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SI Figure 1: Guidance of 2KZV (top) and 1DEC (bottom) structure by NOE pairwise distance
bounds with varying data term strength. Visualized are the pairwise distance constraint violations
for the PDB ensemble, unguided AlphaFold3, and NOE-guided predictions with varying data term
strength indicated in parenthesis. The fraction of the violated constraints and their median violation
are reported below each structure. A single best-fitting structure from the ensemble is shown for
clarity. Plots show cumulative distribution of constraint violations.
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SI Figure 2: Guidance of ubiquitin structure with the combination of NOE pairwise distance bounds
with amide (top) and methyl (bottom) order parameters obtained from relaxation data (ps-ns motion).
(A) Experimentally measured amide order parameter S2 from [22] (black) vs. order parameter calculated
from the ensembles of different methods. (B) The same data visualized as a scatter plot with correlation (r,
higher is better) and normalized fitting error (q, lower is better) factors. (C) Visualization of the disorder
parameter on the NOE+S2-guided ensemble. Lower values mean bigger motion. (D) Experimentally
measured methyl order parameter S2 from [21] (black) vs. order parameter calculated from the ensembles
of different methods. Cγ and Cδ groups are indicated in green and yellow, respectively. For instances with
two data points, these refer to the two methyl groups of Val (γ1, γ2), Leu (δ1, δ2) and Ile (γ2, δ1). (E)
Same data visualized as scatter plots. (F) Visualization of the disorder parameter on the NOE+S2-guided
ensemble with relevant bonds colored by their S2 values.
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SI Figure 3: Guidance of ubiquitin structure with the combination of NOE pairwise distance bounds
with amide (top) and methyl (bottom) order parameters obtained from residual dipolar coupling data
(µs-ms motion). (A) Experimentally measured amide order parameter S2 from [29] (black) vs. order
parameter calculated from the ensembles of different methods. (B) The same data visualized as a scatter
plot with correlation (r, higher is better) and normalized fitting error (q, lower is better) factors. (C)
Visualization of the disorder parameter on the NOE+S2-guided ensemble. Lower values mean bigger
motion. (D) Experimentally measured methyl order parameter S2 from [9] (black) vs. order parameter
calculated from the ensembles of different methods. Cγ and Cδ groups are indicated in green and yellow,
respectively. For instances with two data points, these refer to the two methyl groups of Val (γ1, γ2),
Leu (δ1, δ2) and Ile (γ2, δ1). (E) Same data visualized as scatter plots. (F) Visualization of the disorder
parameter on the NOE+S2-guided ensemble with relevant bonds colored by their S2 values.
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SI Figure 4: ANSURR [11] measures how well a structure’s residue-by-residue rigidity profile
agrees with that inferred from NMR chemical shifts: the correlation score captures similarity of
the pattern (where flexible/rigid regions occur), while the RMSD score captures agreement in the
magnitude of rigidity/flexibility across residues. Scores are normalized from 0 to 100 with higher
numbers indicating better agreement. Depicted is the paired difference in the two ANSURR scores
between the NOE-guided ensembles and the corresponding PDB structures. Each point corresponds
to one of the evaluated 77 structures for which the median shift was above 80%. Marginal plots show
kernel density estimates of each score individually. Our guidance method consistently improves the
RMSD score while maintaining comparable correlation scores.
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SI Figure 5: A summary of per-residue real-space correlation coefficients (RSCC) for the evaluated
X-ray crystallographic structures reported in Table 2. Color-coded bars represent the RSCC of
the deposited PDB structure (blue), electron density-guided AlphaFold3 with OMP (dark green)
and occupancy optimization ((light green) ensemble pruning, and unguided AlphaFold3 with OMP
(dark red) and occupancy optimization (light red) ensemble pruning.
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SI Figure 6: Per-residue real-space correlation coefficients (RSCC) for the 5SUJ X-ray crystallo-
graphic structure with unmodelled density (highlighted in grey). Color-coded bars represent the
RSCC of the deposited PDB structure (blue), completed structure with pdbfixer (purple), electron
density-guided AlphaFold3 with OMP (dark green) and occupancy optimization ((light green) en-
semble pruning, and unguided AlphaFold3 with OMP (dark red) and occupancy optimization (light
red) ensemble pruning.

SI Figure 7: Per-residue real-space correlation coefficients (RSCC) for the 6S7N X-ray crystallo-
graphic structure modeled with electron-density (ED) guided AlphaFold3 iterated with real-space
refinement. Color-coded lines represent the RSCC of the deposited PDB structure (blue), unguided
AlphaFold3 prediction (red), first iteration in which the entire structure was ED-guided (olive),
followed by phenix real-space refinement and a second iteration of partial structure guidance for
residues 1−38 (green), followed by phenix refinement and a third iteration of partial structure guid-
ance for residues 96 − 105 (brown). Further iterations with partial guidance in worst-performing
regions show further albeit diminishing improvement in RSCC.
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SI Figure 8: Repeatability of generated ensembles with five random seeds using initial ensem-
ble sizes of 16 (A) and 64 (B) members. The generated backbones are overlaid on top of the
corresponding PDB models depicted in white.
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2 Supplementary Methods

2.1 Models, resources, and packages

For all experiments, we used Protenix [32] – an open-sourced PyTorch re-implementation of Al-
phaFold3. For the AlphaFold3 baseline mentioned across experiments, we used the official Al-
phaFold3 weights and source code [2].

To implement the corresponding forward models we used PyTorch (2.3.1+cu121) [25]. However,
to efficiently calculate the density for larger structures, we used PyKeOps [6] and PyTorch.% All
computations were performed on NVIDIA H100 and L40 GPUs running on Debian GNU/Linux 12
distribution.

Across all experiments, we retrieve the multiple sequence alignments (MSAs) using a wrapper
around the ColabFold MMseqs2 API [24]. The wrapper submits the query sequences to the remote
MMseqs2 server via HTTP POST, polls for job completion, and downloads and extracts the results.
The output is provided in A3M format, which is compatible with AlphaFold3.

2.2 Input data

2.2.1 X-ray crystallography

Atomic models In the X-ray crystallography workflow, the input consists of a PDB ID, a chain
identifier, and an amino acid subsequence in the chain. For this modality, we restrict our modelling
to single protein chains. The corresponding PDB structure and MTZ file is retrieved from PDB-
Redo [15] and the specific chain is identified using Gemmi (v0.6.5) [37]. From this chain, we extract
only the standard amino acid residues explicitly modeled in the PDB file, while excluding structural
waters, hydrogen atoms, and all other non-standard amino acids, and save the resulting coordinates
as a separate PDB file. In addition, we mutate Selenium Methionine (MSE) to Methionine (MET)
by replacing Selenium (SE) atoms with Sulfur (SD). We also mutate S-hydroxycysteine (CSO) to
Cysteine (CYS) by removing the Oxygen from the hydroxyl group (OG). If alternate conformations
(altlocs) are present [28], the PDB is split into the corresponding altloc files. Since AlphaFold3
uses one-based residue indexing, we renumber the residues in each split PDB to start from 1. In
many cases, the retrieved PDB files can contain incomplete or unmodelled residues due to poor
quality density. To address this, we use PDBFixer [7] (v1.9.0), which employs standard residue
templates from OpenMM [8] force fields, to model the missing atoms in all split PDBs. To avoid
steric clashes after imputing the atoms with PDBFixer, we relax the structure using AMBER-14
force field [35] relaxation. The isotropic B-factor for these imputed atoms is set to 100.00. For
AlphaFold3, the input sequence is limited to the residues explicitly modelled in the reference chain.
To construct the atom mask for applying the substructure conditioner, we use the provided amino
acid subsequence to identify residues that will primarily be optimized with the density-based loss
versus those optimized using the substructure conditioner.

Electron density maps Our proposed method generalizes across different types of real-space
electron density maps. Here, we considered three map types.

