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Advances in machine learning have transformed structural biology, enabling
swiftand accurate prediction of protein structure from sequence. However,
key challenges persist in modeling side-chain packing, condition-dependent
conformational changes and biomolecular interactions, largely because of
limited high-quality training data. At the same time, emerging experimental
techniques such as cryo-electron microscopy (cryo-EM), cryo-electron
tomography (cryo-ET) and high-throughput crystallography are generating
vastamounts of structural information but converting these datainto
mechanistically interpretable atomic models often remains difficult. Here

we show that integrating experimental measurements directly into protein
structure prediction can overcome these limitations. We introduce ROCKET, an
augmentation of AlphaFold2 that refines predicted structures using cryo-EM,
cryo-ET and X-ray crystallography data. By optimizing structures in the space
of coevolutionary embeddings rather than Cartesian coordinates, ROCKET
captures biologically meaningful structural variation that isinaccessible to
AlphaFold2 alone and to existing automated modeling approaches, especially
when the signal-to-noise ratio is low. ROCKET enables scalable, automated
model building without retraining and provides a general framework for
integrating experimental observables with biomolecular machine learning.

Machine learning (ML) has revolutionized structural biology by ena-
bling highly accurate protein structure prediction. Breakthrough
models such as AlphaFold2 (AF2)!, RoseTTAFold” and their descend-
ants harness coevolutionary signals in large-scale sequence data to
produce predictions with atomic-level precision and near-experimental
accuracy**. Despite this accomplishment, computational approaches
still struggle to captureimportant properties such as side-chain pack-
ing, functional dynamics and large-scale molecular assembly®.

The success of these ML models relies heavily on a vast col-
lection of experimentally resolved structures, made possible by
decades of effort by the structural biology community. However,

high-quality ground-truth data that capture multiple functional
states, biomolecular interactions and structural variations are scarce.
Advances in high-throughput experimental techniques are begin-
ning to provide such data. For example, modern crystallography
beamlines and single-particle cryo-electron microscopy (cryo-EM)
can now yield datasets under many perturbations, for example, for
drugscreening and tracking of structural changes during biochemi-
cal transformations'®", while cryo-electron tomography (cryo-ET)
enablesin situ observations of macromolecular complexes'*®. These
advances promise deeper insights into conformational flexibility and
complex assembly.
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Fig.1|Data-driven structure prediction refinement with ROCKET.

a, Experimental techniques such as X-ray crystallography and cryo-EM provide
high-fidelity observations of conformational states, capturing, for example,
ligand-induced changes (right; activation loop of human c-Abl kinase trapped in
the inactive state by a small-molecule binder; PDB 3PYY) that may not be modeled
by ML-based predictions (left; AF2 prediction of c-Ablin the untrapped state).

b, ROCKET extends OpenFold by integrating crystallographic and cryo-EM
likelihood targets within its differentiable prediction pipeline. It accomplishes
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this by learning, atinference time, multiplicative and additive adjustments to

MSA cluster profiles that maximize their agreement with experimental data as
computed by an experimental likelihood function. For the crystallographic target,
the function (L,.,) depends on observed crystallographic diffraction intensities
and their measurement errors (/,, 6,) and on the structure factor amplitudes
computed from the predicted model (F,). For the cryo-EM target, the function
(Leryo) depends on the complex Fourier terms from experimental half-maps (F, and
F,) and the complex structure factors computed from the predicted model (F.).

A key bottleneck in processing these large datasets is the recon-
struction of atomic models from experimental observations. ML meth-
ods have helped streamline this process by providing high-quality
starting points for atomic model building®***, Standard refinement
software'*'® improves these starting points by optimizing experi-
mental likelihoods in Cartesian coordinate space, complemented by
pattern-matching-based model building to overcome local barriers™ ',
This combination struggles when the structural rearrangements pre-
sented by the data are large, such as switches in secondary structure,
flips in flexible loops or shifts in relative domain orientations. Model
building becomes particularly challenging, even for humans, below
4-5-A resolution, where critical structural details such as side chains
become indistinct. This difficulty is especially pronounced in the
emerging field of cryo-ET, which currently tends to produce data at
low resolution”. New priors that guide model building could, there-
fore, yield more accurate atomic models for low-resolution datasets
and limit labor-intensive manual intervention when initial structures
deviate from the experimental data.

We hypothesized that the implicit prior structural knowledge
embedded inpretrained ML structure prediction methods could guide
atomic model building from experimental data more efficiently than
traditional geometric restraints®. Historically, the integration of model
and experiment was facilitated by the explicitly physics-based nature
of structure prediction methods, which readily permitted the incor-
poration of experiment-derived potential functions**. ‘Black-box’
ML models such as AF2, however, make this integration less straight-
forward. Recent efforts to adapt ML-based structure prediction to
incorporate experimental constraints have done so either through

fine-tuning of weights from existing architectures®* or full training

ofanovelarchitecture, as exemplified by the ModelAngelo method for
cryo-EM data’®. These strategies are promising but computationally
expensive, data hungry and limited to the data modality they were
trained on. Another approach, PredictAndBuild®?”, iterates between
predicting structure conditioned on a template and rebuilding the
predicted structures on the basis of experimental datato yield the next
template. This approach avoids modifying the structure prediction
method but its decoupled prediction and rebuilding steps can work
against each other and hinder convergence.

Ideally, existing ML methods could serve as implicit structural
priors, without retraining, to accelerate and automate atomic model
building. Indeed, the ColabDock framework incorporates crosslinking
experimental restraints in protein complex structure prediction®’ and
other contemporaneous studies have begun exploring this direction
for cryo-EM and crystallography but their applicability to challeng-
ing modeling tasks remains unclear®-*>. Here we combine the high
accuracy of pretrained AF2 structure prediction with guidance from
experimental data in a way that can be flexibly adapted to different
data modalities. We achieve this through ROCKET (refining Open-
Fold with crystallographic/cryo-EM likelihood targets), a framework
that integrates OpenFold™®, a trainable reimplementation of AF2,
with differentiable crystallographic and cryo-EM likelihood targets®*.
ROCKET refines structures at inference time (no retraining), steer-
ing predictions toward experimentally supported conformations
(Fig. 1a). Inspired by strategies for expanding AF2 to conformational
sampling®~’, we directly optimize the embedded multiple-sequence
alignment (MSA) cluster profile*** in AF2, transforming structure
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refinement to a data-guided search within AF2’s continuous repre-
sentation of sequences.

Cryo-EM and crystallography are the predominant techniques
for producing atomic-level insights into conformational heteroge-
neity, macromolecular interactions and functional structural rear-
rangements. Despite crystallography’s promise for high-resolution,
high-throughput screening of experimental conditions**~**and drug
candidates®, ML applications in protein crystallography**** lag behind
cryo-EM**7%_ To bridge this gap, ROCKET integrates both X-ray and
cryo-EM data directly into OpenFold’s inference process.

Forboth data modalities, we find that ROCKET is particularly valu-
able for the unsolved challenge of model building at low resolution®,
Existing software struggles at resolutions worse than 4-5 A; Model-
Angelo was not trained to work with maps past 4 A (ref. 28) and Pre-
dictAndBuild will not automatically rebuild with maps worse than 3.5 A
(ref. 6). We find that ROCKET’s inference-time refinement allows it to
explore awide conformational space and it remains robust for atomic
modeling in noisy, low-resolution maps, sometimes outperforming
expert manual refinement. AsROCKET relies on aninput sequence for
AF2inference, itis complementary to other ML approaches designed
to identify proteins in cryo-EM maps®***°°, Its capabilities render
ROCKET a generalizable approach for integrating experimental data
with ML-based biomolecular modeling.

