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The most popular and universally predictive protein simulation models
employ all-atom molecular dynamics, but they come at extreme
computational cost. The development of a universal, computationally
efficient coarse-grained (CG) model with similar prediction performance
hasbeen along-standing challenge. By combining recent deep-learning
methods withalarge and diverse training set of all-atom protein
simulations, we here develop abottom-up CG force field with chemical

transferability, which can be used for extrapolative molecular dynamics on
new sequences not used during model parameterization. We demonstrate
that the model successfully predicts metastable states of folded, unfolded
and intermediate structures, the fluctuations of intrinsically disordered
proteins and relative folding free energies of protein mutants, while being
several orders of magnitude faster than an all-atom model. This showcases
the feasibility of a universal and computationally efficient machine-learned

CG modelfor proteins.

Over the past 50 years, substantial developments in hardware, software
and theory have advanced the simulation of macromolecules from
proofof principle to insilico study of protein folding and dynamics™*.
Despite this success, an ongoing challenge of the field is the accurate
and efficient representation of large, biologically relevant systems.
These systems are inherently multiscale: while fine-grained models
must be used to describe local and fast processes, the long-timescale
dynamics may be better captured ata coarse-grained (CG) resolution,
which is both more computationally efficient and facilitates a more
directunderstanding of how macroscopic observables arise frominter-
actions between microscopic degrees of freedom. Up to now, the most
successful and widely used simulation approachis molecular dynamics

(MD) withall-atom resolution'. Atomistic MD effectively models mac-
romolecular changes, such as protein folding or protein-ligand bind-
ing, and predicts their thermodynamic properties. However, all-atom
MD comes at extreme computational costs and requires great efforts
to post-process and analyse the data*”. Itis stillunclear whether there
isacomputationally efficient CG scale thatlends itselfto ageneral and
accurate simulation model. Although deep-learning methods have
beenwildly successfulin predicting protein structure and function by
reasoning over large-scale genomic and structure datasets®’, they often
donottieintoaphysicallevel of understanding. In this Article we show
that deep learning canbe used to develop auniversal CG protein force
field capable of predicting protein structures, structure transitions,
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folding mechanisms, folding upon binding of an intrinsically disor-
dered peptide, and changes of free energy upon mutation, similar to
all-atom MD methods, but orders of magnitude faster.

Most MD simulation studies employ atomistic force fields fitted
onacombination of quantum-chemical calculations and experimental
data. Modernforce fields have been shown to be qualitatively accurate
for processes on nanosecond to millisecond timescales and are often
quantitatively consistent with experiments®®. Recently introduced
machine-learned force fields’ " may capture the quantum-mechanical
interactions between nucleiin the Born-Oppenheimer approximation
even more accurately than conventional MD, but they also come at
higher computational cost™.

Ever since the first protein simulations, the community has striven
to develop universal (CG) macromolecular models that are compu-
tationally more efficient and more simple to analyse. The feasibility
of such models is justified by statistical mechanical descriptions of
protein dynamics, such as energy landscape theory', and results from
decades of analysis of atomistic simulations*. These studies suggest
thataprotein’s free energy landscape can be sufficiently described by
areduced number of collective variables with minimal loss of accuracy
compared with atomistic MD. Some CG models have shown success
in specific systems. These include structure-based models™, which
rely on the known native structure of a protein to explore its free
energy landscape, the Martini® CG force field, which can effectively
model intermolecular interactions including membrane structure
formation and proteininteractions, and CG force fields developed to
model protein folding and conformational dynamics such as UNRES™
or AWSEM". These models are limited to system-specific applications.
For instance, Martini inaccurately models intramolecular protein
dynamics, and UNRES and AWSEM often do not capture alternative
metastable states.

The main hindrance to the development of an accurate biomo-
lecular CG model is the difficulty in efficiently modelling multi-body
interactionterms, which are essential to realistically represent correct
protein thermodynamics and implicit solvation effects'®". In contrast,
classical all-atom force fields model most non-bonded interactions as
asum of two-body terms.

