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Restraints and data resolution

High Low

1Å 2Å 3Å 6Å

Resolution

TRESTRAINTS = TBOND + TANGLE + TDIHEDRAL + TPLANE + TREPULSION+ TCHIRALITY



Model refinement with vs no restraints

T      =     TDATA       +    w * TRESTRAINTS

Using restraints Not using restraints



Restraints: low resolution

2-3 Å                                     4-5 Å                              6Å-lower 



More restraints for low resolution
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• Refinement of a perfect α-helix into low-res map

• Using simplistic (standard) restraints on covalent geometry
• Model geometry deteriorates as result of refinement

Model refinement with insufficient restraints



Model-to-Map Fit: Refinement objective

Typical refinement: ~1000 evaluations
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Model-to-Map Fit: Refinement objective
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Refinement target
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Atom 1

is much less accurate than

• Moving atoms to nearest peaks	 ≠	making correct model
• Lower resolution = less accurate
• Need to use a lot of geometric restraints in refinement

Atom 2

𝐿𝑆 = *
+%,

𝜌!"# − 𝜌$%&$ '

because it aims at moving atoms towards nearest map peaks 
without assuming shape of the map: 



Validation and Refinement ”conflict”

• Validation metrics progressively become refinement goals

• Ramachandran plot restraints
• Cβ deviation restraints
• Secondary structure restraints
• Restraints on χ angles of amino-acid side-chain rotamers

• As result, validation becomes less capable of catching problems



Setting up extra restraints: manual work & very error-prone



Example

Metric / PDB code 6KS6
Clashscore 8.8

Rama. (%)
favored 96.4

outliers 0.2

Rotamer outliers (%) 0
Cβ deviations 0

RMSD
Bond (Å) 0.002

Angle (°) 490

Resolution (Å) 3.0

PNAS, 2019 116 (39) 19513-19522

Perfect statistics! All looks just great!



Example

PNAS, 2019 116 (39) 19513-19522
The plot looks very wrong!

1. How we know the plot looks wrong?

2. How did that happen?



Q: How we know the plot 
looks wrong?

A: Because we know how 
good plot looks like!



Ramachandran plot Z-score

• Good at spotting odd plots 
• One number, simple criteria: 

• Poor: |Z| > 3   Suspicious: 2 < |Z| < 3    Good: |Z| < 2

Resource

A Global Ramachandran Score Identifies
Protein Structures with Unlikely Stereochemistry
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SUMMARY

Ramachandran plots report the distribution of the (f,c) torsion angles of the protein backbone and are one of
the best quality metrics of experimental structure models. Typically, validation software reports the number
of residues belonging to ‘‘outlier,’’ ‘‘allowed,’’ and ‘‘favored’’ regions. While ‘‘zero unexplained outliers’’ can
be considered the current ‘‘gold standard,’’ this can be misleading if deviations from expected distributions
are not considered. We revisited the Ramachandran Z score (Rama-Z), a quality metric introducedmore than
two decades ago but underutilized. We describe a reimplementation of the Rama-Z score in the Computa-
tional Crystallography Toolbox along with an algorithm to estimate its uncertainty for individual models; final
implementations are available in Phenix and PDB-REDO. We discuss the interpretation of the Rama-Z score
and advocate including it in the validation reports provided by the Protein Data Bank. We also advocate
reporting it alongside the outlier/allowed/favored counts in structural publications.

INTRODUCTION

Validation is an integral part in obtaining three-dimensional
models of macromolecules in X-ray crystallography (Read
et al., 2011) and in cryoelectron microscopy (cryo-EM) (Hender-
son et al., 2012). It is also key in interpreting the quality of
models from the Protein Data Bank (PDB) (Burley et al.,
2019), as there is no formal structure quality requirement for
acceptance to this repository. A key quality metric used in vali-
dation of the quality of atomic models of proteins is the Rama-
chandran plot (Ramachandran et al., 1963). Ramachandran
plots describe the two-dimensional distribution of the protein
backbone (f, c) torsion angles. They have been used for the
validation of protein backbone conformations since their intro-
duction in PROCHECK (Laskowski et al., 1993) and then later in
software packages such as O (Kleywegt and Jones, 1996),
WHAT_CHECK (Hooft et al., 1996), and MolProbity (Lovell
et al., 2003). The phrase ‘‘no Ramachandran plot outliers’’ is
widely considered as the ‘‘gold standard’’ for a high-quality
structure and is often found in the main text of papers reporting
protein structures, while the absolute number or the percentage
of residues in the so-called ‘‘outlier,’’ ‘‘allowed,’’ and ‘‘favored’’
regions is typically reported in tabular form. It should be noted
that a better phrase is ‘‘no unexplained Ramachandran plot
outliers,’’ as it is not uncommon for there to be a very small
number of legitimate outliers in the plot, which are supported