• 2Fo − Fc maps: These maps are rendered using the Phenix [3] fft command:

fft hklin mtz_path mapout map_output_path

LABIN F1=FWT PHI=PHWT SIG1=SIGFP VF000 volume f000
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The unit cell volume (volume) and the total scattering factor at zero scattering angle F (0, 0, 0)
(f000) are derived from the input atomic model. For a triclinic cell with edge lengths a, b, c
(in Å) and angles α, β, γ (in radians), the unit cell volume is:

volume = a · b · c ·
√
(1− cos2 α− cos2 β − cos2 γ + 2 cosα cosβ cos γ)

Unit cell parameters (a, b, c, α, β, γ) are parsed from the input atomic model. F (0, 0, 0) is
obtained using phenix.f000, which estimates the zero-angle scattering factor by summing
electron counts from both the atomic model and the bulk solvent. The bulk solvent contri-
bution is calculated using the default average solvent density of 0.35 e−/Å3. The atomic and
solvent electron contributions are then combined to yield F (0, 0, 0).

• Absolute-scale END maps: These density maps are generated using the END map work-
flow of [20], which combines Phenix and CCP4 programs to produce absolute-scale electron
density maps (e−/Å3 units). We run

phenix.refine atomic_model_file mtz_file strategy=rigid_body

./END_RAPID.com pdb_refine_001.eff -norapid

The atomic model first undergoes rigid-body refinement to prevent artifacts from misaligned
models. The END script then rescales the observed structure factors against the calculated
ones and offsets the density by adding F (0, 0, 0) to every voxel. This places the map on an
absolute scale, where zero corresponds to vacuum.

• Composite omit maps: These density maps are computed in Phenix using,

phenix.composite_omit_map atomic_model.pdb reflection_data.mtz

These maps reduce model bias while minimizing phase degradation.

To align the real-space density maps with the corresponding atomic models from Section 2.2.1,
we used phenix.map_box with selection_radius=10 to carve the map around the corresponding
atomic model with sufficient padding.

Since our X-ray density guidance operates locally, we carved the input density map to include
voxels within a radius of 5Å of all atoms in the residue range (and chain) of interest from the
reference PDBs. This pre-processing reduces VRAM memory consumption. During Fc computation,
the ensemble density is calculated at voxels within this 5Å local neighborhood.

2.2.2 NMR

We used three sources of NMR observables for guidance: NOE-implied distance restraints, chemical-
shift–implied backbone dihedral angles, and per-residue order parameters.

NOE-implied distance restraints. NOE restraint lists were parsed from NMR-STAR files (via
pynmrstar), selecting only NOE-derived distance restraints; other restraint types such as dihe-
dral angles, H-bonds, and residual dipolar coupling (RDC), were excluded. Ambiguous NOEs—
cross-peaks whose atom-pair assignment is uncertain—were retained and represented as disjunctive
(OR) constraints: each ambiguity group defines multiple candidate atom pairs sharing the same
bounds, and the restraint is satisfied if any one candidate meets those bounds (not necessarily all).
Lower/upper bounds were read directly from file; missing lower bounds were set to 0.0Å. We note
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that, although NOE physics is intensity-based, we adopt the common semi-quantitative distance-
bound representation here, as is standard practice in MD-resolved NMR ensemble workflows; a
future extension of our pipeline may incorporate intensity averaging within ambiguity groups prior
to distance conversion. For each system, the corresponding NMR-STAR restraint file was retrieved
from the PDB entry on the RCSB website.

Chemical-shift-implied dihedral angles. Backbone Φtgt/Ψtgt angles used in combined cryo-
EM and NMR guidance were inferred from raw chemical shifts using TALOS-N [30], a tool that infers
potential ranges of backbone dihedral angles from chemical shifts. Per target, the chemical-shift
lists were retrieved from the BMRB entry cross-referenced to the corresponding PDB ID.

Order parameters. Order-parameter (S2) values were taken on a per-residue basis from the re-
spective publications (or associated supplementary datasets) for each target. Across all observables,
when required values or bounds were unavailable for a residue or atom pair, we masked that item
and did not guide on it.

2.2.3 Cryo-EM

In the Cryo-EM workflow, the inputs include a reference atomic model, amino acid sequences, and
the corresponding electrostatic potential (ESP) map from the EMDB [1].

Atomic models In cryo-EM, the objective is not to refine high-resolution reference structures, as
in X-ray crystallography, but to fit amino acid sequences into experimentally resolved volumes. This
distinction is because of the lower resolution of cryo-EM ESP maps, which makes them useful for
studying larger protein structures. Here, reference PDB structures from RCSB [27] are primarily
used to align chain labels, construct atom masks, and serialize outputs. Unlike crystallographic
pre-processing pipelines, missing residues or atoms are not imputed with modeling software (like
PDBFixer), and alternate conformations are not split into separate models. To ensure consistency
with AlphaFold3, all residues are renumbered to be 1-indexed. Finally, because cryo-EM often
targets large complexes, multimeric inputs along with multiple sequences can be provided. Relevant
residue ranges and chain identifiers are specified alongside the sequences before guidance.

Electrostatic potential maps The input ESP volumes are obtained from the Electron Mi-
croscopy Data Bank (EMDB) [1] in ‘.map’ or ‘.mrc’ format. To reduce VRAM usage without losing
resolvable information, ESP maps with large side length D are downsampled in Fourier space to a
smaller side length D′ < D. The reported resolution r (in Å) is used to verify that the Nyquist
frequency of the downsampled grid remains sufficient. This is checked using

D′ ≥ 2D

rd

where d is the original voxel size in Å. This relation follows from (i) conservation of the total physical
side length D ·d = D′ ·d′ =⇒ D′ = Dd

d′ and (ii) the Nyquist criterion r′nyquist = 2d′ ≤ r =⇒ 1
d′ ≥

2
r .

Lastly, atomic masks are generated using the reference protein to provide controlled guidance,
but are constructed in a way that maintains the generality of the approach:

• Global mask: A global mask is defined to include all voxels within rmax = 2.1 Å of the atoms
in the reference protein. Empty regions of the masks are filled using convex hull implemented
in scipy.spatial.ConvexHull [34].
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• Per-chain mask: For multimeric structures (e.g., amyloids), masks are generated per chain
using a similar rmax distance threshold. Since this is restricted to well-separable chains, user-
defined masks could likewise be imported after manual generation. This is later used to obtain
better-defined guidance directions.

2.3 Protein structure inverse problems

Notation: The amino acid sequence of a protein is denoted by a and the corresponding 3D
Cartesian coordinates of all atoms is denoted by X = (x1, . . . ,xm), where xi ∈ R3 is the position
of the i-th atom.

Problem Setting: Given a protein’s amino acid sequence a and its corresponding experimental
observation y (from crystallography, NMR, or Cryo-EM), our goal is to sample an experimentally
faithful ensemble of n structures X = (X1, . . .Xn) from the posterior distribution p(X | a,y).

The posterior distribution can be factorized as p(X | a,y) ∝ p(y | X ,a) · p(X | a) using Bayes
Rule. The prior term is captured by p(X | a) which is the likelihood of an ensemble conditioned
on the amino acid sequence a. Using probabilistic laws, individual terms can be factorized into a
product of independent samples in the prior term,

p(X = (X1 . . .Xn) | a) =
n∏
i=1

p(Xi | a) (1)

In our case, the prior p(X | a) is implicitly modelled by AlphaFold3 [2].
The data term p(y | X ,a) represents the probability of the experimental data y given the

protein structure ensemble X and the amino acid sequence a. Since the data term is conditioned
on the entire ensemble, we cannot separate the likelihood into separate structures. In essence, the
data term models the underlying physics of the experiment. In this paper, we model the data term
for three experimental modalities:

1. X-ray crystallography where we use real-space electron density (ED) maps;

2. NMR where we use nuclear Overhauser effect (NOE) pairwise distance restraints, amide (N-
H) and methyl (C-C) order parameter obtained using relaxation (sensitive to ps-ns motion
timescale) and residual dipolar coupling (RDC, sensitive to µs-ms motion timescale), and
backbone dihedral angles ϕ and ψ estimated from NMR chemical shifts using TALOS-N [30];

3. cryoEM where we use electrostatic potential (ESP) maps.