Bottom-up CG force fields* are typically fit to match the equilib-
riumdistribution of an all-atom model, so they could in principlereach
atomistic-level accuracy and predictiveness. By leveraging recent devel-
opments in deep learning, it has become possible to machine-learn
such many-body CG force fields using neural networks'®*°, In par-
ticular, using the variational force-matching approach®*, such force
fields have been shownto accurately reproduce the all-atom distribu-
tions of CG observables for single'®*?>*>?”** and multiple proteins™.
Despite these advancements, a transferable CG force field that could
be considered as universal, quantitative, predictive and as reliable as
amodern atomistic force field is still missing®*.

In this Article we propose a neural network-based CG model that
is truly transferable in sequence space. We learn the model param-
eters using a bottom-up approach from atomistic simulations of a
set of proteins and then use it to successfully simulate the conforma-
tional dynamics of proteins never seen at any learning stage, with low
(16-40%) sequence similarities to the training or validation protein
set. This CG model is orders of magnitude faster than all-atom MD
simulations, predicts metastable folded, unfolded and intermediate
states comparable with all-atom MD simulations, and is consistent
with experimental data for larger proteins, such as relative folding
free energies of protein mutants, where converged all-atom simu-
lations are not available. These results indicate that the CG model
‘learns’ torepresent effective physical interactions betweenthe CG
degrees of freedom and provides strong support for the hypoth-
esis that, using deep-learning methods, a universal CG model for
realistic and predictive protein simulations at low computational
costiswithinreach.

Results

We generated a dataset of all-atom explicit solvent simulations of small
proteins with diverse folded structures, as well as many combinations
of dimers of mono-and dipeptides. Using the training data, we trained
aCGforcefield, CGSchNet?, and conducted extensive simulations of
the learned CG model on new, unseen proteins of various sizes and
structures (details are presented in Fig. 1, Methods and Supplementary
Section1).

Conformational landscape of peptides and small proteins

To assess the ability of our approach for learning a transferable CG
force field, we first tested how it reproduces the folding/unfolding
free energy landscape of all-atom MD simulations for a set of unseen
8-peptides (Fig. 2a,b) and unseen small fast-folding proteins: the 025
mutant of chignolin (PDB 2RVD; Fig. 2¢), TRPcage (2JOF; Fig. 2d), the
beta-beta-alpha fold (BBA) (IFME; Fig. 2e) and the villin headpiece
(1YRF; Fig. 2f). None of these proteins had sequence similarity >40%
to any stretch of sequence from the training or validation datasets
(Table 1and Supplementary Section 5.3). The free energy surfaces of
the CGmodel were obtained through parallel-tempering (PT) simula-
tions to ensure converged sampling of the equilibrium distribution
(Supplementary Section 4.2). Long constant-temperature (300 K)
Langevin simulations were also performed for comparison, producing
consistent results and multiple folding/unfolding events for all proteins
(Supplementary Sections 6.4 and 6.9). We also obtained converged
folding/unfolding reference landscapes from atomistic simulations
for comparison.

Thefree energylandscapes of the two 8-peptides match the atom-
istic references closely (Fig. 2a,b). These peptides are mostly disor-
dered, and their landscapes are mostly determined by the torsional
dynamics contained in the prior energy term of the model, whereas
the machine-learned multi-body terms have a small effect on the result.
In contrast, for the four fast-folding proteins (Fig. 2c-f), the neural
network must learn to predict the configurational landscape; control
simulations with only the prior energy term only visit the unfolded
state for these proteins (Supplementary Fig. 7). For these systems, the
CG model predicts metastable folding and unfolding transitions, and
the CG folded states are predicted with a fraction of native contacts
Qclose to1and low C, root-mean-square deviation (r.m.s.d.) values,
andthey are populated with structures closely resembling the correct
native state (Fig. 2c-f). For chignolin, the modelis also able to stabilize
the same misfolded state with misaligned TYR1and TYR2 residues, as
foundinthe reference atomistic simulations (Fig. 4).