Results

Method overview

AF2-based structure prediction begins with the construction of an
MSA, typically through a search of sequence databases for proteins
homologous to the query of interest. The resulting MSA comprises
aligned sequences of identified homologs, from which one caninfer
a protein’s evolutionary history, including its patterns of residue-
residue coevolution. AF2 transforms raw MSAs into an input repre-
sentation suitable for neural network computation, known as the
MSA cluster profile. Through many studies and ablations, it has been
shown that the depth and diversity of the MSA and the statistical pat-
terns found therein determine the geometry and quality of astructure
predicted by AF2 (ref. 1). Given this central role, we reasoned that
direct optimization of the continuous space of MSA cluster profiles
would provide the greatest lever for influencing AF2 predictions, a
hypothesis supported by previous work on using evolutionary cou-
pling restraints to build molecular replacement templates®’, recent
observations made by other groups®**” and our own experiments
(Supplementary Fig.1).

To operationalize this principle, ROCKET augments OpenFold
with a new module that optimizes MSA cluster profiles to maximize
agreement between predictions and experimental observables (Fig.1b
and Methods). Through an experimental target function that quanti-
fies this agreement, ROCKET performs gradient descent in the space
of MSA cluster profiles. During each descent step, ROCKET computes
aforward pass through OpenFold, evaluates the target function and
its derivatives and then updates the MSA cluster profile to increase
the function’s agreement with model predictions. ROCKET currently
provides two target functions, for crystallographic and cryo-EM data,
and is extensible to other data modalities.

As OpenFold-predicted structures are generated in an arbitrary
reference frame, ROCKET first performs molecular replacement® or
cryo-EM docking® to align the predicted model with the experimen-
tal data before starting the iterative refinement process. The result-
ing rototranslation is applied at every subsequent iteration to align
the model. While initial AF2 predictions are less than perfect, previ-
ous observations indicate that they are usually sufficiently accurate
for robust placement in the data'*">?>**, After iterative refinement
through OpenFold is complete, a final local structure refinement is
performed using phenix.refine’ to optimize local geometry and atomic
displacement parameters. We investigate the impact of ablations of

the ROCKET pipeline in Supplementary Fig. 5. Because of memory
limitations, ROCKET currently only operates on one protein chain
at atime and requires special handling for cases involving multiple
chains (Methods).

Evaluation dataset and approach

We took a two-pronged approach to evaluating ROCKET’s effective-
ness in guiding structure prediction with experimental data. In the
first prong, we validated ROCKET’s model-building accuracy across
arange of resolutions. We started by confirming that ROCKET could
match the best established methods for high-resolution X-ray data-
sets. For such cases, ROCKET’s primary utility would be in streamlin-
ing experimental model building through integration with ML-based
structure prediction. We then generated two reduced-resolution
cryo-EM series—by either omitting or degrading experimental data—
thatallowed us to assess and develop confidence in ROCKET’s model
building at progressively lower resolutions. In the second and more
ambitious prong, we turned to scenarios at the frontier of experi-
mental structural biology, where automated methods typically fail,
casesinwhichmanualhumaninterventionis necessary and may not
even be sufficient.

For the first prong, we started by identifying a diverse set of 27
high-resolution, single-chain X-ray crystallographic datasets and
their corresponding deposited structures (Supplementary Fig. 2).
All 27 structures were solved after the AF2 training date cutoff and at
resolutions better than 3 A (Supplementary Table 1), a regime where
conventional methods, such as phenix.refine, perform well and hybrid
methods, such as PredictAndBuild, perform extremely well”’. To then
study ROCKET’s performance when large-scale structural changes are
required from the starting AF2 prediction, we selected ligand-induced
loop rearrangementsin three human proteins: c-Abl kinase (PDB 3PYY),
proteintyrosine phosphatase 1B (PDBINWL) and the serpin plasmino-
genactivatorinhibitor-1(PDB1JL5). At high resolution, we prioritized
crystallography because, as noted earlier, its integration with ML-based
methods remains underdeveloped**.

Anticipating that, for cryo-EM, ROCKET’s added value would
manifest at lower resolutions, we constructed reduced-resolution
series where the accuracy of ROCKET models built from progres-
sively weaker experimental signals could be objectively evaluated
against a higher-resolution map that serves as the ground truth. As a
first example, we chose the thiamine transporter SLC19A3 structure
solved fromasingle-particle 3.1-A map in the outward-open state (PDB
854U, EMD-19716)*. We added noise separately to each high-resolution
half-map until their Fourier shell correlation (FSC) curve matched that
expected of lower-resolution mapsat 6.0 A,8.0 Aand 10 A (Methods).
As asecond example, we picked a time-resolved single-particle 20-s
intermediate of the GroEL:GroES-ATP complex, solved at 2.7 A (PDB
8BM1, EMD-16117)%. We reprocessed progressively smaller subsets of
the particle images to produce maps at resolutions of 2.9 A, 4.9 A and
6.8 A.For these two series, we then tested how well ROCKET (which, in
bothcases, starts from an AF2 prediction that is substantially different
in conformation) recovers the experimentally captured state from
maps progressively decreasing in quality.

For the second prong, we tackled the following challenging
model-building case studies: a 9.60-A subtomogram average of
Escherichia coli GroEL (PDB 8P4P), a 3.82-A, crystallographic dataset
of the human multidomain protease inhibitor HAI1 (PDB 5H7V),a3.5-A
cryo-EM dataset of 2:2 complex of human protein phosphatase PPM1H
andits substrate Rab8a, complicated by preferred particle orientation,
and atime-resolved extrapolated dataset of class Il photolyase bound
toathymine dimer, captured 10 ps after initiation of DNA repair (PDB
80YA). Lastly, we highlight a case where ROCKET provided biological
insight by supporting multimeric model buildinginto a single-particle
8.6-A map and where the resulting ROCKET structure was later vali-
dated against a higher-resolution 4.6-A dataset.
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ROCKET reliably models structural details across a wide
resolution range

At high resolution, we expect deposited backbone and side-chain
coordinates to serve as reliable ground truths for evaluation. To
validate ROCKET’s performance on the 27 crystallographic struc-
tures in our first prong, we compared its refined models to those
from the PDB-REDO database*’, which systematically rerefines and
validates human-deposited coordinates. Figure 2a shows the Ca
root-mean-squared deviation (r.m.s.d.) with respect to PDB-REDO
models for original AF2 predictions and ROCKET-refined ones. ROCKET
improves all AF2 predictions except one, bringing them closer to the
experimentally determined structures. Focusing on the ten most dif-
ficult cases, where AF2 predictions deviated by more than1A r.m.s.d.
from the PDB-REDO models, ROCKET achieves substantial structural
corrections (Fig. 2a, stars; mean r.m.s.d. drop of 0.47 A), demonstrating
robustness in challenging scenarios.

Although Car.m.s.d. isaconvenient measure of overall model qual-
ity, it heavily penalizes complete models that retainless ordered regions
when comparedtoreference models that omit those regions. For amore
sensitive assessment, we used the real-space Pearson correlation coef-
ficient (RSCC), which directly compares model-derived electron density
maps to maps from experimental amplitudes (here, combined with
phases from PDB-REDO models). Asshownin Fig.2a (middle), ROCKET
substantiallyimproves RSCC values for both backbones and side chains
acrossalltest cases. It is notable that optimizing MSA cluster profiles not
only corrects secondary structures but also improves side-chain fit to
the data (Supplementary Fig. 3). On thisbenchmark, ROCKET achieves
RSCCaccuracy comparable to human-deposited models and performs
onpar with PredictAndBuild and with ModelCraft, anadvanced de novo
automated model-building pipeline for crystallography and cryo-EM
datasets® (Supplementary Fig. 4a). Infurther validation using crystal-
lographicRy... factors® (Supplementary Fig. 4b), all but two models see
improvements relative to phenix.refine alone, with ten models show-
ing an Ry, reduction of more than 3%. We note that ROCKET achieves
performance on R,.. comparable to both ModelCraft and to the more
complex combination of PredictAndBuild + phenix.refine, while still
maintaining, unlike the other two methods, full model sequence com-
pleteness (Supplementary Fig. 4c).

