 
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FIGURE LEGENDS 399 

Figure 1. Architecture of CryoNet.Refine. 400 

 401 

(A) Overview of the physics-informed framework integrating geometry priors with experimental 402 

density restraints. The pipeline accepts an initial atomic model and a target cryo-EM density map as 403 

input. Coordinate and sequence features are extracted via a coordinate encoder and a sequence 404 

embedder, respectively. These features are subsequently processed by a pairformer module to capture 405 

inter-residue dependencies. To preserve pre-trained knowledge, the weights of these three modules 406 

remain frozen (indicated by snowflake icons in the figure). A coordinate update module (trainable 407 

weights denoted by the flame icon) deterministically predicts refined atomic coordinates. To enable 408 

gradient-based optimization directly against experimental data, a differentiable density generator 409 

converts the refined atomic model into a synthetic density map for density loss computation. The 410 

framework undergoes instance-specific optimization guided by a composite objective function, 411 

which comprises a density loss and a suite of geometry losses. This process is performed iteratively 412 

via a recycling mechanism (green dashed line) until convergence. 413 

  414 
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Figure 2. Benchmarking on AlphaFold 3-predicted starting models. 415 

 416 

Evaluation was performed on 225 AlphaFold 3-predicted cryo-EM targets (1.8–8.0 Å), including 417 

protein and protein-nucleic acid structures. (A) CS-score comparisons of CryoNet.Refine against 418 

AlphaFold 3 starting models (rigidly aligned to corresponding PDB deposits via matchmaker; left, mean 419 

CS-score: 0.91 vs. 0.64) and those optimized by Phenix.real_space_refine (right, mean CS-score: 0.91 420 

vs. 0.72). Point sizes indicate structure frequency. (B) Q-score versus resolution. Dotted lines denote 421 

theoretical resolvability thresholds ( Q _peak, Q _high_95%, and Q _low_95%). CryoNet.Refine 422 

achieves a 92.4% pass rate (Q-score ≥ 𝑄_low_95%), representing a substantial improvement over 423 

AlphaFold 3 starting models (27.5%), and outperforming Phenix.real_space_refine (64.9%). (C) 424 

Distributions of Q-score and map-model	 correlations (CCmask, CCbox, CCmc, and CCsc), showing 425 

CryoNet.Refine consistently yields comparable or superior performance on density-related metrics. The 426 

mean values are indicated. (D) Comprehensive stereochemical assessment across ten metrics. 427 

CryoNet.Refine improves or maintains stereochemical quality relative to Phenix.real_space_refine 428 

across seven of the ten evaluated metrics. The mean values are indicated. (↑: higher is better, ↓: lower 429 

is better). 430 
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Figure 3. Performance on diverse biomolecular complexes and cryo‑ET targets. 431 

 432 

Representative refinement results compared to AlphaFold 3 starting models and models refined by 433 

Phenix.real_space_refine: (A) human CNT3 (EMD-0775, 3.60 Å, with 3 protein chains); (B) 434 

precleavage Cre tetrameric complex (EMD‑24470, 3.23 Å, with 4 protein chains and 4 DNA chains); 435 

(C) HIV-1 RT IC core-EFV complex (EMD‑22900, 2.90 Å, with 2 protein chains and 2 RNA chains); 436 

and (D) the mature RSV CA pentamer from in situ cryo-ET (EMD-12488, 5.80 Å, with 5 protein 437 

chains). Across all cases, CryoNet.Refine models exhibit superior map-model correlation (blue 438 

regions: high CCresidue), significantly lower MolProbity and clash scores, while adhering to 439 

Ramachandran and rotamer favored regions. Inserts highlight accurate backbone and side-chain 440 

alignments with the experimental density maps.  441 
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Figure 4. Large-scale evaluation on PDB-deposited structures. 442 

 443 
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Evaluation on 325 pre-2018 (A-D) and 350 post-2018 (E-H) PDB deposits (1.8–6.0 Å). (A, E) CS-444 

score comparisons against original PDB-deposits (left, mean CS-scores: 0.90 vs. 0.74 for pre-2018, 445 

and 0.93 vs. 0.84 for post-2018) and Phenix.real_space_refine (right, mean CS-scores: 0.90 vs. 0.80 446 

for pre-2018, and 0.93 vs. 0.80 for post-2018). (B, F) Q-score versus resolution. CryoNet.Refine 447 

achieves pass rates (Q-score ≥  Q_low_95%) of 98.8% and 97.4% on pre-2018 and post-2018 448 

deposits, respectively. (C, G) Distributions of Q-score and correlation metrics (CCmask, CCbox, CCmc, 449 

and CCsc). The mean values are indicated. (D, H) Stereochemical assessment across ten metrics. The 450 

mean values are indicated. (↑: higher is better, ↓: lower is better).  451 

  452 
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Figure 5.  Ablation study on loss components.  453 

 454 

Evaluations performed on 110 AlphaFold 3-predicted starting protein structure models. (A) 455 

Distributions of Q-score and correlation metrics (CCmask, CCbox, CCmc, and CCsc). Omitting density 456 

loss drastically reduces all correlation metrics, confirming its essential role in guiding the coordinate 457 

update module to conform to the experimental cryo-EM map. (B) Distributions of stereochemical 458 

quality metrics. Excluding the clash and non-bonded loss results in severe steric degradation (mean 459 

clash score surging to 121.60), demonstrating that the network requires this explicit penalty to resolve 460 

atomic overlaps during density fitting. The mean values are indicated. (↑: higher is better, ↓: lower is 461 

better).  462 

  463 
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Figure S1. Ramachandran restraints and the coordinate update strategy.  464 