For three of the four fast-folding proteins in Fig. 2, the free energy
basin containing the native state is the global minimum, whereas for BBA
itisalocal minimum, indicating that all proteins are able to fold/unfold
correctly (alsoSupplementary Fig.25). However, therelative free energy
differences between the metastable states do not exactly match the
reference. The model performs better on chignolin, TRPcage and villin
thanonBBA, which contains both helical and anti-parallel 3-sheet motifs.
Previous CG models have also noted difficulty on this target system®",

Extrapolation onlarger proteins

To assess the ability of our CG model to fold and maintain the folded
states of larger and more complicated systems, we considered the
following proteins: 54-residue engrailed homeodomain (IENH) and
73-residue de novo designed protein alpha3D (2A3D) (Fig. 3). The sizes
of these proteins prevent atomistic simulations from sampling the
folding/unfolding transitionsin reasonable time, whereas the full free
energy landscape can be easily explored by the CG model. Therefore, we
simulate the folded state with the atomistic force field and compared
these dynamics with those of our CG model, defining the lowest free
energy minimum as the CG folded state. From extended configurations,
the modelsimulates the folding of both proteins to their correct native
structure (Fig. 3a,b).
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Fig. 1| Conceptualillustration of the pipeline for building and testing a
transferable, bottom-up, machine-learned, CG protein force field. Pipeline
for building and testing a transferable, bottom-up, machine-learned, CG protein
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are transformed into pairwise distances d;are fed into the neural network
architecture to predict the CG effective potential energy U and corresponding CG
forces F. The trained neural network can subsequently be used to simulate new
sequences and predict observables such as root mean square deviations (RMSD),
radii of gyration (R,) or dictionaries of secondary structure in proteins (d.s.s.p.).

We also compared the C, root-mean-square fluctuations (r.m.s.f.)
within the CG folded-state free energy minimum with the reference
all-atom simulations. The CGmodelstabilizeshomeodomainin astate
very close to the reference native structure, with similar terminal flex-
ibility to the all-atom simulations (Fig. 3a, bottom left) but with slightly
higher fluctuations along the length of the sequence. The difference
betweenthe folded state predicted by our modeland the crystal struc-
ture (meanr.m.s.d.,~0.5 nm; fraction of native contacts, ~0.75) is similar
to that of the all-atom simulations fromref. 1 (Supplementary Fig.12),
suggesting the difficulty in accurately predicting homeodomain’s
crystalline structure.

Our reference simulations of alpha3D show flexibility at the ter-
mini as well as between each helical bundle (Fig. 3b), similar to the CG
model. The CG model also stabilizes ametastable state of alpha3D very
closetothe native structure corresponding to an alternative three-helix
bundle topology with a different packing of the helices (a detailed
analysisis provided in Supplementary Section 6.8 and Supplementary
Fig.24). Alpha3Dis a protein designed de novo by iteratively stabiliz-
ing the selected native state topology, and precursors of the protein
populate both the native state and the alternative topology similar to
the one detected by our model®.

These results show that the transferable machine-learned CG
model can extrapolate tolarger unseen proteins, stabilizing the correct
native states and reproducing their associated backbone fluctuations.
As an additional analysis, we also demonstrate the extrapolative per-
formance of our CG model on stabilizing the folded states of two large
proteins for whichwe only have experimentally determined structures
asreference data, and on reproducing the conformational heterogene-
ity of a partially disordered protein. The results are discussed in detail
inSupplementary Section 6.1.

Detailed analysis and comparison with other CG force fields

We compared the characteristics of the learned CG energy landscapes
with the reference simulations and with three other CG force fields with
similar resolutions: AWSEM", UNRES" and Martini® (Supplementary

Sections 4.3, 4.4 and 4.5). We note that AWSEM is parameterized to
stabilize native states”, and all presented targets should be stable at
this temperature. Similarly, UNRES is parameterized with conforma-
tional data for multiple systems at several temperatures at ~300 K
(ref.16). The Martiniforce field is unable to stabilize the folded state of
aprotein without elastic restraints*>%; here, we show Martinisimulation
results without native restraints to compare the force field’s ability to
explore the conformational landscape of a protein system without
prior knowledge of the protein’s structure. In Supplementary Fig. 27,
we show that Martini simulations with an elastic network only allow
for small fluctuations around the native structure.