We found that performing optimization in the latent MSA profile
embedding allows for more pronounced structural rearrangements
than conventional refinementin Cartesian coordinate space; compared
to phenix.refine, ROCKET is able to better recover experimental fold
and backbone from AF2 predictions with larger initial r.m.s.d. to the
deposited structure (Supplementary Fig. 5). For the high-resolution
benchmark, internal data-driven iterative updates to AF2’s prediction
(ROCKET) are comparable to external rebuilding iterations (PredictAnd-
Build) (Supplementary Fig. 6a). ROCKET, however, can perform chal-
lenging large-scale structural rearrangements, such as ligand-induced
loop movements and peptide flips, that are not accessible to PredictAnd-
Build (Supplementary Fig. 6b-e). We highlight that these two strategies
can complement each other (Supplementary Fig. 6f). Additionally, in
cases where the initial prediction requires a large structural change,
subsampling MSAs to generate alternative MSA profileembeddings can
improve initial predictions and help overcome limitations of gradient
descent (Supplementary Figs. 7 and 8).

After benchmarking ROCKET at high resolution, we evaluated its
model-rebuilding performance at progressively lower resolutions.
For the SLC19A3 thiamine transporter series, ROCKET recovers the
outward-open conformation from aninward-open AF2 starting model
even at 10 A. The overall fold is recovered at all three target resolu-
tions (6 A, 8 Aand 10 A), and is supported by the largely improved
RSCC values for the final models (Fig. 2b). After full ROCKET refine-
ment, we computed FSC curves between maps calculated from the
refined models and the independent, original 2.9-A map that was not
used for refinement. In each case, the refined models agree with the

high-resolution data well beyond the nominal resolution of the target
maps; models refined against 6-A and 8-A data maintain FSC > 0.5 up
t03.56 A and 3.66 A, respectively. At 10 A, ambiguity in rigid-body
placement withinthe map reduces agreement relative to the other two
cases. Nevertheless, the 10-A model retains FSC > 0.5up to 7.14 A. These
resultsindicate that ROCKET can capture high-resolution detail absent
fromthe guiding maps, showing that the AF2 structural prior provides
information complementary to the experimental signal.

We next examine the time-resolved GroEL:GroES-ATP series,
whose results are summarized in Fig. 2c. We refine the GroEL subunit
fromthe upper heptameric ring, where, compared to the starting AF2
prediction, thetop domainneedsto undergo alarge rearrangement to
complexwith the respective GroES subunit. At2.9 Aand 4.9 A,ROCKET
recovers the complexed conformation, improving RSCC against the
deposited 2.7-A map from 0.44 (AF2) to 0.72 (2.9-A-refined ROCKET)
and 0.64 (4.9-A-refined ROCKET). This task is more challenging than
the thiamine transporter above because the required torsion of the top
domainweakens the gradient-based signal. The limitationbecomes evi-
dentat 6.8 A, where ROCKET improves placement of the lower domain
but does notrecover the full conformational change. Although the cor-
rect conformation would achieve a higher experimental log-likelihood
gain (LLG; 1,583 versus 1,448 for the ROCKET model), gradient-descent
refinement remains trapped in alocal minimum.

Data-driven MSA profile optimization improves

AF model confidence

Intriguingly, we noticed that, across our crystallographic datasets,
ROCKET’s AF2-derived model confidence (measured as per-residue
predicted local distance difference test (pLDDT)) is correlated with
agreement with experimental data, as reflected in the positive correla-
tion between final model confidence and RSCC (Supplementary Fig.9).
As MSAs may implicitly encode multiple conformations that a protein
canadopt®, we suggest that ROCKET’s data-guided optimization uses
and thenresolves this structural ambiguity, allowing it to reach differ-
ent functional conformations. To more directly test this hypothesis, we
performed a (negative) control experiment. AF2includes built-in con-
fidence metrics, which several studies have leveraged to explore con-
formational space, particularly in the context of protein design®*¢°-¢%
we asked whether optimizing MSA cluster profiles with respect to AF2’s
own confidence metrics may improve structure prediction without the
need for experimental data. Toimplement thisidea, we used ROCKET to
optimize pLDDT, AF2’s primary confidence metric. We found that this
approach failstoimprove the correspondence of AF2 predictions with
experimentinevery one of the cases studied (Supplementary Fig. 10),
indicating that experimental data provide new and orthogonal infor-
mation, beyond AF2’simplicit scoring function, whichis necessary for
efficient sampling of functionally relevant conformations. This clari-
fies but does not contradict our first finding. Specifically, it indicates
that pLDDT can identify highly preferred conformations but cannot,
by itself, distinguish the experimentally observed state (and provide a
useful gradient) without further experimental information.

ROCKET facilitates frontier model-building tasks

Cutting-edge structural biology techniques often generate data at
the limits of available methodology, with partially automated work-
flows bottlenecked by human expertise. Examplesinclude (1) cryo-ET,
where missing-wedge artifacts and noise obscure atomic detail; (2)
low-resolution crystallography, where conformational heterogeneity
from flexible loops and domains blurs density and increases suscepti-
bility to phase bias during refinement; (3) cryo-EM with a preferred ori-
entation of particles, which resultsinanincomplete sampling of views
that compromises the final three-dimensional (3D) reconstruction; or
(4) the emerging field of time-resolved crystallography, where signals
fromshort-lived intermediates must be disentangled from mixtures of
activated and ground-state populations®. To assess whether ROCKET
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LLG =1,583 versus LLG = 1,448 for the ROCKET model).
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map affected by preferred orientation. A single PPMIH (chain A) and Rab8a
(chain C) were builtindependently before applying symmetry operations to
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generate the full 2:2 complex. The figure highlights key improvements over AF2
predictions, demonstrating that ROCKET (i) captured aliterature-supported
conformational change in the PPM1H active site and (ii) substantially improved
the modeling of the flap domain’s interaction with Rab8a, as measured by RSCC.
Further comparisons with other modeling methods on this task are shown
inSupplementary Fig.12.d, Time-resolved extrapolated dataset for class Il
photolyase DNA (PDB 80YA), collected 10 ps after initiation (nominal resolution
of2.10 A, effective resolution of -2.5-2.8 A). Two independent complexes (chains
AandB) are refined by ROCKET; examples are shown for helix200-214 (i) and
the DNA-binding interface (ii). Refinement used no explicit DNA information.
(iii) ROCKET rebuilds a solvent-exposed segment of chain B where the density is
markedly poorer thanin chain A, recovering side-chain rotamers and abackbone
shift that, where supported by density, match the depositing group’s choices.

canaddress these frontier problems, which remain solidly outside the
purview of existing methods, we tackled four representative tasks
summarized in Fig. 3.