Additionally, in all modalities we use the following terms:

1. Substructure conditioning allowing to fix parts of the structure to follow an existing model;

2. Validity ensuring physically plausible bond lengths, valence angles and lack of steric intersec-
tions.

In the sequel, we describe in detail the construction of these likelihoods.
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2.3.1 Guided diffusion and non-i.i.d. sampling

AlphaFold3 generates structures using a diffusion-based generative model [13] over all-atom coor-
dinates. In its original formulation, a single structure X is produced by integrating a variance-
preserving stochastic differential equation (SDE) [31].

dX = −
(
1

2
X+∇X log pt(X | a)

)
βt dt+

√
βtN (2)

where βt is the noise schedule, N ∼ N (0, I) is sampled from an isotropic normal distribution, and
∇X log pt(X | a) is the learned score function modelled by AlphaFold3 [16]. To predict a single
structure, AlphaFold3 samples from the prior distribution XT ∼ N (0, β0 · I) and integrates the
SDE in Equation 2 from t = T to t = 0 to iteratively desnoise the diffusion variable XT to a
noiseless protein structure X0.

In our setting, we expand the current SDE to model ensembles instead of single structures.
Formally, we sample an ensemble X = (X1,X2, . . . ,Xn) of n structures. Thus, we can generalize
the SDE in Equation 2 to samples ensembles instead of a single structure.

d

X
1

...
Xn

 = −

1

2

X
1

...
Xn

+

∇X1 log pt(X
1 | a)

...
∇Xn log pt(X

n | a)


βdt+

√
βt

N
1

...
Nn

 (3)

where Nk ∼ N (0, I) and the unconditional score term ∇Xk log pt(X
k | a) can be separated into

independent structures like in Equation 1. In order to sample a non-I.I.D. ensemble from the
posterior distribution, we plug in the guidance score to Equation 3, obtaining,

d

X
1

...
Xn

 = −

1

2

X
1

...
Xn

+

∇X1 log pt(X
1 | a)

...
∇Xn log pt(X

n | a)


βdt− η∇X log p (y|X ,a)βdt+

√
βt

N
1

...
Nn

 (4)

Unlike the unconditional score term, the guidance score term Equation 4 is not separable because
it is conditioned on ensemble X . Also, the hyperparameter η can be used to scale the strength of
the guidance score and direct the flow towards higher posterior likelihood regions. The Pseudocode
for guided AlphaFold3 is provided in Algorithm 1.

Parameter settings For X-ray crystallography, we consistently set η = 0.1. For NOE con-
straints under NMR, we experimented with values η ∈ {0.1, 0.2, 0.3, 0.4, 0.5} and selected the
best-performing result. For order parameters under NMR, we fixed η = 0.3. To ensure numer-
ical stability during the diffusion process, we apply gradient clipping to clip the guidance score. For
Cryo-EM, the used values were η ∈ 0.1, 0.15, 0.2 where the best values per structures were chosen.

2.4 X-ray crystallography models

Let X = {Xk}nk=1 be an ensemble of n conformers and conformer Xk have atomic coordinates {xki }
and isotropic B-factors Bk

i . The observed electron density is denoted as Fo : R3 → R. In order to
restrict map comparisons around a region of interest, we use a spatial mask.
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Forward model. To compute the crystallographic likelihood term, we first calculate the theoret-
ical electron density map Fc : R3 → R for all structures in ensemble X . Fc can be calculated at
any spatial coordinate location ξ ∈ R3. For a single conformer Xk = (xk1 . . .x

k
m), Fc is a sum over

kernel-density estimates built from six spherical Gaussians centered at the symmetry operation [5]
of every atom.

Fc(ξ;X
k,a) =

Ns∑
q=1

m∑
i=1

6∑
j=1

ai,j ·
(

4π

bi,j +Bk
i

)3/2

exp

(
−4π2

bi,j +Bk
i

· ∥(Rqx
k
i + tq)− ξ∥22

)
(5)

Here, Ns is the number of symmetry operations [5], m is the number of atoms in the asymmetric
unit of conformer Xk, Rq ∈ SO(3) is the rotation matrix of symmetry operation q, tq ∈ R3 is
the translation vector of the symmetry operation q, ai,j and bi,j are tabulated atomic form-factor
coefficients for each heavy atom xki [26], and Bk

i is the B-factor which represents the isotropic
displacement parameter [33]. Here, we consider the B-factor to be a bandwidth parameter.

We can extend the density calculation at spatial coordinates ξ to ensembles

Fc(ξ; {Xk}nk=1,a) =
1

n

n∑
k=1

Fc(ξ;X
k,a) (6)

Fc(ξ;X
k,a) is computed using Equation 5. For our experiments, we assume that each atom has a

uniform B-factor that is inversely related to the size of the ensemble, Bk
i = 4

n∀i, k. Additionally,
we use an ensemble size of n = 16 for all our experiments. Our guidance framework differentiably
incorporates all symmetry mates of the non-hydrogen atoms belonging to the chain of interest.
In subsequent post-processing steps, we further append structural waters, non-standard residues,
ligands, ions, and atoms from other chains of the proteins together with their respective symmetry
mates.

X-ray log likelihood. To quantify the agreement between observed and calculated electron den-
sity maps, we measure the L1 norm of the difference between the calculated ensemble-averaged
density Fc (from Equation 6) and the observed density Fo:

log p(y = Fo | X ,a) = −
∥∥∥Fo(·)− Fc(·; {Xk}nk=1,a)

∥∥∥
1

(7)

The log-likelihood computation has been summarized in Algorithm 2.

2.5 NMR models

Differentiable hydrogen placement. AlphaFold3 does not explicitly model hydrogen atoms,
yet their positions are essential for accurately modeling NMR observables. To address this, at each
sampling step we first reconstruct hydrogen atoms of each atom in an amino acid in a differentiable
manner using a PyTorch port of Hydride’s [19] hydrogen placement algorithm. Each hydrogen-
bearing center is identified by its local bonding environment and assigned a matching reference
fragment. The fragment’s non-hydrogen atoms are then aligned to the target by a single rigid-body
superposition, after which the same transformation is applied to its hydrogens. In this way, proton
positions adjust smoothly with the heavy-atom coordinates, yielding accurate and fully differentiable
NMR calculations.
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NOE distance restraints. We used solution-state NOE restraints as ensemble-averaged distance
constraints. Conceptually, NOEs arise from through-space dipolar interactions between protons
with observable effects typically for inter-nuclear separations <∼ 6 Å; intensities in NOESY spectra
reflect an (approximate) r−6 dependence and are commonly used semi-quantitatively to bound
distances. For an ensemble X = {Xk}nk=1, we modeled the ensemble-average distance:

dij(X ) =
1

n

n∑
k=1

∥∥∥xki − xkj

∥∥∥
2

and enforced lower/upper bounds (dij , dij) via the log-likelihood:

log p(D | X ;a) = −
∑

(i,j)∈D

([
dij − dij(X )

]2
+
+
[
dij(X )− dij

]2
+

)
where [x]+ = max(x, 0). Additionally, ambiguous NOE assignments were retained as OR groups;
for evaluation, the group-level violation equals the minimum violation among its members (i.e.,
the group is satisfied if any member lies within bounds). For restraints involving methyl groups,
we modeled rapid threefold internal rotation by averaging over the three methyl proton positions
generated by differentiable H placement.

We guided the diffusion sampler with the NOE likelihood using non-i.i.d. ensemble sampling,
which couples conformers through the ensemble-level likelihood. Substructure conditioning was not
used for NOE.

Order-parameters. Order parameters S2 for amide and methyl bonds represent ensemble flex-
ibility (lower values imply higher disorder). At each sampling step, we rigidly align all conformers
Xk ∈ X in the ensemble to a reference Xref to remove global rotation and translation. For each
bond p in ensemble member Xk, we compute a unit bond vector dkp (amide uses the N→H vector
while methyl uses the C→C vector pointing to a methyl carbon; some amino acids like leucine,
isoleucine and valine have two methyl groups and, hence, two vectors per residue). Given these
normalized vectors, the calculated bond-order S2

c,p of the bond p is given by:

S2
c,p(X ;a) =

1

|X |(|X | − 1)

∑
i ̸=j

P2

(
dip · djp

)
where P2(x) =

1
2(3x

2 − 1) is the Legendre polynomial of order 2. The log-likelihood is computed
according to

log p(S2 | X ,a) = −
∑
p

(
S2
c,p(X ;a)− S2

p

)2
where the summations is performed over the collection of bonds on which the experimental data
S2 = {S2

p} have been collected.