Figure 4 shows the free energy landscapes of the four small
fast-folding proteins from Fig. 2 as a function of the two slowest
time-lagged independent component analysis (TICA) coordinates®,
generated from extensive MD simulations using the reference all-atom
model, CGSchNet, AWSEM, UNRES and Martini. The all-atom land-
scapes exhibit the most structure and have the most metastable states,
whereas the CG landscapes are smoother. CGSchNet explores much
of the all-atom free energy landscape and it clearly resolves folded
and unfolded states as well as other metastable states, whereas this
behaviouris rarely observed with the other CG models. Often, AWSEM,
UNRES and Martini only stabilize a single metastable state, which is
either folded or unfolded. This behaviour is expected, as both the
AWSEM and UNRES force fields have been primarily parameterized
for stabilizing proteins with amore pronounced fold rather thanwhole
free energy landscapes of less stable proteins. Interestingly, there is
also appreciable similarity between the all-atom reference and our
machine-learned CGSchNetinstructural ensembles besides the folded
state prediction. For chignolin, all three all-atom main states (folded,
misfolded and unfolded) are visited by both CGSchNet and AWSEM,
butthese are clearly metastable only with CGSchNet. AWSEM explores
butdoes notstabilize the additional states, and UNRES and Martinido
not fold chignolin atall. In the landscapes of TRPcage, BBA and villin,
these differences are even more striking, as CGSchnet captures several
of the metastable states of the all-atom reference, in particular those
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Fig. 2| Transferable CGSchNet performance on test peptides and proteins.
a-f, 8-residue peptide DYGCSIHP (a), 8-residue peptide SLEAGGRG (b), chignolin
(2RVD) (c), TRPcage (2JOF) (d), BBA (1IFME) (e) and villin (1YRF) (f). Each subfigure
shows the two-dimensional (2D) free energy (FE) surface of the CG model
(CGSchNet) and reference atomistic simulations at 300 K as a function of the first
two TICA coordinates® for the two 8-peptides and as a function of the fraction

8 10

of native contacts, Q, and the C, r.m.s.d. to the native state for the four small
proteins. The structures shown are sampled from the most folded-like metastable
basin (or labelled metastable basins for the 8-peptides) for CGSchNet (orange)
and atomistic (grey) models. CG free energy landscapes are obtained through
Multistate Bennett Acceptance Ratio (MBAR)-reweighted® parallel-tempering
simulations (details are provided in Supplementary Sections 4.2 and 6.4).

Table 1| Maximum sequence similarities of test proteins to
the proteins used in the model training

Test protein Length (amino  Sequence similarity to

acids) train (%)
DYGCSIHP 8 38
SLEAGGRG 8 50
Chignolin (2RVD) 10 40
TRPcage (2JOF) 20 35
BBA (1TFME) 28 29
Villin (1YRF) 35 26
Homeodomain (1ENH) 54 20
SH3 (2NUZ) 55 24
Cl2(2CI12) 65 18
PaaA2 (3ZBE) n 17
Alpha3D (2A3D) 73 19
S6 (1RIS) 97 16

Details on sequence similarity are in Supplementary Section 5.3.

with a partial fold, but these states are not explored by the other CG
forcefields. Nevertheless, substantial differencesin the unstructured
states between the reference and CGSchNet indicate that there is still
room forimprovementin our CG model.

A quantitative comparison between the folded states obtained
withanall-atom modelfor these proteins and the CG models considered

here is presented in Supplementary Section 5.4. Not only does our
model better populate and stabilize the native state structure than the
other CG models, but it is comparable to a reference all-atom model
(Supplementary Fig. 12). In particular, in the case of homeodomain
(1IENH), the folded-like metastable state visited by the atomistic model
isata Q-value of around 0.6, lower than in our CG model.