We begin with two datasets that lie past the resolution limits for
automated model building: a 9.60-A subtomogram average of E. coli
GroEL and a3.82-A human HAI1 crystallographic dataset, where domain
motion prevented high-resolutiondiffraction (Fig. 3a,b). In the GroEL
subtomogram average, the 9.60-A map reveals two distinct confor-
mations for the repeating subunit in the top and bottom heptameric
rings. Despite the low resolution, ROCKET accurately recovers both
conformations (Fig. 3a), yielding refined models with map correlations
comparabletodeposited structures (Supplementary Fig.11). Moreover,
for chain A, ROCKET explores a broad conformational space, deviat-
ing substantially from the AF2 prediction. Notably, in the top domain
(residues 250-280; star in Supplementary Fig. 11), ROCKET achieves
anaverage RSCC of 0.5, substantially higher than the 0.0 achieved by
the AF2 model or even the 0.2 achieved by the deposited model, sup-
porting a closer match to experimental data.

Inwell-resolved regions of HAI1, ROCKET successfully convergestoa
backbone conformation thatmore closely matches the experimental den-
sity thanthe AF2 prediction (Fig. 3b, regionsi-iii). Particularly noteworthy
isregioniii (residues 310-330), where the density is highly noisy, making

even manual model building difficult. In this segment, the deposited
modelappearsto haveanincorrectsequence register. ROCKET corrects
thisandimproves AF2’sinitial predictionto better align with the density
map without introducing new geometric outliers. Conversely, in areas
where the experimental map is poorly resolved, such as regioniv, which
isnot modeled in the deposited structure, ROCKET refrains from forcing
arbitrary changes and instead preserves the original AF2 prediction.
Next, we modeled the 2:2 heterotetrameric complex of the
protein phosphatase PPMIH and its substrate Rab8a (Fig. 3¢) using
ROCKET from a 3.5-A cryo-EM map affected by preferred orientation
(Supplementary Fig.12). This dimeric assembly represents the physi-
ological state of the enzyme, which creates amoreintricate interaction
surface than a monomer can provide®*. AF3 (ref. 9) fails to produce a
plausible complex (Supplementary Fig.12), underscoring the need for
map-guided modeling to reveal the correct physiological assembly.
Compared to adocked AF2 prediction, the ROCKET model achieves a
much higher real-space correlation coefficient (CC) with the cryo-EM
map (Supplementary Fig.12). Specifically, ROCKET capturesa crucial
conformational change in PPM1H, where the highly conserved flap
domain (region i, top part, residues 304-414) moves toward Rab8a.
This movement induces a change in the active site consistent with
previously reported flexibility®. Furthermore, ROCKET substantially
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a AlphaFold2 Multimer

ZP-N

Chain A

4.6 A, CC=0.29

ROCKET
4.6 A, cc=0.67

Fig. 4| ROCKET enables model building of a ZPD filament from low-resolution
cryo-EM. a, An AF2 trimer docked into an 8.6-A helical reconstruction of avian
ZPD; for visualization purposes only, the map is shown postprocessed with
EMReady?2 (ref. 71). The ZP module is a polymerization element consisting of
ZP-N and ZP-C domains separated by an IDL. Here, a central subunit (chain A;
ZP-N-IDL-ZP-C) engages the ZP-C of the preceding subunit (chain B) and the
ZP-N of the following subunit (chain C), matching the intersubunit register
observed in vertebrate ZP polymers®. b, Comparison of the ROCKET-built model
(purple), refined solely against the 8.6-A unsharpened half-map data, with (i) an
independently built model without ROCKET, based on the same low-resolution
map (Methods), and (ii) a higher-resolution 4.6-A single-particle analysis ZPD

8.6-A independent model
8.6-A ROCKET model

4.6-A independent model

map and corresponding model (light blue), both produced without ROCKET.
The ROCKET model shows improved global agreement to the 4.6-A map
(CC=0.67) relative to the unrefined AF2 prediction (CC = 0.29) and recovers
key architectural features validated by the higher-resolution data: (i) amore
accurately positioned ZP-N fg loop interacting with acomplementary surface
of the partner ZP-C, (ii) IDL conformational details that stabilize intersubunit
contacts, and (iii) better-defined secondary structure in regions that were
ambiguous at 8.6 A. (iv) A disulfide that appeared broken in the unrelaxed
ROCKET prediction but was correctly resolved by a polishing step with
conventional refinement.

improves the modeling of the flap domain-Rab8ainterface (regionii),
which is the primary determinant of substrate specificity®*. ROCKET
also positions the B-motif (region i, bottom part) distant from Rab8a,
suggesting thatitisnotdirectly involvedin thisinteraction; both find-
ings are consistent with biochemical evidence (Supplementary Fig.13).
We benchmarked our result against the de novo modeling tool Mod-
elAngelo®, as this 3.4-A dataset falls within its applicable resolution
range. Although ModelAngelo improved the model-map CC in the
regions it built, its model suffered from low completeness (<20%). In
contrast, ROCKET achieved the highest overall CC value while provid-
ing acomplete model of the complex.

For our final frontier task, we used ROCKET to refine a time-
resolved extrapolated dataset of class Il photolyase bound to a thy-
mine dimer (Fig. 3d), collected 10 ps after initiation of DNA repair
(PDB 80YA). Although the dataset has a nominal resolution of 2.10 A,
the effective resolution of the extrapolated data is estimated around

2.50-2.80 A (Supplementary Table 1)°°. The crystals contain two
independent protein—-DNA complexes; chain A exhibits stronger
time-resolved signal and consistently lower B factors (by 10-20 A?
in some regions) than chain B, likely because of crystal packing. We
report ROCKET refinements for both chain A and the more challeng-
ing chain B. In both cases, ROCKET markedly improves model-map
agreement (Fig.3d). Per-residue RSCC values comparing AF2, ROCKET
and deposited structures are plotted in Supplementary Fig. 14. In the
helical segment spanningresidues 200-214, ROCKET correctly rebuilds
the secondary-structure element (region i), with remaining differ-
ences relative to the deposited model confined to solvent-exposed
side chains. At the DNA-binding interface, ROCKET robustly corrects
side-chain-level details (regionii), guiding AF2 toward the DNA-bound
conformation. This happens without providing any explicitinforma-
tionabout DNA duringinference andis purely driven by protein-specific
data. ROCKET alsorebuilds asolvent-exposed segment of chain Bwhere
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Fig. 5| MI highlights distributed residue signals driving conformational
transitions. a, Structural comparison of human c-Abl kinase in two states. Top,
AF2 prediction, representing the active state. Bottom, ROCKET-refined model,
consistent with the inactive conformational state (PDB 3PYY, 1.85-A resolution,
shownin transparent outline). Both structures are colored by pLDDT, with
P-loop (residues 13-28) and activation loop (residues 148-167) highlighted
with corresponding ligand-induced experimental density. b, Heat maps of MI
matrices derived from MSA profiles, both normalized. Left, MI matrix from the
initial AF2 MSA profile. Right, MI matrix from the ROCKET-refined MSA profile.
Differences in these matrices highlight how coevolutionary signals are altered
during refinement to enable the conformational transition. ¢, Causal testing
through profile bias muting. Top, ROCKET model shown at progressive stages
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(purple) reverts the structure to its active state more effectively than random
muting (gray; mean and s.d. over five independent trials per point). Bottom,
corresponding pLDDT of the activation loop. Reversing the flip requires muting
roughly one third of the channels, indicating that the conformational signal is
diffuse rather thanlocalized. d, MI-guided muting of the top 155 || AMI|| residue
pairs (95 unique residues) reverted the protein structure. Residues are color-
coded by their ‘degree’ (that is, the frequency of their appearance in these top 155
pairs). The involved residues are mostly localized at the bottom interface of the
kinase with the ‘inactive’ A-loop (yellow), with some residues participating at the
interface of the kinase with the ‘active’ A-loop (black).

the density is markedly poorer than in chain A (Fig. 3d, region iii),
recovering side-chain rotamers and a backbone shift that, where sup-
ported by density, match the depositing group’s choices. These results
collectively highlight ROCKET’s utility for structural interpretation
from heterogeneous or weak signals.