Dihedrals likelihood Backbone dihedral restraints assess the agreement between predicted Ra-
machandran angles (ϕpred, ψpred) from ensemble X and target angles (Φtgt = {ϕtgti , δϕ,i}Mi=1 and
Ψtgt = {ψtgt

i , δψ,i}Mi=1) defined over M residues. The target angles and their associated uncertainty
half-widths are obtained from TALOS-N [30] predictions. The log-likelihood is computed using
a 2π-periodic (wrapped) angular discrepancy function that respects the circular nature of angles.
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This term encourages locally accurate backbone geometry and regular secondary structure, comple-
menting global guidance terms derived using NOE distance restraints or Cryo-EM ESP maps. The
dihedral log-likelihood is defined as:

log p
(
Φtgt,Ψtgt | X ,a

)
= − 1

2M

M∑
r=1

[
∆
(
ϕpredr (X ), ϕtgtr

)2
δ2ϕ,r

+
∆
(
ψpred
r (X ), ψtgt

r

)2
δ2ψ,r

]

Where, ∆(α, β) denotes the wrapped angular difference (implemented as angle_diff). This log-
likelihood is averaged over all chains of structures in the ensemble.

Overall NMR likelihood. When guiding with order-parameters, NOE observations, and dihe-
drals, the log-likelihoods are combined as

log p(S2, D,Φtgt,Ψtgt | X ,a) = −λS
∑
p

(
S2
c,p(X ;a)− S2

p

)2
− λD

∑
(i,j)∈D

( [
dij − dij(X )

]2
+
+
[
dij(X )− dij

]2
+

)
+ λT log p(Φtgt,Ψtgt | X ,a)

(8)

We guide the model either without order parameter information, or using one of two types: relaxation-
derived order parameters (ps-ns motions) or residual dipolar couplings (RDC)-derived order pa-
rameters (µs-ms motions). Dihedral restraints are incorporated only in experiments that involve
Cryo-EM ESP maps. The scaling parameters (λS , λD, λT ) are set as follows:

(λS , λD, λT ) =



(0, λD ∈ {0.1, . . . , 0.5}, 0), NOE,

(0.30, 0.45, 0), Methyl relaxation & NOE,
(0.45, 0.45, 0), Amide relaxation & NOE,
(0.45, 0.40, 0), Methyl S2 from RDC & NOE,
(0.30, 0.40, 0), Amide S2 from RDC & NOE,
(0.0, 0.40, 0.30), NOE, Cryo ESP, & Dihedrals.

(9)

When guiding with NOE’s alone, we selected the best-performing value of λD from the tested set.

2.6 CryoEM models

ESP forward model As discussed in [36], the forward model for cryoEM electrostatic potential
(ESP) maps is approximated by atomic scattering potentials, following equations (5) and (6). Unlike
X-ray crystallography, cryoEM maps typically represent a single particle, so the model reduces to

Fc(ξ;X
k,a) =

m∑
i=1

5∑
j=1

ai,j ·
(

4π

bi,j +Bk
i

)3/2

exp

(
−4π2

bi,j +Bk
i

· ∥(Rkxki + tk)− ξ∥22
)
, (10)

where ϕ = (Rk, tk) represents the pose of conformation Xk instead of a crystallographic symmetry
operator. In the presence of significant blurring, the ensemble contribution can be evaluated as an
average using Equation 6.
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Protein – ESP map alignment strategies AlphaFold3’s noisy time marginals Xt (atom co-
ordinates at timestep t of the diffusion process) and the denoised predictions X̂0(Xt, t) evolve on
the learned diffusion manifold and not in a fixed frame. As a result, accurately predicted structures
will generally be misaligned with the ERP map’s voxel grid. Additionally, the X̂0(Xt, t) predictions
have a random pose at every iteration. In X-ray crystallography, Kabsch Algorithm [17] is used to
solve the alignment problem. On the other hand, in cryo-EM ab initio protein-density fitting, no
reference protein structure is available, making this alignment method inapplicable. Instead, a pure
protein-density alignment strategy has to be implemented. Depending on whether the diffusion is
performed over the whole ESP map or over well-separable chains, two different alignment strategies
have been implemented:

• Protein – full ESP map rigid alignment: Global pose determined by solving:

ϕk = (Rk, tk) = argmin
ϕk

d(RkXk + tk, Fo) (11)

where d(X, Fo) is the error objective defined in the following sections. The resulting pose is
applied as a rigid transformation, X̃k = RkXk + tk and all subsequent guidance scores are
evaluated with respect to the aligned structure.

• Protein – per chain non-rigid ESP alignment: In this case, the alignment is performed
independently for each chain. A set of per-chain poses {ϕk,c}Nc

c=1 = {(Rk,c, tk,c)}Nc
c=1 is esti-

mated and applied to obtain the aligned structure X̃k = ∪c
(
Rk,cXk,c + tk,c

)
, where Nc is the

number of chains.

In AlphaFold3, a structure Xt is represented as a tensor of shape (Na, 3) where Na =
∑Nc

c=1Nac ,
denotes the total number of atoms and Nac denotes the number of atoms in a chain c. After
concatenation of X̃k, the application of the per-chain poses is a non-rigid transformation with
respect to the full structure Xk.

The chosen objective d is the trilinear interpolation −Fo(X̃
k), and the maximization of Fo

was implemented as a gradient descent over the pose ϕk. For this, hyperparameters of number of
iterations Niter, Ninit initial random rotation, learning rates αR, αt, the side length T of the box
around the weighted centroid of Fo and the positive B-factor B to be applied to the volume to
ensure non-zero gradients for initial poor alignments can be defined in the configuration file. For
cases where predictions X̂0(Xt, t) have a starkly different tertiary structure from the intended Xk

and this creates numerous unstable local minima (e.g., like what we observed in the insulin receptor
structures 8U4B and 8U4E, a momentum decay αm can be specified. This adds decaying Kabsch-
aligned anchoring to the pose from the previous diffusion iteration to prevent large fluctuations of
poses between diffusion time steps.

After-alignment diffusion manifold correction of Xt and X̂0(Xt, t) Since in the diffusion
process, Xt−1 is computed as a function of the noisy structure and the t = 0 prediction Xt−1 =

f(Xt, X̂0(Xt, t)), in case a transformation was applied to the aligned ˜̂
X0, for the correct Xt−1

evaluation, an equivalent change must be applied to Xt in its relative frame.

• Rigid alignment correction: here the correction can be avoided if the direction gradient
is evaluated using autograd as ∂

∂Xt

˜̂
X0(Xt, t), and the aligned ˜̂

X0 is aligned back through
T−1(X̃) = RT (X̃− t).
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• Non-rigid alignment correction: For correction and preservation of the manifold, non-rigid
alignment is applied in two steps: (1) a rigid alignment T1(X) = R1X + t1 that aligns the
complete X with the complete density Fo, and (2) the non-rigid per chain c transformations
Tc

2(R
c
2X

c + tc2) computed using gradient ascent. In this way, movements equivalent to the
additional non-rigid fine-detail alignments T2 of ˜̂

X0 can be defined in the relative frame of Xt

and X̂0 as T∗
2, where the corrected structures we will denote as X∗

t and X̂∗
0. In other words,

T2 ◦T1 = T1 ◦T∗
2. Thus, X̂∗

0,c = T−1
1 ◦T2 ◦T1(X̂0,c) and X∗

t = T−1
1 ◦T2 ◦T1(Xt)

ESP L1 likelihood The objective L1 is defined similarly to equation (7) and is computed as
−∥Fc(X)−Fo∥1. This likelihood is best suited for homogeneous proteins or for heterogeneous ones
with modest flexibility.

Optimal transport likelihood Different cryoEM ESP maps for a single sequence or protein
assembly typically represent distinct states of a heterogeneous protein. Depending on the range of
movement between the conformations of such proteins and the original predictions of AlphaFold3,
the L1 density objective gradients are often unable to guide the AlphaFold3 prediction to the map.
Instead, due to floating point limitations and the absence of gradients for corresponding atoms that
are far apart, this guidance strategy tends to push the noisy structures Xt and the corresponding
X̂0 predictions off the diffusion manifold. Therefore, a better approach for evaluating guidance
gradients is to use a likelihood that directly points towards the density mass — namely, optimal
transport.