Itisimportant to note that our model is not designed primarily for
structure prediction, butrather for the exploration of free energy land-
scapes for protein systems through CG MD. Unsurprisingly, structures
predicted by AlphaFold3° for these test proteins are very close to the
corresponding crystal structures, as AlphaFold models are primarily
trained to recover PDB structures.

Beyond globular protein folding

Folding upon binding of an intrinsically disordered peptide

To test our CG model’s extrapolative ability beyond protein folding, we
consider the PUMA-MCL-1systemas a case study of concerted folding and
binding of anintrinsically disordered peptide (IDP). The disordered BH3
motif ofthe PUMA ligand undergoes coupled foldingand binding to the
induced myeloid leukaemia cell differentiation protein MCL-1*. Starting
from an extended structure, we simulated the PUMA peptide with our
transferable CG model either alone or in the presence of the folded MCL-1
protein. Figure 5 reports the evolution of the C, r.m.s.d. of the ligand to
its helical (folded) state during the simulationsinboth cases. The trajec-
tories of the isolated PUMA (Fig. 5a,b, light blue) exhibit large r.m.s.d.
fluctuations, indicating that the peptide remains disordered onits own.
By contrast, the peptide simulated in the presence of the MCL-1 protein
(orange) rapidly drops to an average r.m.s.d. value of ~2.5 A, indicating
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Fig. 3 | Extrapolative performance of CGSchNet on two large proteins withheld
from the training and validation sets. a-h, 54-residue homeodomain (PDB
1ENH; a-d) and 73-residue alpha3D (PDB 2A3D; e-h). C, r.m.s.f. values of the
folded state to the crystal structure are shown (taken from a trajectory window
that remained folded for more than one million MD steps; Supplementary
Section 5.2) in comparison to reference (AMBER) all-atom simulations (c,g),

along with an exploration of the free energy surface as a function of the fraction
of native contacts, Q, and the C, r.m.s.d. to the native state, obtained through
MBAR-reweighted® PT simulations (a,e). A folding trajectory starting from a
completely elongated structure is shown (b,f), with orange structures illustrating
folding and the crystal structure showningrey (d,h).

induced folding of the peptide by the binding partner. The final simulation
snapshot reported onthe top right of Fig. Sareinforces this result. Details
about these simulations are provided in Supplementary Section 5.5.

As a control, we simulated the unfolded PUMA ligand with a pro-
tein that is not known to induce its folding, ubiquitin (PDB 1D3Z).
Here, although the peptide remains close to the protein, in none of
the simulated trajectories does it fold into a stable helix, as indicated
by the much larger deviations of the r.m.s.d. trace (in purple), and by
the final simulation snapshot on the right of Fig. 5b. Together, these
results indicate that, when simulated with our CG model, the PUMA
peptide forms a stable helix only when in the presence of its correct
binding partner, MCL-1. Although the CG model was trained partially
oninteracting mono/dipeptide pairs (Supplementary Section1.2), the
training data contain no protein-protein complexes such as MCL-1/
PUMA. Despite this, the model learns nontrivial interactions that can
correctly model the PUMA peptide both alone and in the presence of
its correct binding partner.

Mutational analysis of ubiquitin

We illustrate the extrapolative power of our chemically transferable
CG modelinestimating folding free energy changes upon mutations,
comparable to experimentally measured AAG values, as described in
Methods and Supplementary Section 5.6. Such mutational analysis is
straightforward using our CG model, because the identity of anamino
acid is solely defined by the type of the C;bead in our model (or the
C, bead for GLY): mutations can be performed simply by changing
these bead types as illustrated in Fig. 6a. We chose ubiquitin as a test
system, given its extensive and available experimental data, focusing
specifically on the set of conservative mutations investigated by Went
and Jackson®. We note that ubiquitin has only 18% sequence similarly
with any proteins in the training/validation datasets.