ROCKET accurately models the structure of ahomomeric
protein filament

Beyond the four frontier challenges we just described, we sought to
apply ROCKET to an active project involving multimeric model build-
ing from a low-resolution cryo-EM map. Subsequent to our model
building, we obtained a higher-resolution dataset that validated
ROCKETs structure.

Vertebrate reproduction depends onthe zonapellucida (ZP), aspe-
cialized extracellular coat that surrounds the egg and, from amphibians
to mammals, mediates sperm attachment, penetration and the block
topolyspermy®. The ZPis a3D mesh of filaments assembled by glyco-
proteinsubunits that share aZP module, a polymerization element con-
sisting of ZP-N and ZP-C domains separated by an interdomain linker

(IDL)*8. Recently, the structure of a heteromeric egg coat filament was
obtained from native ZP fragments that crystallized by reassembling
into polymers®’. However, the paucity, highly heterogenous nature and
often covalent crosslinking of ZP filaments has made it challenging to
obtain detailed structural information for intact filaments.

We used ROCKET to aid model building into a 8.6-A helical recon-
struction map of ZPD’°, a noncrosslinked, homopolymeric glyco-
protein of the avian egg coat. In Fig. 4a, we illustrate the docked AF2
prediction, in which a ZP module (chain A) engages with the ZP-C
and ZP-N domains of the preceding and following subunits within
the filament, respectively (chains Band C), as observedinthe fish ZP
heteropolymer®. For visual clarity, we display a map postprocessed
using EMReady?2 (ref. 71), although we emphasize that ROCKET refine-
ment was carried out against unmodified half-map data. In Fig. 4b,
we compare the ROCKET-built model (purple) to a model whose
initial coordinates also came from AF2 but that was independently
built without ROCKET on the basis of the same low-resolution map
(Methods). Importantly, our validation can also take advantage of
a higher-resolution 4.6-A map of ZPD obtained by single-particle
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analysis of a later dataset and a corresponding model also refined
without ROCKET (light blue model and map). ROCKET’s model,
refined solely against the 8.6-A map, achieves a CC of 0.67 to the
higher-resolution map compared to only 0.29 for the unrefined AF2
prediction. Beyond this overall agreement, ROCKET captures key
architectural features that differ from the independently built 8.6-A
model but are validated by the higher-resolution dataset. These
include (1) amuch more accurately modeled ZP-N fg loop interacting
with acomplementary surface of the partner ZP-C; (2) conformational
details in the IDL that stabilize subunit interactions within the fila-
ment; and (3) better-defined secondary structure in regions where
the low-resolution model was ambiguous. Underscoring the impor-
tance of the full pipeline and consistent with the ablation study in
Supplementary Fig. 5f, we show a broken disulfide from the unrelaxed
ROCKET model prediction, which was resolved by a conventional
refinement polishing step (inset iv).

Thisvalidationagainstindependently collected higher-resolution
data provides a strong demonstration of ROCKET’s ability to recover
accurate atomic information, even under the challenging conditions
of low-resolution cryo-EM. Biologically, the structure of native ZPD
providesimportant evidence that all egg coat protein filaments share
a common general organization, with the same interlocked subunit
architecture first observed for urinary ZP module protein uromodulin’
but with helical twist parameters around —120° (ref. 69).

Discussion
In developing ROCKET, we demonstrate that experimentally guided
refinement of the embedded MSA profiles of AF2 enables efficient explo-
ration of conformational space. Our results suggest that these embed-
dings provide access to paths along which the barrier for structural
rearrangementsis greatly reduced or eliminated, indicating that infor-
mation about such rearrangements may be encoded in evolutionary
statistics. Furthermore, we show examples where leveraging AF2 priors
in combination with experimental constraints extends atomic model
buildinginto increasingly complex and dynamic structural datasets.
We anticipate that data-guided, inference-time optimization will
prove broadly valuable across diverse atomic model-building sce-
narios. Beyond cryo-EM and crystallographic datasets, implemented
here, our approach can be used for other, sparser data modalities,
provided a likelihood-based target between data and prediction can
be formulated. Extending ROCKET to handle multichain complexes or
protein-ligand cofolding is straightforward within any AF-like frame-
work, inprinciple requiring only aswitchin the inference model used.
More ambitious directions may involve integrating generative
models toaccount for conformational ensembles. Furthermore, given
our success with MSA profile biasing, we propose that learning a map-
ping fromexperimental observablesto a profile bias matrix could effec-
tively condition single-shot structure prediction toward experimentally
probed conformations. Such amapping would translate experimental
data, such as cryo-EM density maps, X-ray diffraction intensities or
nuclear-magnetic-resonance-derived constraints, into a profile bias
matrix that captures residue-level probabilities or pairwise constraints
derived from experiment, effectively guiding the model toward relevant
conformations without requiring exhaustive searches. By adopting
amortized inference, which learns a reusable mapping to enable fast
predictions for newinputs, we could further streamline the process by
replacingthe stepwise search (MSA subsampling and likelihood scoring;
Supplementary Fig. 7) with amore efficient learned transformation.
Tounderstand how ROCKET alters its coevolutionary representa-
tion during optimization, we examined the signals within the refined
MSA profile that contribute to a specific structural transition: the
prototypical conformational change of the activation loop of c-Abl
kinase betweenitsinactive (observed here) and active conformation.
ROCKET’s prediction confidence increased notably during refinement
(Fig. 5a), consistent with the hypothesis that ROCKET’s optimized

MSA profile disambiguates multistate coevolutionary signals into
a clear structural directive. To identify the coevolutionary features
mostimpacted by ROCKET’s MSA profile optimization, we computed
residue-residue correlations, in the form of mutual information (MI)
matrices, fromtheinitial and the final MSA profiles. The correlationsin
the final MSA profile are more dispersed thanin the original (Fig. 5b). To
understand the causal role of changesin the MSA profile, we first ranked
residue pairs on the basis of the magnitude of change in their correla-
tionsimplied by the MSA profile (by || AMI||) and then, starting from the
final ROCKET MSA profile, progressively muted the optimized signals
atthese high-ranking residue pairs by replacing them with their corre-
sponding values from the untransformed MSA profile. This MI-guided
muting strategy proved much more effective at reverting the structure
back towarditsincorrectstarting conformation, inducingaflip with-95
muted residues, relative to arandom sampling baseline that required
~170residues (Supplementary Fig. 5¢). In contrast, muting residues on
the basis of their rank by simpler statistics such as the position-specific
scoring matrix entropy change or average absolute Ml change did not
outperform random selection (Supplementary Fig. 15a), indicating
that changes to specific pairwise correlations drive ROCKET’s per-
formance. Further analysis of the top-ranked pairs revealed that the
signalis not uniformly distributed but is instead concentrated; the top
155 pairsin the ||AMI|| ranking involve fewer unique residues than 155
randomly selected pairs (Supplementary Fig15b). Asshownin Fig. 5d,
theinvolved residues cluster at the interface ‘below’ the activationloop
and at contact points for the active conformation of the loop (super-
posed from PDB 2GQG), while residues at the ‘back’ of the kinase are
hardly affected. Nevertheless, nearly one third of the entire proteinis
involved in some of the residue-residue correlations that need to be
muted to undo the activation loop’s conformational switch, reinforc-
ing the challenge of engineering such transformations manually and
motivating the development of learned conditioning approaches.