We model the protein and ESP map as discrete measures µ =
∑N

i=1 αi δxi and ν =
∑M

j=1 βj δyj ,
where xi ∈ R3 are all the atoms of a protein and yj ∈ R3 are all the voxel centers inside the global
mask (or equivalently, per-chain masks and per-chain coordinates). αi is proportional to the atomic
number Zi and βj is proportional to the observed value in the center of the voxel of F0. The total
mass of α and β is normalized as

∑N
i=1 αi =

∑M
j=1 βj = 1. The ground cost matrix is defined as

C ∈ RN×M with Cij = c(xi,yj) proportional to the 1- or 2-Norm between these two vectors. The
entropy optimal transport objective is then defined as the primal problem:

OTε(α,β;C) = min
P∈RN×M

≥0

P1M=α, P⊤1N=β

{
⟨P,C⟩ − εH(P)

}
, H(P) = −

∑
i,j

Pij logPij , (12)

with ⟨P,C⟩ =
∑

i,j PijCij and 1K the K-vector of ones. Here P is a transport plan, where Pij
specifies the proportion of mass from source atom xi assigned to voxel yj . The entropy term εH(P)
promotes smooth, stable couplings and well-behaved gradients via discretizing assignments that are
too sparse or sharp (coctain a lot of zero entries) and makes the problem strictly convex.

In practice, to reduce computational cost, we use the Sinkhorn entropy optimal transport loss in
its dual representation with atom/voxel potentials f ∈ RN and g ∈ RM :

LSinkhorn,ε(α,β;C) : = OTε(α,β;C),

= max
f , g

α⊤f + β⊤g − ε
∑
i,j

αiβj

(
exp

(
fi+gj−Cij

ε

)
− 1

)
. (13)

We chose a powerful optimized implementation of optimal transport from geomloss [10], partic-
ularly to avoid memory bottlenecks. The hyperparameters of choice were p=2, blur=ϵ=0.005, and
the binary reach flag, depending on whether mass needed to be dropped for a structure.

In cases where ESP maps contain separable chains, the OT objective was also applied per chain.
The rationale was to separate the guidance directions and to prevent unwanted misaligned stable
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local minima. This was required for structures 6W0O, 7DA4, and 9FH1. A typical issue with those
structures was the discrepancy in AlphaFold3’s tensor representation and the spatial arrangement
of the subunits, where those were not ordered correspondingly. To solve that, we tested both the
Hungarian algorithm for the Linear Assignment Problem (LAP), defined by chainwise distances and
brute-force approaches. However, the most optimal solution was the per-chain OT objective: such
guidance naturally ordered the AlphaFold’3 tensor representation to the spatial chains and thereby
optimally solved for the correspondence implicitly.

Recycling and extended optimization of proteins In cases where AlphaFold3 early-time or
unguided predictions poorly match the protein of interest, the initial protein optimization required
to reach sufficient quality for ESP map alignment may consume the majority of available time steps
in the diffusion process. Such a trend was observed for structures 6W0O and 9FH1. This, in turn, can
leave an insufficient number of steps in the diffusion process for fine-detail protein-ESP map fitting,
or make it completely impossible due to the noise schedule being insensitive to any change after
the noise level σt reaches its lowest values (in practice, no significant change is observed after 160
steps). Additionally, the aforementioned proteins suffer from strong, stable local minima in the OT
likelihood, e.g., 180◦ rotations about any axis lying on the plane perpendicular to the first principal
component of 6W0O. This significantly increases the average time it takes for the protein to align to
the intended spot during the diffusion process.

To allow additional time for finding these optimal protein-ESP map arrangements, we implement
recycling: once the noisy structure reaches a specified time step t, instead of proceeding with the
backwards diffusion process to obtain Xt−1 = fθ(Xt, X̂0), noise is added as in the forward diffusion
process to advance from time step t to t+ k:

Xt+k = Xt +
√
σt+k − σt ϵ, ϵ ∼ N (0, I).

For example, if protein-ESP alignment of 6W0Oconverged to all the intended rotations for each chain
instead of the 180◦ opposite-symmetry poses after 160 time steps, it would not be further optimized.
Adding an additional small level of noise, typically equivalent to 25 time steps of the forward process,
does not break the correctly found tertiary structure while giving extra time for fine-detail fitting.

Objective normalization To balance multiple objectives with the ESP guidance, we employ a
specific normalization strategy: one objective, typically the ESP L1 or OT likelihood, is chosen as
the reference, and all other likelihood terms are rescaled at each iteration so that their contributions
remain a fixed proportion λi ∈ [0, 1] of this main objective. This prevents magnitude imbalances
that are otherwise observed when combining losses from very different modalities, and ensures stable
relative weighting throughout the diffusion process.

Overall Cryo-EM likelihood The overall (pure) Cryo-EM guidance objective is defined as a
weighted combination of the density-based L1 and the OT likelihood:

log p(y = Fo | X ,a) = −λ1(t)
∥∥∥Fo(·)− Fc(·; {Xk}nk=1,a)

∥∥∥
1
− λ2(t)OT(X , Fo,C), (14)

where λ1(t) and λ2(t) are time-dependent weights normalized as described above: one of these
weights is set to λi = 1 as the main objective while the other is some portion of it normalized as per
previous section. For the pure Cryo-EM loss, we typically simply use λ1 = 0 and λ2 = 1 until the
structure roughly aligns to the density mass and then switch to pure density loss to optimize fine-
detail features and optimize B-factors, i.e., λ1 = 1 and λ2 = 0. Some more complicated mixtures
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were explored; however, they showed better results for combined guidance with other modalities.
For example, in the NMR setting, the likelihood is scaled to 0.15 of the active objective, first relative
to the OT loss (when it is turned on), and later relative to the L1 density loss (once it becomes
active).

2.7 Additional data terms

Substructure conditioner. Specifically for crystallographic structures, we aim to optimize a cer-
tain region of the protein while the remainder of the structure is stabilized by bootstrapping the dif-
fusion process to a set of reference atomic coordinates. This is similar to SubstructureConditioner
in Chroma [14].

As input, consider a list of reference atom locations Y = {yi : i ∈ A} for atom indices A ⊆
{1 . . .m} where m is the number of atoms in conformer Xk. The log-likelihood is as a quadratic
penalty on the deviation from reference atom locations

log p(Y | X ,a) = −λsub
1

n

n∑
k=1

∑
i∈A
∥xki − yi∥22 (15)

Before computing the log-likelihood we align all structures in the ensemble to the reference atom
locations (limited to indices in A) using Kabsch algorithm [17]. For crystallography, λsub = 0.1,
while for NMR and Cryo-EM, λsub = 0.0.

Validity likelihood. In order to prevent ensembles with elongated bonds and steric clashes,
we incorporate a validity log-likelihood as regularization akin to AlphaFold2’s violation loss [16].
Consider an ensemble of n protein conformations X = {Xk}nk=1, where each structure Xk ∈ Rm×3.
We define a binary bond matrix B ∈ {0, 1}m×m such that Bij = 1 if atoms i and j are covalently
bonded, and 0 otherwise. The bond length loss for conformation Xk over bonded atom pairs
(Bij = 1) is given as,

Lbond(Xk;a) =
m∑
i=1

m∑
j=i+1

Bij · (max(0, |dkij − didealij | − δbond))2

where, didealij is the ideal bond length approximated as the sum of covalent radii of atoms i and j,
dkij = ∥xki − xkj ∥2 is the between atoms i and j in conformation k, and δbond = 0.2Å is a tolerance
margin. For non-bonded pairs (between and within residues), steric clashes are penalized using a
soft collision loss, defined as the maximum violation over neighbors of each atom,

Lcollision(Xk;a) =
m∑
i=1

max
j ̸=i,Bij=0

(max(0, (didealij + pcollision)− dkij))

Here, we use a padding distance pcollision = 0.4 (in Å) to prevent over-penalization of near-contact
atoms. Lastly, we define a bond-angle violation loss as

Langle(Xk;a) =
m∑
j=1

∑
i ̸=j

∑
k>i

BijBjk · (max(0, |θijk − θidealijk | − δangle))

Where θijk (in degrees) is calculated using the dot product of the bond vectors from central atom
j to atoms i and k, θidealijk (in degrees) is retrieved from the Valence Shell Electron Pair Repulsion
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(VSEPR) theory [12], and δangle = 12◦ is a tolerance margin. The resulting validity log-likelihood
across the ensemble is given as

log(B | X ,a) = −
n∑
k=1

λbondLbond(Xk;a) + λcollisionLcollision(Xk;a) + λangleL(Xk;a)