 465 

(A, B) 2D and 3D empirical backbone dihedral angle (𝜙, 𝜓) distributions from the Top8000 dataset, 466 

defining the statistical basis for CryoNet.Refine’s Ramachandran loss. Outliers are penalized to 467 

enforce stereochemical quality. (C) Convergence of an AlphaFold 3-predicted starting model (PDB-468 

6ksw) over 185 refinement iterations. Q-score rapidly increase and converge, coupled concurrently 469 

with a continuous decline in the MolProbity score. An early-stopping mechanism halts recycling 470 

upon plateauing to prevent redundant computation.  471 

  472 
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Figure S2. Statistical distributions and extended benchmark metrics.  473 

 474 

(A) CS-score versus resolution for 20,568 PDB/EMDB structures (0.6–10 Å; mean 0.769), 475 

establishing a global baseline. (B) Q-score versus resolution for 20,568 structures (0.6–10 Å). The 476 

Q_low_95% curve defines the resolution-dependent reliability; 88.9% of deposits pass this threshold. 477 

(C, D) Dataset composition of AlphaFold 3-predicted starting models (N = 225, 1.8–8.0 Å). (C) 478 

Detailed residue/chain counts and (D) composition of biomolecular types (110 protein, 34 protein-479 

DNA, and 50 protein-RNA structures) and experimental methods (194 single-particle cryo-EM 480 

targets and 31 in situ cryo-electron tomography targets). (E) Extended metrics (CCpeaks, CCvolume, 481 

dihedral RMSD, and EMRinger score) on AlphaFold 3-predicted starting models. CryoNet.Refine 482 

yields higher mean correlations and EMRinger scores while preserving better backbone geometry 483 

(lower Dihedral RMSD). The mean values are indicated. *EMRinger evaluated only for maps with 484 

resolution ≤4.5 Å (N = 197).  485 

  486 
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Figure S3. Performance on diverse complexes and cryo-ET targets.  487 

 488 

Representative refinement results compared to AlphaFold 3-predicted starting models and models 489 

refined by Phenix.real_space_refine: (A) Medicago truncatula HISN5 (EMD-12938, 2.40 Å, with 490 

24 protein chains); (B) the closed C2-symmetric holo PdxR–DNA complex from B. clausii (EMD-491 

14801, 3.70 Å, with 2 protein chains and 2 DNA chains); (C) Crenarchaeota ribosome (EMD-34862, 492 

3.14 Å, with 27 protein chains and 1 RNA chain); and (D) immature HTLV-1 CA-NTD from cryo-493 

ET (EMD-17936, 4.50 Å, with 3 protein chains). CryoNet.Refine yields superior map-model 494 

correlation (blue regions: high CCresidue), lower MolProbity and clash scores. Inserts confirm accurate 495 

backbone and side-chain density alignments.  496 
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Figure S4.  Extended evaluation on PDB-deposits and half-map cross-validation.  497 

 498 

(A, C) Residue/chain count distributions on 325 pre-2018 (A) and 350 post-2018 (C) PDB deposits. 499 

(B, D) Extended metrics on 325 pre-2018 (B) and 350 post-2018 (D) PDB deposits. Violin plots 500 

confirm CryoNet.Refine yields comparable or superior CCpeaks, CCvolume, and EMRinger scores while 501 

maintaining lower dihedral RMSDs compared to baselines. The mean values are indicated. 502 

*EMRinger evaluated only for maps with resolution ≤4.5 Å (pre-2018: N = 271; post-2018: N = 503 
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329). (E-H) Half-map cross-validation (N = 50, 2.20–5.60 Å). (E) Residue/chain count 504 

distributions.	(F) Work map vs. validation map CCmask. Points lie tightly along the diagonal parity 505 

line (y = x, R	=	1.00). (G) Validation map evaluations. CryoNet.Refine outperforms PDB deposits in 506 

CCmask and MolProbity score and surpasses Phenix.real_space_refine in geometric quality while 507 

maintaining comparable correlation, indicating minimal generalization gap and absence of 508 

overfitting to noise. (H) Comprehensive stereochemical assessment on the unseen validation map 509 

confirms CryoNet.Refine improves or maintains stereochemistry across nine of ten metrics relative 510 

to Phenix.real_space_refine. The mean values are indicated. (↑: higher is better, ↓: lower is better).  511 

  512 
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Figure S5. Ablation of extended geometry losses and physics-informed training.  513 

 514 

Evaluations on 110 AlphaFold 3-predicted starting models. (A, B) Impact of omitting individual 515 

stereochemical restraints. Removing bond and angle restraints artificially inflates density-fit metrics 516 

(A) but catastrophically degrades geometry (B). Conversely, removing Ramachandran, rotamer, or 517 

Cβ deviations causes only moderate density-fit reductions, indicating they act primarily as 518 

regularizers for geometric plausibility. The mean values are indicated.  (C, D) Impact of physics-519 

informed training. Compared to the full model, a baseline variant without physics-informed training 520 
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yields consistently lower Q-score and map-model correlations (C) and exhibits poorer 521 

stereochemistry (e.g., mean MolProbity score of 1.41 vs. 1.36) (D). The mean values are indicated. 522 

(↑: higher is better, ↓: lower is better). 523 

Figure S6. Benchmarking on AlphaFold 3-predicted starting models with CryoBoltz.  524 

 525 

(A, B) Performance comparison including CryoBoltz on 24 AlphaFold 3-predicted starting protein 526 

starting models. CryoNet.Refine consistently outperforms baselines in correlation (A) and 527 

maintains/improves stereochemistry (B) relative to CryoBoltz. The mean values are indicated. (↑: 528 

higher is better, ↓: lower is better). 529 

  530 
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