While additional work is needed to fully realize these extensions,
our study marks critical progress by showing that structure optimi-
zation in coevolutionary embeddings can overcome limitations of
conventional refinement. Additionally, by introducing differentiable
likelihood targets for cryo-EM and crystallography, which include a
robust treatment of measurement error, we provide aframework that
iswell suited for training future predictive models. More broadly, our
Bayesian approach to combining information learned by ML mod-
els with information obtained by direct observation establishes a
foundation for continuous interaction between ML and experi-
mental data. This interplay is critical for the interconnected goals
of scaling experimental throughput and training ML models with
enhanced functionality.

Our atomic model building is automated, requires no retraining
and, for difficult cases, produces models of quality comparable or
even superior to those created by expert human modelers. Despite
thisadvance, certain limitations remain. First, itis always advisable to
inspect refined models visually and to validate critical aspects of the
model by complementary data when the experimental map is of low
quality. For crystallographic cases, the current approximation of the
atomic displacement parameters is derived empirically from model
confidence and could beimproved by incorporating considerations of
density fit at the residue level. Additionally, because OpenFold is not
explicitly aware of crystal contacts, ROCKET may struggle to converge
to certain lattice-constrained conformations. We expect that this
limitation can be addressed by extending ROCKET to use multichain
models”. We also noticed that ROCKET can fail to flip smallloops (3-4
residues in length) that contain bulky side chains. We show examples
of cases that are difficult for ROCKET in Supplementary Fig. 16. Per-
haps mostimportantly, iterative backpropagation through OpenFold
is memory intensive and limits the maximum size of the protein or
domain that can be refined at once—about 500 residues on a 40-GB
A100 GPU (Supplementary Fig.17). We believe that this can be extended
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with further code optimization and the implementation of a learned
mapping for single-shot MSA profile bias, mentioned above, could also
help overcome this limit.

Naturally, assessing biological accuracy solely through the lens
of how well the atomic model fits experimental maps has inherent
limitations, as both cryo-EM and crystallography can introduce arti-
facts”. Ultimately, multimodal information is essential for building
a full picture of physiological protein states and functions. For this
purpose, our approach is readily adaptable to alternative loss func-
tions that combine multiple sources of experimental and computa-
tional data, supporting integrative modeling strategies for biological
structure determination.

Online content
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Methods

ROCKET algorithm and processing pipeline

ROCKET’s inputs and preprocessing steps are summarized in Algo-
rithm 1, while the ROCKET inference-time optimization algorithm is
summarized in Algorithm 2.

Inputs and preprocessing pipeline. For crystallographic datasets, a pro-
teinsequence and areflection MTZ file (or CIF file) containing observed
intensitiesand their uncertainties are required; for cryo-EM datasets, two
half-maps are required. As outlined in Algorithm 1, to obtain an aligned
reference model (xf), we use Phasertng” for molecular replacement
with crystallographic datasets and a likelihood-based docking tool,
EM_placement’®, with cryo-EM datasets. These determine the correct
posefromaninitial, unconditional AF2 model. These tools also estimate
experimental data parameters for refinement, such as £.and D, which
represent observed normalized amplitudes and an accounting for meas-
urement error, respectively”’, and are described further below.

Algorithm1: ROCKET Preprocessing
function PREPROCESSING (ProteinSeq, ReflectionMTZ, HalfMaps)
xinitial p] DDT™!, m&***"Pofle —OpenFold_Inference(ProteinSeq)
pseudo B =pLDDT _to_pseudo B(pLDDT*\)
ifReflectionMTZ then
MR _solution, x™ = Phasertng_ MR(x™"# ReflectionMTZ)
E,, D, =Phasertng_Preprocess(ReflectionMTZ)
return x'', £,, Dy, pseudo Bef, m S e-Prome,
Type : Crystallographic
elseif HalfMaps then
x"f= CryoEM_Dock(x™M! HalfMaps)
E,, D,,,= CryoEM_ParameterEstimation(HalfMaps)
return
X'ef ., Dops, pseudo BT, mg”smf"mme, Type
else
return Error: Missing required data (ReflectionMTZ or
HalfMaps)
endif
end function

: Cryo — EM

Refinement algorithm. ROCKET optimizes a linear bias (with scales
w and offsets b) that it applies to the starting MSA cluster profile
(m¢*** ™) to maximize agreement between an OpenFold prediction
(xPrediction) and experimental data (E,). This agreement is quantified by
adataLLGtarget, £, Whichis combined with an optional positional
restraint, £,,, toyield anoverall objective function £, described below.
The shapes of the wand b tensors match that of the MSA cluster profile
tensor (number of MSA clusters X number of residues x 23)".

Algorithm 2: ROCKET Refinement
function REFINEMENT (E,, Dyys, Nicerr X', pseudo B, mfst-refte,
ll’mu]l Iraddr wLZ)

W= Ones_like(mgluster,proﬁle)

>Initialize multiplicative
bias
>Initialize additive bias

b= zeros_like(mf)l““e“p“’ﬁ'e)

optimizer =adam({w:Ir,,, b:Ir44})
foriter=1...N,. do
mc]uster_proﬁle =wOm
xprediction 5] DDT = OpenFold_Inference(mster-profile)
pseudo B=pLDDT_to_pseudo B(pLDDT)
X2 = Weighted_Kabsch(xPredicton x™f nseudo B™f)
xRER = Rigid_Body Refinement(x™, pseudo B, E., D)

(c)luster,proﬁle +b

Li16 = LLG(xRBR, pseudo B, E,, Dyps) >LLG Targets
£, = Weighted_L2 (xRBR x¢f pseudo B'ef) >Weighted
L2loss

L=Lyc+wys- L
£L.backward()

optimizer.step()
end for
returnx*®, w,b
end function

During each ROCKET iteration, we apply alinear bias to the initial
cluster profile matrix and then run OpenFold inference to obtainanew
prediction, along with its pLDDT confidence values. For crystallogra-
phy, our currentimplementation estimates atomic B factors at every
iteration from pLDDT confidence scores using a previously established
heuristic?, without explicitly refining them. Specifically, we convert
pLDDT valuesinto equivalent r.m.s.d. values, using the empirical rela-
tion from Baek et al.?, and then to corresponding pseudo B factors:

sm? 2
pseudoB — T[l's % e4><(0.7—0.01><pLDDT)] (1)

At every iteration, we align the newly predicted model to the refer-
ence model using a weighted Kabsch alignment (with weights deter-
mined using the pseudo B factors as described in Eq. 16), followed by
rigid-body refinement, elaborated later. We then compute the experi-
mental LLG using the aligned coordinates and the pseudo Bfactors.

In practice, ROCKET runsintwo phases: an ‘adventurous’ phase 1
and a ‘fine-tuning’ phase 2. We apply different learning rates for the
multiplicative (w) and additive (b) components of our MSA profile bias
and these rates vary across phases. In phase 1, we use higher learning
rates (by default, Ir,,,,=1.0 and Ir,4, = 0.05) and adefault low-resolution
cutoffof 3 A. We also incorporate aweighted Co mean squared distance
betweenthe reference modeland latest predictionasanL,regulariza-
tion term that quantifies initial model confidence. The weights are
computed with the same scheme used for the weighted Kabsch align-
ment, discussed further below.

£ = w(pseudo B) - (X3 — x’ef)2 )

with the confidence-based weights w(pseudo B) defined in Eq. 16 and
the final loss for backpropagation:

L=Lyc+wnalpn (3)

By default, the L, loss weight is w,, =10, We run phase 1 for three inde-
pendent traces, each consisting of 100 iterations, and select the model
with the best LLG score to proceed to phase 2. The aim of phase 2 is to
further fine-tune the structure. By default, we set phase 2 to run for 500
iterations with both Ir,,, and Ir,44 to 107 and remove the L, loss term
(w,,=0).Anearlystop occursifthe LLG score does notimprove by more
than 0.1 for 50 consecutive iterations. Furthermore, Supplementary
Fig.19illustrates the efficacy of phase 1for avoidinglocal optimathrough
the example of the c-Abl kinase crystallographic dataset (PDB 3PYY).