Where, λbond, λcollision, and λangle are scaling factors that control the contribution of bond, collision,
and bond angle terms. For ensembles guided using crystallographic density maps, we use λbond =
λcollision = λangle = 0.075. For NMR-guided ensembles, the scaling factors (λbond, λcollision, λangle)
depend on the choice of (λS , λD, λT ): 1

Guidance type (λS , λD, λT ) (λbond, λcollision, λangle)

NOE (0, λD ∈ {0.1, . . . , 0.5}, 0), {(0, 1.0, 1.0), (0, 2.0, 2.0)}
Methyl Relaxation & NOE (0.30, 0.45, 0) (0.10, 0.10, 0)

Amide Relaxation & NOE (0.45, 0.45, 0) (0.15, 0.15, 0)

Methyl S2 from RDC & NOE (0.45, 0.40, 0) (0.15, 0.15, 0)

Amide S2 from RDC & NOE (0.30, 0.40, 0) (0.20, 0.20, 0)

Cryo ESP (0, 0, 0) (0, 0, 0)

Cryo ESP & Dihedrals (0, 0, 0.30) (0, 0, 0)

Cryo ESP & NOE (0, 0.40, 0.0) (0, 0, 0)

Cryo ESP & Dihedrals & NOE (0, 0.40, 0.30) (0, 0, 0)

SI Table 6: Scaling factors for NMR-guided ensembles.

2.8 Force-field relaxation

Despite applying validity likelihood, a select few samples have broken bonds or steric clashes. Due
to the non-physical nature of the ensemble, we filter out these samples from the ensemble. We
consider a sample to have broken bonds if the distance between any pair of bonded atoms exceeds
τbond. Likewise, we consider a sample to have steric clashes if the distance between any two atoms
is less than τclash. Across all experiments, τbond = 2.1Å and τclash = 1.1Å.

Despite this, certain geometries can go undetected. To resolve this while maximizing the log-
likelihood of the experimental observations, we relax the remaining samples in the ensemble using
an off-the-shelf harmonic force-field. Specifically, we use OpenMM’s [8] implementation of the
AMBER14 [35] force field parameters for energy minimization within ColabFold [24]. In ColabFold,
the energy is minimized for a maximum of 2000 iterations with energy tolerance threshold of 2.39
kcal/mol and stiffness of 100.0 kcal / mol Å2 for NMR and 10.0 kcal / mol Å2 for the other
modalities, thereby controlling the strength of positional restraints applied to the atoms.

2.9 Ensemble pruning

Note: Here, ensemble refers to the set of samples that remain after relaxation, from which we prune
a non-redundant subset. After relaxation, we aim to report a non-redundant subset of samples
X I = {Xk : k ∈ I} that best explains experimental observation y. I denotes the indices of selected
samples from the full ensemble. We propose two complementary strategies for populating I.

1For NOE-guided experiments, we report the best-performing configuration out of two settings.
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Orthogonal matching pursuit (OMP). OMP [23] is a greedy selection algorithm that begins
with I = ∅. At each iteration, the candidate k /∈ I that maximizes log p(y|X I∪{k},a) is added to
the support set I until the log likelihood no longer increases. After termination, each sample in X I
is assigned a uniform occupancy of 1

|I| .
To avoid overfitting to noise in y and reduce redundancy in the ensemble, we introduce two

early-stopping criteria. (i) The ensemble size is capped at nmax = 5. Once |I| = 5, the algorithm
terminates. (ii) Before including a candidate, we evaluate the ensemble’s validation loss fval, and
the algorithm terminates if the loss increases. The OMP selection procedure is applied only to
ensembles derived from X-ray crystallography.

The selection of the best-performing sample at each iteration is based on Equation 6. The
log-likelihood is computed over all voxels ξ in Fo that are within 2.5 Å of atoms in the relevant
residue range of the reference PDB files (Section 2.2.1). Before a candidate is added to X I , a scalar
B-factor B (applied uniformly to all atoms in the structure) is optimized to maximize the log-
likelihood. This effectively tunes the bandwidth of Fc(ξ;X I ,a) to best match the observed density
Fo(ξ). Optimization of B is carried out using Adam [18] for 100 iterations with a learning rate of 1.0.
As a validation loss, we use Rfree (Section 2.10), computed with Phenix’s phenix.model_vs_data.

Occupancy optimization (OCC). In crystallography, we propose an alternative pruning strat-
egy since OMP does not always yield the minimal subset explaining Fo. Instead, we optimize
conformer occupancies in the relaxed ensemble X I to best fit Fo. Each candidate initially assigned
a uniform weight pk = 1

n (
∑

k pk = 1) with n samples in the ensemble X = (X1 . . .Xn).
In this algorithm, given X and amino acid sequence a, the weighted average calculated electron

density is defined as
Fc(ξ;X ,a) =

∑
k

pk · Fc(ξ;X
k,a),

where Fc(ξ;X
k,a) is the calculated density of conformer Xk weighted by occupancy pk. The

occupancy weights are optimized by minimizing the following objective:

L = ∥Fo(ξ)− Fc(ξ;X ,a)∥1 + λ
∑
k

pk log pk,

The first term maximizes the log likelihood log p(Fo|X ,a), while the second term serves as a sparsity
regularizer that promote a small subset of conformer retain significant occupancy. The objective is
minimized using Adam optimizer for Tmax = 300 iterations with a learning rate of α = 10−3 and
λ = 0.7. We observe that, most occupancies decay to zero thereby best explaining Fo with minimal
redundancy. After convergence, the pruned ensemble is defined as

I = {k : pk > 0.1},X I = {Xk : k ∈ I}

A detailed pseudocode is provided in Algorithm 6. In practice, we apply both algorithms and
ultimately select the minimal ensemble that provides the best fit to Fo.

Refinement In crystallography, after the termination of the ensemble pruning algorithms, the
selected ensemble X I is merged into a single PDB file. In this merged structure, atoms included
in the set A (outside residue range of interest) are retained from the corresponding chain of the
PDB-Redo entry [7], while atoms not included in A (in residue range of interest) are replaced with
those modeled in X I . Each conformer in X I is assigned a unique alternate conformer (altloc)
identifier (A, B, etc.). Altloc occupancies are then set according to the probabilities estimated by
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the selection algorithms (see Algorithms 6, 5). Other structural attributes, such as isotropic and
anisotropic B-factors, are retained from the relaxed conformers.

The merged structure is then refined against the experimental diffraction data using REFMAC5,
part of the CCP4 library [4]. REFMAC5 refines a structural model by minimizing the difference be-
tween the observed structure factors (provided in the MTZ file from PDB-Redo) and the calculated
structure factors (computed from the input model). The refinement program adjusts atomic coor-
dinates and atomic displacement parameters (B-factors) to better fit the observed structure factors.
During optimization, REFMAC5 applies stereochemical restraints to maintain chemically plausible
geometry. Since the coordinate updates are typically small, the refinement step preserves the con-
formational diversity introduced by our guidance framework while ensuring statistical consistency
with the diffraction data. In practice, we perform 5 cycles.

2.10 Metrics

2.10.1 X-ray crystallography

To evaluate how well our density-guided structures agree with experimental X-ray crystallographic
data, we report three metrics: R values, RSCC, and cosine similarity.

R-factors The R-factor (or crystallographic R-value) is a standard metric for assessing how well a
crystal structure’s model explains experimental X-ray diffraction data. This data is typically stored
in MTZ files. The metric measures the alignment between the observed structure factor amplitudes
|Fobs| and the calculated structure factor amplitudes |Fcalc|. Formally,

R =

∑
h

∣∣|Fobs(h)| − |Fcalc(h)|
∣∣∑

h |Fobs(h)|

Here, h denotes a Miller index triple (h, k, l) which denotes a discrete reflection in the reciprocal
(Fourier) space. To avoid overfitting, Rfree value is calculated in a similar manner, but using a small
subset T of reflections that are excluded from the refinement pipeline and consequently serve as a
validation set. Hence,

Rfree =

∑
h∈T

∣∣|Fobs(h)| − |Fcalc(h)|
∣∣∑

h∈T |Fobs(h)|

It is important to note that |Fobs| and |Fcalc| are structure factor amplitudes in reciprocal space.
On the other hand, Fo and Fc used in our density-guidance framework denote the real space 3D
volumetric electron density grids. Electron density maps are obtained by estimating phase to the
structure factor amplitudes followed by an inverse Fourier transform into real space. For each
experiment, we report both the R and Rfree values as calculated by REFMAC5 after refinement.