by the experimental data and often relate to some functional
aspect of the protein (Richardson et al., 2018a).
All software for refining macromolecular models uses a stan-

dard set of stereochemical restraints on covalent geometry
(Engh and Huber, 2012) with the main-chain restraints in Phenix
(Liebschner et al., 2019) supplied by the Conformation Depen-
dent Library (Berkholz et al., 2009; Moriarty et al., 2014, 2016):
these provide sufficient information for structures at 3.0-Å reso-
lution or better. Advances in cryo-EM (Li et al., 2013; Bai et al.,
2015) have led to greatly improved resolution of cryo-EM
maps, but while this improved resolution has enabled full-atom
refinement of macromolecular structures (Afonine et al., 2018;
Nicholls et al., 2018), the majority of cryo-EM models are still
solved in the 3- to 5-Å resolution range. Likewise, in X-ray crys-
tallography, low-resolution datasets remain an issue: atomic
modeling and refinement against low-resolution data is chal-
lenging and can benefit substantially from using all available a
priori knowledge about the molecule at hand (Kleywegt and
Jones, 1998).
At low resolution it is often necessary to use information

beyond the stereochemical restraints on covalent geometry: in-
ternal molecular symmetry (Kleywegt, 1996), homologous struc-
ture models determined in higher resolution as a reference
(Smart et al., 2012; Nicholls et al., 2012; Headd et al., 2012;
Schröder et al., 2010) or as a source for hydrogen bond length
restraints (, 2018b), and information about secondary structure

Structure 28, 1–10, November 3, 2020 ª 2020 Elsevier Ltd. 1
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Q: How we know the plot 
looks wrong?

A: Because we know how 
good plot looks like!

RamaZ = -4.1 (Poor) RamaZ = -1.9 (Good)

Poor: |Z| > 3   Suspicious: 2 < |Z| < 3    Good: |Z| < 2

Ramachandran plot Z-score



How did that happen?

• Setting up Ramachandran plot, secondary structure, etc, restraints 
can be ambiguous and is error prone!

E = Sw * (φmodel - φtarget)2 + Sw * (ψmodel - ψtarget)2
General case

φ

ψ .
?



How did that happen?

PDB code: 5a9z
Original

Refined with Ramachandran 
plot restraints

Don’t use Ramachandran plot restraints to remove outliers!



Ramachandran plot restraints

Use Ramachandran plot restraints to prevent outliers from occurring!

Before refinement
After refinement 

(No Ramachandran plot restraints)



Restraints and limitations

T      =       TDATA       +      w * TRESTRAINTS

TRESTRAINTS = TBOND + TANGLE + TDIHEDRAL + TPLANE + TREPULSION+ TCHIRALITY

• Restraints are too limited:

• No attraction terms (electrostatics, etc)

• Not using information about protein structure (secondary structure, rotamers)

• Limited to tabulated entities in the libraries (e.g., Monomer Library, GeoStd)



Restraints from QM

T      =     TDATA       +    w * TRESTRAINTS
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from QM calculations

NEW:  AQuaRef – QM based refinement in Phenix



History of progress
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History of progress



Machine Learning potential (AIMNet2)

DFT calculations

• Generate all possible 1-, 2-, 3-, and 4-peptides (including S-S bridges)

• Torsion and non-equilibrium sampling

Standard 
amino-acids

Large Dataset

ML model

Calculation time: 
About a week on one of 
big national computing 

resources



Time & Memory Scaling: single energy calculation



Scope of AQuaRef

• High resolution: 
• Standard library based restraints can hide specific low-signal chemistry in your

structure

• Low resolution:
• Data alone cannot meaningful geometry. Need a lot of restraints. Some of them

hard to set correctly

• Any resolution:
• Ligands. Ligands can be parameterized (”CIF files”). Ligand-protein interactions

are governed by NCIs that are not parameterized in any refinement



AQuaRef: high resolution

The case study of short hydrogen bonds in human DJ-1 and its
bacterial homolog YajL, as well as the protonation states of carboxylic
acids involved in these hydrogen bonds, highlights the feasibility of
AQuaRef in determining proton positions consistent with experi-
mental evidence across diverse scenarios. This process is fully auto-
mated and unbiased by the choice of restraints and starting geometry.
Additionally, AIMNet2 energy profiles provide further information
about the characteristics of hydrogen bonds and protonation states,
which can be used to support specific hypotheses.