The pseudo Bapproximation can limit accuracy by not capturing
finer structural details. Moreover, geometric validation indicates
that outputs fromtheiterative optimization have more bond outliers
and steric clashes than stricter refinement protocols typically allow
(Supplementary Fig. 5f). To address these limitations, we append
a short standard local refinement step using phenix.refine'® after
iterative OpenFold inference. Analogous to AMBER relaxation in
standard AF2 pipelines’, this step further optimizes geometry (Sup-
plementary Fig. 5) and displacement parameters, polishing the final
model’s overall quality.

Implementation. ROCKET isimplementedin PyTorch1.12.1asan exten-
sion of the OpenFold system. It currently uses the monomer version
of OpenFold with AF2 model_1 weights to maintain consistency with
AF2’s datasplits. This allows for prediction and refinement of crystal-
lographic datasets containing a single chainin the asymmetric unit or
one domain (atatime) inacryo-EM complex.
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Crystallographic LLG targets
For crystallographic datasets, we use the LLG onintensity (LLGI) target
introducedinaprevious study’’, which can be expressed as follows, for
acentric and centric reflections:

LLGL,(E;Ec) = In ["a(f(:)a]
4)

=In [Pa(Ee; EQ)] — In [Pa(Ee)]

LLGI(E;Ec) = In [”=(E(£E)C’]
©)

=In[pc(Ee; Ec)] — In[pc(Ee)]
with p, (Ee) = 2E, exp (—£2), p (Ee) = (%)l/2 exp (-%) and

2
palEciE) = tebuond |

1-D? o?

exp [ 2 51 ©

lD2

2D s OpE E
I obs YA C
x"( 10 &

obs

2(1-D2, )

obs

12 )
. _ 2 Ez+(DopsOakc)
pc<Ee,Ec)-[—"(lDz az)] exp[ —]

obs

E.E
x cosh ZobsOAZetc
( 1-D2, a2

@)

where p(x; y) denotes the conditional probability of x given y.

As defined previously”, E, is the ‘effective’ observed normal-
ized amplitude, E. is the normalized structure factor amplitude
calculated from the predicted modelin adifferentiable manner using
SFCalculator with solvent correction®, D, encodes the reduction
in correlation between true and effective normalized structure
factors arising from experimental error and o, is a resolution-
dependent factor that encodes the reductionin correlation between
the true and calculated normalized structure factors arising from
model error.

We refine g, in resolution bins’® at every ROCKET iteration using
the Newton-Raphson optimization method”. The LLG of the observed
effective amplitudes, E,, given the calculated amplitudes, E, is maxi-
mized by refining o,. The derivative of the LLG with respect to g, for
eachresolution binis given by

ALLG _y dlnp( EeuECqu)
aUA

8

i (U
whereiisanindex over observations. The second derivative is given by

)

0’LLG _ Z 2Inp (Ees Ec,isOn)
002 7 0d?

We obtain the updated value of g, using a Newton step:

1
Ly

BUA (10)

.
g;ewng_(m>

2
do,

The value of g, is constrained within [0.015, 0.99] to maintain physical
relevance and stability during refinement. For all LLG and 0, estimates
we use the working set of reflections (we find that using the working
set for g, refinement does not lead to any meaningful overfitting with
ROCKET; Supplementary Fig. 18). We keep a test set of reflections for
final R calculation after conventional refinement.

LLG target and noise modeling for cryo-EM

For cryo-EM data, we follow the method outlined previously™
docktheinitial predictioninto the experimental map. ROCKET works
with a sphere surrounding the model, with contributions from any

other fixed components within that sphere being accounted for. We
model the signal and noise in Fourier space to account for directional
and resolution-dependent variations in data quality. The signal is
derived from correlations between Fourier terms of the experimental
half-maps, while the noise is deduced from their differences®.

For asingle Fourier term, the LLG is given by

2D, Ee+Ecqic-cOS(A
LLGcryo — 2:Dobs-0n-Ee-Ecaic-COS(A9)

1-D% o}
1
D3y O (Ee+EL,) —In(1-D% &2 an
- 1-D? 02 ( obsaA)

obs

where E, and £, are the normalized amplitudes of the observed
and calculated Fourier terms, = @, — @oss is the phase difference
between these Fourier terms and D, and 0, are analogous to their
crystallographic counterparts.

We compute g, for each resolution bin as described previously®,
using observed normalized amplitudes (E,), calculated normalized
amplitudes (E,.) and the phase difference A¢ = @ .ic = Pops-

For the cryo-EM cases, which are not affected by phase bias, we
updateresidue-level Bfactors at eachiteration using a conversion that
isinformed by local RSCC to the experimental map.

Cryo-EM map resolution degradation

Fortesting, itisinvaluable to have low-resolution cryo-EM maps for which
theground truthis knownfromacorresponding higher-resolutionmap.
Simple Fourier filtering can remove high-resolutioninformationbut the
resulting dataare much higherin quality at the new resolution limit than
one would encounter with real data.

Oneapproach, used for instance in testing the Q-score algorithm®®,
is to make reconstructions with progressively fewer particle images.
This approach was used to generate lower-resolution versions of the
GroEL:GroES-ATP complex, using cryoSPARC®' to reprocess data
obtained from EMPIAR-11481. Subsets of particles used in the original
reconstruction were selected randomly: areconstruction with C,sym-
metry using 45,174 particles yielded a map at 2.9-A resolution, while
maps at the lower resolutions of 4.9 A and 6.8 A were produced using
310 and 247 particles, respectively.

Asecond approach,inwhichindependent complexrandom noise
isadded to the half-map Fourier terms, is much faster and allows finer
control of resolution limits. Implementing this approach required first
defining targets for the FSC curves that would be expected at different
resolution limits. This was achieved by devising a functional form for
an equation that could fit a wide variety of FSC curves in the EM Data
Bank. The underlyingidea for the functional formis that the variation
of FSC withresolutionis controlled by the relative size of the signal and
noise powers at zero scattering angle and the difference in how those
powers fall off with resolution.

r

Fsc= r + exp(AB|s|2/4)

(12)

whereristheratiobetween the signal and noise powersats=0and AB
is the difference in the falloff B factors for signal and noise.

FSCcurveswere downloaded for allthe EM Data Bank entries where
half-map dataand author-supplied FSC curves were deposited in2024.
These were ordered by nominal resolution and every tenth entry was
taken, yielding 458 cases. Good fits were obtained for most FSC curves
by optimizing the values of rand AB; the best-fit resolution (S, = 1/d i)
was defined as the point where the fitted FSC curve was equal to 0.143.
Then functional forms for rand ABinterms of s,,,,, were fitted.

I = 344680 exp(3.005335m,y + 4.2789552, ) 13)

AB = 17.1158 + 12.0213 /5,15 + 21.3225/s2 14)

max
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To match the target FSC curve in a particular case, the Fourier terms
are divided into resolution shells. In each shell, the signal and noise
powers are determined and then the amount of noise required to match
the desired FSCis computed and added to the half-map Fourier terms.
Finally, the half-maps are computed using only the Fourier terms to sy,,.