Real Space Correlation Coefficient (RSCC) The real-space correlation coefficient is a local
validation metric that measures the alignment between a structural model and the observed ex-
perimental electron density map. Unlike R-values, RSCC is calculated directly in real space by
comparing observed electron density Fo(ξ) with calculated electron density Fc(ξ) over an amino
acid. Formally, RSCC for a grid of voxels G around a residue a ∈ a is given by,

RSCCa =

∑
ξ∈G(Fo(ξ)− Fo)(Fc(ξ)− Fc)√∑

ξ∈G(Fo(ξ)− Fo)2
√∑

ξ∈G(Fc(ξ)− Fc)2
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Where, Fo = EG [Fo], and Fc = EG [Fc]. RSCC ranges from −1 to 1, with values closer to 1
indicating a residue that is well supported by the experimental density. For our use case, we used
phenix.real_space_correlation to measure the RSCC for each residue (and altloc) in our protein.

Cosine Similarity. Whereas RSCC provides a residue-level measure of model-to-map alignment
in real space, we are also report in a single global score over the entire residue range of interest.
For this purpose, we use cosine similarity to quantify the overall alignment between the observed
density Fo and the calculated density Fc. To compute this metric, we first identify the set of spatial
coordinates ξ ∈ R3 by selecting all voxels from Fo that lie within 2.5Å of atoms in the relevant
residue range of the reference PDB structures. Formally,

Cosine Similarity =

∑
ξ Fo(ξ)Fc(ξ)√∑

ξ F
2
o (ξ) ·

√∑
ξ F

2
c (ξ)

where Fo(ξ) and Fc(ξ) denote vectors of density values at the selected voxel coordinates. As with
RSCC, values closer to 1 indicate strong agreement between calculated and observed densities,
signaling a good overall structural fit to the experimental map.

2.10.2 NMR

Percentage of violated NOE constraints Given a set of NOE distance-bound constraints
grouped into ambiguous OR-groups, Gm = {r = (i, j, dij , dij)}, define the ensemble-averaged inter-
proton distance

dij(X ;a) =
1

|X |

|X |∑
k=1

∥xki − xkj ∥2,

and the per-restraint violation magnitude

vij = max{dij − dij(X ;a), dij(X ;a)− dij , 0}.

The group-level violation is vGm = minr∈Gm vij , so an OR-group is satisfied if any member falls
within bounds. The percentage of violated NOE constraints is

100× |{m : vGm > 0 }|
M

,

where M is the number of OR-groups. Ambiguity and methyl restraints are treated as in the NOE
likelihood (ensemble-averaged distances; methyls averaged over the three proton positions).

Median violation magnitude Given the group-level violations {vGm}Mm=1 defined above, the
median violation magnitude is

median
(
{ vGm : vGm > 0 }

)
[Å],

i.e., the median taken over violated groups only.
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Order parameter correlation (r-factor) Given a set of experimentally determined order pa-
rameters, {S2

p} for some collection of bonds p ∈ P , and a corresponding set of order parameters
{S2

c,p} estimated from the generated ensemble, the correlation coefficient is defined as

r =

∑
p

(
S2
c,p − S2

c

)(
S2
p − S2

)
√∑

p

(
S2
c,p − S2

c

)2
·
√∑

p

(
S2
p − S2

)2

where S2 = 1
|P |

∑
p S

2
p and S2

c = 1
|P |

∑
p §2c,p are the averages of the experimental and estimated

order parameters, respectively. The coefficient ranges from −1 to 1, with higher values indicating
better agreement with the experiment.

Order parameter normalized fitting error (q-factor) Similary to the correlation coefficient,
the normalized fitting error is defined as

q =

√∑
p

(
S2
c,p − S2

p

)2√∑
p S

2
c,p

.

Lower values of q indicate a better agreement with the experiment. While r is insensitive to a
constant offset in the estimated values, q is sensitive both to the error standard deviation and bias.

ANSURR metrics ANSURR [11] (Accuracy of NMR Structures Using RCI and Rigidity) val-
idates a protein model by comparing per-residue flexibility inferred from backbone chemical shifts
with rigidity predicted from the 3D structure. Flexibility from NMR data is estimated via the
Random Coil Index (RCI), while structural rigidity is computed from the network of covalent and
hydrogen-bond constraints using rigidity theory (e.g., FIRST). ANSURR reports two centile-ranked
scores (0-100): a correlation score that reflects agreement in the pattern of flexible vs. rigid regions,
and an RMSD score that reflects agreement in the magnitude of rigidity/flexibility. For structural
ensembles, ANSURR is computed separately for each ensemble member, and the median of RMSD
and correlation scores across the ensemble are used as representative metrics.

2.10.3 Cryo-EM

For Cryo-EM, the same metrics as for Crystallography were taken, mainly the cosine similarity and
the per-residue model-map cross-correlation (CC) scores from Phenix from section 2.10.1.

2.11 Minimal end-to-end code invocation

2.11.1 X-ray crystallography

To guide AlphaFold3 predictions using real-space crystallographic electron density maps, run the
following command in your terminal:

python3 run_xray.py <pdb_id> <chain_id> <region_subseq> \
--ccp4_setup_sh <CCP4 SETUP PATH> --phenix_setup_sh <PHENIX SETUP PATH>

Here, <pdb_id> is the four-character PDB identifier of the protein, <chain_id> specifies the tar-
get chain, <region_subseq> is the subsequence of the amino acid sequence to be guided. The
--ccp4_setup_sh and --phenix_setup_sh arguments point to the respective CCP4 and PHENIX
installation scripts.
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2.11.2 NMR

To guide AlphaFold3 predictions using NOE distance restraints, run the following command in your
terminal:

python3 run_nmr.py <pdb_id>

Here, <pdb_id> is the four-character PDB identifier of the protein. Optionally, users may also
supply methyl RDC and relaxation files (--methyl_relax_file and --methyl_relax_file), as
well as amide RDC and relaxation files (--amide_rdc_file and --amide_relax_file), to provide
additional experimental guidance during structure prediction.

2.11.3 CryoEM

To guide AlphaFold3 predictions using CryoEM electrostatic potential maps, run the following
command in your terminal:

python3 run_em.py <pdb_id> <emdb_id> <renumbered_pdb_file> <assembly_identifier> \
--phenix_setup_sh <PHENIX SETUP PATH> --dihedrals_file <TALOS dihedrals> \
--noe_restraints_file <NOE restraints> --noe_pdb_file <renumbered NOE file path> \
--sequences <space separated sequence> --counts <#chains for each sequence>

Here, <pdb_id> is the four-character PDB identifier of the protein, <emdb_id> is the EMDB [1]
identifier of the cryo-EM electrostatic potential map and <renumbered_pdb_file> is the path to a
PDB file whose residues have been renumbered to match the 1-indexed amino acid sequences. In
other words, if residue A in the input sequence is at index 5, the corresponding residue in the PDB
must also be renumbered to index 5. Missing or unresolved atoms are permitted. Since the modeling
is performing ab-initio, the PDB is not used during guidance. Instead, it is used exclusively for
evaluation and for constructing the initial volume mask when the default density when the default
density-based alignment is selected (as opposed to RMSD alignment to atomic coordinates). Multi-
chain compositions are specified with --sequences (space-separated amino-acid sequences for each
unique chain) and --counts (the corresponding copy numbers, in order). <assembly_identifier>
specifies the biological assembly or asymmetric unit to model. The -phenix_setup_sh argument
point to the PHENIX installation script. Our framework also supports joint guidance using ESP
maps. These optional restraints can be provided via --dihedrals_file (e.g., TALOS-N dihedrals),
--noe_restraints_file (NOE distance restraints), and --noe_pdb_file – in the similar fashion
to the renumbered pdb file, all the residues in these files should be reordered to match the 1-indices
in the sequences given to our guidance model.
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Algorithm 1 AlphaFold3 Guidance

Input: {f∗}, {sinputsi }, {strunki }, {ztrunkij }, noise schedule [β0, β1, . . . , βT ], noise factor γ0 = 0.8, mini-
mum noise factor γmin = 1.0, noise scale λ = 1.003, step scale κ = 1.5, experimental observation
y, guidance scale η, reference structure r, substructure conditioner flag b, substructure indices
I, ensemble size n, number of atoms m.