Figure 6b presents the comparison between the experimental AAG
values fromref. 41 and those obtained by our model as described in Sup-
plementary Section 5.6. Thereis astrong correlation between our results
andthe experimental values; the Pearson correlation coefficient obtained
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and for three different CG force fields of a comparable resolution to our CG
model, AWSEM, UNRES and Martini. Each landscape includes representative
structures from different metastable minima.
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Fig. 5| Simulation of the PUMA peptide. a, Time series of the r.m.s.d. of the
PUMA ligand toits reference helical (folded) structure from the PDB (2ROC)
when simulated alone (light blue traces) or close to the folded MCL-1 protein
(orangetraces). On the left and on the right are shown the starting structure

6
Time (ns)

and astructure at the end of the simulation, respectively. b, As inabut when the
PUMA peptideis simulated close to ubiquitin (PDB1D3Z), whichis notits correct
binding partner. The horizontal dashed line marks the 0.25 nm threshold for
comparison.

withour CGmodelis comparable withwhat canbe obtained with all-atom
approaches**, Thisresultindicatesthat the model haslearned the general
physical interactions among the residues at the CG resolution, thereby
allowing useful predictions on new systems such as mutation effects.

Discussion and conclusion

We have shown that it is possible to machine-learn a transferable, bot-
tom-up, CG effective force field that can be used for MD simulation
on proteins with little sequence overlap with the systems used for
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Fig. 6 | Mutational study with ubiquitin. a, The resolution of the CG model
allows for straightforward point mutations. b, Comparison of the AAG value
estimated from our model and the reference experimental AAG at 298 K from

ref. 41. The Pearson correlation coefficient (r=0.63) and mean absolute error
(MAE =1.25 kcal mol™) are also reported. The black dotted line shows y=x, and
the shaded region marks the intervaly = x + 1 kcal mol™. Error bars are estimated
viabootstrapping, resampling 99 times by taking batches 0f 10,000 independent
elements of the initial folded and unfolded ensembles for each mutation.

training the model. Notably, the number of training systems is very
small, containing only 50 small protein domains and 1,245 dimers of
mono- or dipeptides. We have demonstrated that the model samples
similar conformational spaces as an explicit water all-atom model, butis
orders of magnitude faster (Supplementary Table 9). With thisincreased
efficiency, the CG model can characterize the folding/unfolding free
energy landscapes of larger proteins where comprehensive atomistic
MD is unaffordable. Despite this substantial improvement, our cur-
rent MD code is not optimized, and the simulation throughput can be
further improved by implementing speedups and optimizing parallel
batch simulation. Our model also excels in more difficult tasks, such
as predicting the folding upon binding of an intrinsically disordered
peptideinthe presence ofits protein partner, despite thelack of protein
complexes in the training dataset. However, intrinsically disordered
proteins appear too structured and compactin our model, which should
beasubject for futureinvestigation. Finally, we have used the model to
estimate changes in stability upon mutation in the protein ubiquitin,
finding good correlation with the experimentally measured values.

In contrast to models such as AlphaFold®, our modelis notaprotein
structure prediction tool. Rather, it explores the complete free energy
surface of the systems of interest, including but not limited to the
folded protein structure. The ultimate goal of our model would be to
reproduce the thermodynamics of our systems consistently with the
underlying atomistic model, but there are some protein targets, such
as BBA, where our model predicts the folded state as being less stable
than the unfolded. Yet, even in these systems, our model predicts a
metastability in the folded region of BBA’s free energy landscape,
whereas other CG models do not. Further improving the reliability of
free energy predictions is an important future aim that will require
both expandingthe training dataset and further method development.