The method has been implemented in the quantum refinement
software (Q|R), which is built upon the CCTBX library59 and optionally
utilizes tools from Phenix. Q|R is accessible within Phenix, thereby
making these methods readily available to the broader community of
structural biologists.

Currently, AQuaRef is trained using commonly known amino acid
residues, whichmeans themethod can only be applied to protein-only
structures. Another main limitation is that, at present, static disorder
(alternate conformations) is not handled in Q|R. Removing both lim-
itations is the subject of future work.

Methods
Dataset and AQuaRef model training
Since our goal was the parametrization of ML potential for polypep-
tides, our training dataset needed to cover chemical (amino acid
sequence and protonation states), conformational, and intermolecular
degrees of freedom.Webeganby creating a libraryof small peptides as
SMILES strings. We used all 20 standard amino acids, 11 alternate
protonation forms, three options for sequence start (ACE, NH3+, NH2),
and four options for the end (NME, NHE, CBX, CBA). We enumerated
all possible mono- and di-peptides and selected a random subset for
tri- and tetra-peptides. Additionally, we generated SMILES for peptides
linked by the cysteine-cysteine disulfide bond and their selenium
counterparts. Molecular conformations were generated with OpenEye
Omega60 software using dense torsion sampling. No restrictions were
applied to the configurations of the chiral centers, ensuring that the
dataset and resulting model should work equally well for D-, L-, and
mixed stereochemistry peptides. Intermolecular interactions were
modeled by generating intermolecular complexes of 2 to 4 peptides

with random orientations. No prior knowledge of preferred types of
secondary structure for polypeptides, naturally occurring amino acid
sequences, or experimentally observed intermolecular interactions
was used, preventing the data leakage. To manage the size of the
dataset and the training process, we limited the size of peptides and
complexes to less than 120 atoms, including hydrogens.

Non-equilibrium conformations of peptides and complexes were
sampledwithmoleculardynamics simulations using theGFN-FF61 force
field. Cartesian restraints were added to keep structures near the input
structure, with random torsion and intermolecular degrees of free-
dom. Molecular configurations for labeling (DFT calculations) and
inclusion into the training dataset were selected using Query-By-
Committee active learning (AL) approach62. We started with a random
selection of 500k samples, used an ensemble of 4 models, and per-
formed a total of 4 iterations of AL, adding new samples with high
uncertainty of energy and atomic forces prediction. In the final itera-
tion of AL, we performed uncertainty-guided optimization of the
structures, minimizing the weighted difference of energy prediction
and its uncertainty. This type of active sampling finds structures that
balance low predicted forces and high energy uncertainty. The entire
procedure resulted in a training dataset containing about one million
samples, with a median number of 42 atoms per sample.

DFT calculations were performed with the B97M-D4/def2-
QZVP63–66 method using ORCA 5.0.3 software67. Since the Q|R does not
use periodic boundary conditions, and usually not all ions and solvent
molecules are resolved in the refinement, we used implicit treatment
of solvent effects with CPCM68 method using parameters for water as
solvent.

The core architecture of the AQuaRef model matches the base
AIMNet2model36, with fewmodifications. First, we did not use explicit
long-range Coulomb and dispersion interactions, we trained to total
DFT-D4 energy instead. With CPCM treatment, the Coulomb term
could not be estimated using interactions between partial atomic
charges, and also long-range interactions are effectively screened with
a polarizable continuum. Long range dispersion interactions beyond
the local cutoff of 5Å have little effect on atomic forces, which are
important in Q|R refinement. We also added explicit short-range
exponential repulsion termas implemented inGFN1-XTB69 tomake the

Fig. 10 | Hydrogen bonds in refined high-resolution models. a–d Refinement
with standardAQuaRef restraints (orange) overlaidwith their corresponding 2mFo-
DFc and mFo-DFc Fourier maps, contoured at 5σ (blue) and ±2σ (green, red),

respectively (PDB 4O8H). The focus is on hydrogen atoms with rotational degrees
of freedom that re-orient during refinement with AQuaRef restraints to satisfy the
residual map and participate in hydrogen bonding.