Output: Guided Ensemble X l

1: X l ∼ β0 · [N1, . . . ,Nn]T ▷ Ni ∼ N (0, I), X ∈ Rn×m×3

2: for βτ ∈ [β1, . . . , βT ] do
3: X l ← CentreRandomAugmentation(X l)

4: γ ←

{
γ0, βτ > γmin

0, otherwise

5: t̂← βτ−1(γ + 1)√
t2 − β2τ/βτ−1

6: ξl ← λ
√
t̂2 − β2τ [N1, . . . ,Nn]T

7: X noisy
l ← X l + ξl

8: X denoised
l ← AlphaFold3({X noisy

l }, t̂, {f∗}, {sinputs
i }, {strunk

i }, {ztrunk
ij })

9: if b then
10: for i ∈ I do
11: X denoised

i ← [ri, . . . , ri] ▷ Repeated n times
12: end for
13: end if
14: δl ← (X l −X denoised

l )/t̂
15: L ← log p(y | X ,a)

16: g← ∂L
∂X noisy

l

▷ Guidance score wrt ensemble

17: g← g · ∥δl∥2
∥g∥2

▷ Gradient Scaling

18: δl ← δl + g · η
19: dt← βτ − t̂
20: X l ← X noisy

l + κ · dt · δl
21: end for
22: return X l
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Algorithm 2 Likelihood for X-ray crystallography
Input: Observed map Fo on grid G; ensemble X = {Xk}nk=1, Crystallographic form-factors {ai,j , bi,j}6j=1

for each atom i across all conformers, Per-atom isotropic Bk
i for atom i in conformer k; unit cell U;

symmetry ops {(Rq, tq)}Ns
q=1, ensemble, Optional voxel mask W (ξ) ∈ {0, 1} for ξ ∈ G (default W = 1),

amino acid sequence a
Output: Scalar loss L
1: function LogLikelihood-Xray(Fo,X = {X1 . . .Xn}, a)
2: for k = 1 to n do
3: for ξ ∈ G do
4: F

(k)
c (ξ)← 0

5: for q = 1 to Ns do
6: for i = 1 to m do
7: for j = 1 to 6 do

8: Fc(ξ;X
k,a)+ =

[
ai,j

(
4π

bi,j +Bk
i

)3/2

exp

(
−4π2

bi,j +Bk
i

∥(Rqx
k
i + tq)− ξ∥22

)]
9: end for

10: end for
11: end for
12: end for
13: end for
14: Fc(ξ;X ,a)← 1

n

∑n
k=1 Fc(ξ;X

k,a)

15: L ←
∑

ξ∈G W (ξ)
∣∣Fo(ξ)− Fc(ξ;X ,a)

∣∣
16: return L
17: end function

Algorithm 3 NOE distance-bound likelihood (ensemble-averaged; ambiguous OR-groups)

Input: Ensemble X = {Xk}nk=1 (non-hydrogen atoms), Amino acid sequence a; NOE dataset D =
{G1, . . . , GM} (OR-groups) each G contains restraints r = (i, j, d, d);

Output: Scalar loss L
1: function LikelihoodLoss-NOE(X = {Xk}nk=1,a, D)
2: L ← 0
3: for k = 1 to n do
4: Hk ← PlaceHydrogensDifferentiable(Xk,a) ▷ Differentiable H placement per conformer
5: end for
6: for each OR-group G ∈ D do
7: vmin ← +∞
8: for r = (i, j, d, d) ∈ G do
9: sum_d← 0

10: for k = 1 to n do
11: xk

i ,x
k
j ← GetAtomCoordinates(r,Xk,Hk) ▷ Endpoint coordinates for restraint r

12: dk ← ∥xk
i − xk

j ∥2
13: sum_d← sum_d+ dk
14: end for
15: dens ← 1

n sum_d

16: v ←
(
max(d− dens, 0)

)2
+
(
max(dens − d, 0)

)2
17: vmin ← min(vmin, v) ▷ OR-group: satisfied if any member fits
18: end for
19: L ← L+ vmin

20: end for
21: return L
22: end function
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Algorithm 4 Order-parameter (S2) likelihood

Input: Ensemble X = {Xk}nk=1, Amino acid sequence a, Dataset P = {(p, Sp)} of measurement sites p
with target Sp

1: function LikelihoodLoss-OrderParam(X = {Xk}nk=1,a,P)
2: L ← 0
3: Xref ← X1 ▷ First conformer as reference
4: for k = 1 to n do
5: Xk ← AlignToRef(Xk,Xref) ▷ Rigid alignment to reference pose
6: Hk ← PlaceHydrogensDifferentiable(Xk,a) ▷ Differentiable H placement per conformer
7: end for
8: for each (p, Sp) ∈ P do
9: S2

c,p ← 0
10: for k = 1 to n do
11: dk

p ← SiteVector(p,Xk,Hk) ▷ unit bond vector dp (N→H for amide; C→C for methyl)
12: end for
13: for k = 1 to n do
14: for l = 1 to n do
15: if k ̸= ℓ then
16: x← dk

p · dl
p

17: P2 ← 1
2 (3x

2 − 1)
18: S2

c ← S2
c + P2

19: end if
20: end for
21: end for
22: S2

c ←
1

n(n− 1)
S2
c

23: L ← L+
(
S2
c − Sp

)2
24: end for
25: return L
26: end function
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Algorithm 5 Selecting samples using matching pursuit [23]

Input: Samples in ensemble X = {X1, . . . ,Xn}; experimental observation y; amino acid sequence
a; likelihood function to be maximized log p(y | X ,a); maximum samples to select nmax; vali-
dation loss function fval(X )

Output: Pruned ensemble set X I = {Xk : k ∈ I} and occupancies {pk}k∈I
1: I = ∅
2: scurrent = 0
3: Lval = +∞ ▷ Validation loss
4: while |I| < nmax do
5: L = {ℓk = log p(y | X I∪{k},a) : k ∈ Ic}
6: k∗ ← argmaxk L s∗ ← maxk L Maximize log p(y|X I∪{k∗},a)
7: L∗val ← fval(X I∪{k∗}) ▷ Cross validation
8: if (s∗ < scurrent) or (L∗val > Lval) then
9: break

10: end if
11: I ← I ∪ {k∗} Add best sample
12: scurrent ← s∗

13: Lval ← L∗val
14: end while
15: X I = {Xk : k ∈ I}
16: return X I , {pk = 1

|I| : i ∈ I}

Algorithm 6 Occupancy optimization (logit parameterization with entropy sparsity)

Input: Observed map Fo(ξ) on grid G, amino acid sequence a, ensemble X = (X1 . . .Xk), per-conformer
maps {Fc(ξ;X

k,a)}nk=1, Mask W (ξ) ∈ {0, 1}, sparsity weight λ > 0; step size α > 0, max iterations
Tmax, stability εp = 10−8

Output: Pruned ensemble set X I = {Xk : k ∈ I} and occupancies {pk}k∈I
1: Initialize logits zk ← 1

n ,∀k ∈ [1, . . . , n]
2: for t = 1 to Tmax do
3: p← softmax(z)
4: Fc(ξ;X ,a)←

∑n
k=1 pk · Fc(ξ;X

k,a)
5: Ldata ←

∑
ξ∈G W (ξ) ·

∣∣Fo(ξ)− Fc(ξ;X ,a)
∣∣

6: Lentropy ← −
∑n

k=1 pk log
(
max(pk, εp)

)
7: L ← Ldata + λLentropy
8: gz ← ∇zL
9: z ← z − α · gz

10: if Converged then break ▷ Gradient Thresholding: ∥∇zL∥2 < 10−3

11: end for
12: p← softmax(z)
13: I ← {k ∈ {1, . . . , n} : pk > 0.1}
14: X I ← {Xk : k ∈ I}
15: return X I , {pk : k ∈ I}
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