Weighted Kabsch alignment and rigid-body refinement

As stated above, we use the initial prediction from OpenFold to run
Phasertng (or EM_placement for cryo-EM) for molecular replacement.
For every iteration, we align the OpenFold model to the reference
molecular replacement solution before computing the relevant LLG
score. Thisalignmentis performed by first solving the following mini-
mization problem with the Kabsch algorithm®:

. 2
X;ef _ foredlcnon (15)

1O =3 YW
i=1

where C denotes the rotation-translation matrix, x and xf’edi“"’" are
corresponding atomic coordinates of atomiin thereference and moving
model, respectively, and w;denotes positional weights. Only Cacatoms
areincludedinthealignment and their weights are determined empiri-
cally from the pseudo B values of the reference structure (the first,
unconditioned OpenFold prediction). Specifically, for eachresidue,

1.0 pseudoB <115

pseudoB-11.5
40.0-11.5

0.5exp(—y/ pseudoB —40.0) pseudoB > 40.0

w(pseudoB) =4 1L0—-0.5x% 40.0 > pseudoB > 115

(16)

Translationvectors are determined by the vector difference of weighted
center of mass of Cooatoms in the reference and moving models; then,
the rotation matrices are estimated with Kabsch algorithm. Once the
alignment is completed, a subsequent rigid-body refinement is per-
formed through gradient optimization of the LLG target:

C* =arg max LLG(E,, X, C) 17)

where x represents the model coordinates after Kabsch alignment.
Whenthe predicted aligned error matrix from AF2 canbe used automat-
ically tosplit proteinsinto domains, ROCKET performs domain-specific
alignments to make the best use of gradient information fromthe LLG.

Multichain dataset handling
ROCKET can readily handle monomeric protein predictions in its
current form. We also demonstrated refinement of crystallographic
datasets that contain two chains in the asymmetric unit for the
kinase datasets (PDB 3PYY in Supplementary Fig. 6 and PDB 7DT2 in
Supplementary Fig.16). For these cases, we included the second chain
present in the asymmetric unit as a fixed Fourier contribution in the
likelihood calculation but excluded it from refinement.

General multichain refinement requires integrating ROCKET with
a multimeric model such as OpenFold-Multimer. We present a first
demonstration on ZPD (Fig. 4), where chains A-C are predicted and
refined simultaneously using OpenFold-Multimer weights at infer-
ence time. ZPD is arelatively small multimeric complex, allowing this
demonstration within ROCKET’s current memory constraints.

ZPD sample preparation and structure determination

Chicken ZPD was prepared following an established procedure’,
except that a HEPES buffer (H0887, Sigma) supplemented with pro-
tease inhibitors (protease inhibitor cocktail set Ill, EDTA-free; Cal-
biochem) was used. On the basis of densitometry using BSA bands
as standards (Supplementary Fig. 20a), the yield of ZPD was esti-
mated at ~0.35 mg from ~70 mg wet weight of chicken egg coat. ZPD

was notably concentrated in the crude ZPD preparation (reaching
~-0.70 mg ml™?), albeit with residual contamination of ZP1 and ZP3
(Supplementary Fig. 20).

Data processing was carried out using cryoSPARC v.4.7.0. Follow-
ing patchmotionand patch contrast transfer function estimation, fila-
ments were initially traced inasubset of 2,000 micrographs. Particles
were extracted with a box size of 512 pixels and Fourier-cropped to
128 pixels for two-dimensional (2D) classification, generating initial
templates for subsequent template-based filament tracing. After
several rounds of tracing using well-defined classes, a total of 1,113,548
particles were extracted and subjected toiterative 2D classification to
remove low-quality particles. Abinitio reconstruction was then per-
formed, followed by heterogeneous and homogeneous refinement.
To further resolve particle heterogeneity, 3D classification with five
classes was conducted using a principal component analysis-based
approach. Fromthis, afinal dataset of 317,745 unbinned particles was
selected. Helical parameters were determined by indexing the power
spectrum® generated from cryoSPARC’s ‘average power spectra’ job
and compared to power spectra of potential models using SPIDER®*.
Initial helical twist 126.8° and rise of 69.7-A values obtained from
this analysis were used as input for helical refinementin cryoSPARC,
which refined them to a twist of120.8°and arise of 71.4 A. Amaximum
symmetry order of 3was applied during reconstruction, resultingin
amap with a nominal resolution of 8.6 A. A single-particle process-
ing strategy was applied to the second, higher-resolution dataset. A
total of 2,031,564 particles were extracted with a box size of 512
pixels and Fourier-cropped to 128 pixels. Iterative 2D classifica-
tion, combined with heterogeneous refinement including multiple
noise classes, was performed to clean the dataset. Selection of good
classes after 3D classification resulted in a final subset of 498,339
unbinned particles, which were further subjected to homogene-
ous and nonuniform refinement. A focused mask was then applied
to the central region of the map for local refinement, producing
a reconstruction with a nominal resolution of 4.6-A resolution.
Data collection statistics for the two ZPD datasets are reported in
Supplementary Tables 2 and 3.

For non-ROCKET modeling of ZPD, a local installation of AF3
(ref.9) was used to predict aminimal filament fragment encompass-
ing a full protein chain and two half ones (as previously done for
uromodulin’, as well as the ZP1-ZP3 complex®’). The top-scoring
model (ranking score 0.8) was then fitted into a version of the ZPD
low-resolution map postprocessed by EMReady2 (ref. 71) through
rigid-body docking in Chimera®, followed by flexible fitting with
Namdinator®, trimming of nonresolved terminal residues and fit-
ting of clear N-glycan densities in Coot¥. The resulting model was
finally subjected to positional real-space refinement using noncrys-
tallographic symmetry (NCS) constraints and increased nonbonded
interaction weights, followed by atomic displacement parameter
refinement against the unsharpened map with phenix.real_space_
refine®. The coordinates refined against the low-resolution data
were used as a starting point for extending the model with an addi-
tional EGF and ZP-N domain fragment from a fourth ZPD subunit;
after rigid-body docking into the medium-resolution map and man-
ual editing of N termini and glycans, the resulting seven-domain
model was flexibly fitted using the cryo_em_minimizer script of the
cg2all package®. Refinement was initially performed with phenix.
real_space_refine as described above; subsequently, the model was
refined against the medium-resolution half-maps using the REF-
MAC Servalcat task of CCP-EM Doppio’*” and applying global NCS
restraints, ProSMART’>-generated self-restraints and an increased
weight of nonbonded interactions (‘vdwr 2’). Model geometry and
map-fitting parameters were computed using the comprehensive vali-
dation tool of PHENIX®?. Helical indexing of the medium-resolution
single-particle map of ZPD, performed with HI3D"*, yielded helical
parameters of twist =115° and rise = 71 A.

Nature Methods


http://www.nature.com/naturemethods
http://doi.org/10.2210/pdb3PYY/pdb
https://doi.org/10.2210/pdb7DT2/pdb

Article

https://doi.org/10.1038/s41592-026-03047-4

Data visualization

Visualization of PDB structures and experimental densities was per-
formed with PyMOL (Schrodinger)® and Moorhen?. Structure valida-
tion was performed with MolProbity”.

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

Data availability

Datasets are made available for tutorials and further experiment on
Zenodo (https://doi.org/10.5281/zenodo.15084557)°%. Cryo-EM maps
and atomic coordinates of the ZPD filament have been deposited in
EMDB and PDB with accession codes 28Y) and EMD-56971, respectively.

Code availability

All ROCKET code and target functions are available from GitHub
(https://github.com/alisiafadini/ROCKET) and the v.0.1.0 used
for the paper is archived on Zenodo (https://doi.org/10.5281/
zenodo.15084557)°. Documentation and tutorials can be found online
(https://rocket-9.gitbook.io/rocket-docs).
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