Article https://doi.org/10.1038/s41467-025-64313-1

Nature Communications | ��������(2025)�16:9224� 9

Atoms or groups of atoms orient to make plausible NCIs if that does not 
require crossing energy barriers  

Initial position of H is far from 
data support (green blob), so it 

rotates thanks QM restraints 
awareness of a better 

orientation



AQuaRef: low resolution

40 cryo-EM low resolution models (3Å or worse) 

Standard Phenix refinement AQuaRef



Testing: AQuaRef vs others

40 cryo-EM low resolution models (3Å or worse) 
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AQuaRef: model requirements

• Atom-complete models with all hydrogens
• No bare bonds
• One missing in whole model = Failed refinement

• Meaningful starting geometry
• No severe geometry violations
• Reactive potential: a pair of clashing atoms can be mistakenly considered as

forming covalent bonds



AQuaRef: model requirements

• Linux + GPU + CUDA 12
• No Mac / Windows

• No alternative conformations

• Proteins and protein-like ligands + water



AQuaRef: coming up next

• Later this year:
• Support of Ligands

• Handling alternative conformations

• Longer term:
• Combine with aspherical form-factors (best for cryoEM and high-res MX)



AQuaRef

Article https://doi.org/10.1038/s41467-025-64313-1

AQuaRef: machine learning accelerated
quantum refinement of protein structures

Roman Zubatyuk1,7, Malgorzata Biczysko 2,7, Kavindri Ranasinghe3,7,
Nigel W. Moriarty 4, Hatice Gokcan1, Holger Kruse5, Billy K. Poon4,
Paul D. Adams 4,6, Mark P.Waller5, Adrian E. Roitberg3, Olexandr Isayev 1 &
Pavel V. Afonine4

Cryo-EM and X-ray crystallography provide crucial experimental data for
obtaining atomic-detail models of biomacromolecules. Refining these models
relies on library-based stereochemical data, which, in addition to being limited
to known chemical entities, do not include meaningful noncovalent interac-
tions. Quantum mechanical (QM) calculations could alleviate these issues but
are too expensive for large molecules. Here we present a novel AI-enabled
Quantum Refinement (AQuaRef) based on AIMNet2 machine learned intera-
tomic potential (MLIP) mimicking QM at substantially lower computational
costs. By refining 41 cryo-EM and 30 X-ray structures, we show that this
approach yields atomic models with superior geometric quality compared to
standard techniques, while maintaining an equal or better fit to experimental
data. Notably, AQuaRef aids in determining proton positions, as illustrated in
the challenging case of short hydrogen bonds in the parkinsonism-associated
human protein DJ-1 and its bacterial homolog YajL.

While advances in predictive modeling, such as AlphaFold31 or
RoseTTAFold2,3, have provided powerful tools for structural biology,
they remain limited while experimental methods, including protein
crystallography and cryo-EM, are still cornerstones of structural
biology and drug development4. Experimental data allow for the
discovery of new structures emerging in life evolution, potentially
exhibiting previously unseen features. These discoveries require
unbiased information provided by experiments to explore the
unknown5. Atomic model refinement is a crucial near-final stage in
crystallographic or cryo-EM structure determination aimed at pro-
ducingmolecularmodels thatmeet standard validation criteria while
optimally fitting the experimental data6,7. Refinement heavily relies
on stereochemical restraints tomaintain the correct geometry of the
atomicmodel while fitting to the experimental data8. These restraints
originate from standard libraries that tabulate the topology and
parameters of known chemical entities9,10, which are universally

employed across popular software packages, such as CCP411 and
Phenix12.

The limitations of library-based restraints are manifold. Firstly,
they only include terms for maintaining covalent bond lengths, bond
angles, torsion angles, planes, and chirality while preventing clashes
through non-bonded repulsion13. However, it has been demonstrated
that at low resolution, these restraints are insufficient to maintain
realistic, chemically meaningful macromolecular geometries, making
it essential to include additional restraints on protein main chain φ/ψ
angles, side chain torsion χ angles, as well as hydrogen bond para-
meters and π-stacking interactions to stabilize protein or nucleic acid
secondary structure13–19. These additional restraints cannot be reliably
inferred from the atomic model alone and thus require manual error-
prone annotation and curation using additional sources of informa-
tion, such as homologous high-resolution models. Secondly, library-
based restraints parametrize only known chemical entities, such as
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Check for updates
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