The key property of our CG model is the deep graph neural net-
work (GNN) representation of its effective energy that can capture
multi-body terms without imposing restrictive functional forms.
The importance of multi-body terms in CG models has been exten-
sively discussed in the literature'®">***¢, Although it is expected that
neural networks can capture the important multi-body effects, it is
remarkable that such a CGforcefieldis transferable insequence space,
especially given the rather small sequence coverage of the training
set. A trade-off between structural accuracy and transferability has
been observed in the past for various CG protein models***, However,
most CG effective energy functions have been previously parameter-
ized with pre-designed functional forms, limiting the ability to model
multi-body interactions. In practice, this precluded the possibility of
quantitatively investigating the accuracy/transferability trade-offin
protein systems. A deep neural network is the natural answer to such
aproblemand allows us to address this challenge. Although thisis not
the first instance of a bottom-up machine-learning-based protein
CG model®?'*°, previously proposed versions were either explicitly
parameterized for single specific systems or were not transferable to
proteins substantially different from those used in training/valida-
tion datasets.

The particular neural network chosen here (SchNet*’) is quite sim-
ple.It consists of aseries of continuous-filter convolutions and does not
include an attention mechanism, nor explicit long-range interaction
terms. This architectural choice was motivated by the goal of develop-
ing a‘proof-of-concept’model, that canbe trained and simulated as fast
as possible while still yielding the desired results. More sophisticated
architectural choices could produce better-performing CG models.
In particular, the lack of long-range interactions in our model may
affect the model performance on much larger and multi-protein sys-
tems, where electrostatic interactions may play animportant role’".
Multiple approaches for including long-range interactions®° and/
or attention mechanisms*® have been recently proposed for all-atom
resolutions and could beincorporated into our modelling framework
inthe future.

To prevent our model from exploring nonphysical regions of con-
formational space, we employed a prior energy model (Supplementary
Section 3.1); however, the model is quite sensitive to any change in this
prior energy (Supplementary Section 3.3). The current functional
form and parameterization of the prior modelis the result of extensive
testing, and this set of terms can be further optimized in future work.

It is also important to note that our CG model was trained at a
specific thermodynamic condition. Transferability in temperature/
pressure or other additional environmental parametersis therefore not
expected at this point. In particular, the temperature dependence of
the CG effective energy is highly nontrivial, asit really represents afree
energy with an entropic component”. An explicit dependence of the
model onthermodynamic conditions could, in principle, be included
in the framework>®**. However, in practice, its training would require
the curation of a substantially larger dataset encompassing multiple
simulations at multiple thermodynamic conditions, which would
probably require even more large-scale computational resources than
those used in this work.

The results presented here were obtained with a model that,
although aggressively coarse-grained with respect to an explicit water
atomistic model, still retains the full backbone heavy atoms and an
additional atom per side chain (excluding GLY). We have not yet inves-
tigated alternative resolutions for building a transferable model, and
we expect transferability to be strongly tied to the chosen resolution.
Although different methods have been proposed for the simultane-
ous optimization of CG effective energy and CG mapping®, it remains
unclearifand which additional resolutions allow for the optimal design
of a transferable and quantitatively accurate model. We believe that
theresults presented here open the way to a systematic investigation
of this point.
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Methods

We generated a dataset of all-atom explicit solvent simulations of
50 CATH domains®, representing small proteins with diverse folded
structures, aswellas~1,200 dimers of mono- and dipeptides. We stored
allinstantaneous forces on the protein atoms, performed basic force
aggregation on a CG backbone representation of the proteins”, and
trained a CG force field, CGSchNet*?, which combines a deep GNN
with physically motivated prior terms. We then conducted a series of
extensive Langevin and PT simulations of the learned CG model on
new, unseen proteins of various sizes and structures to demonstrate
its capabilities and limitations. Wherever feasible, we also performed
extensive all-atom MD simulations for the test systems and analysed
them with Markov state modelling*° for comparison.

Neural network model

Ourmodelwasbuilt using the deep-learning Python packages PyTorch®
and PyTorch Geometric®. Building on previous efforts**?”**, we chose
to model the optimizable term of our CG effective energy with the GNN
architecture CGSchNet, which is based on a previous architecture,
SchNet*. See Supplementary Section 2 for a detailed description of
networkarchitecture, hyperparameter choices and training routines.
The ability to directly learn species-dependent interactions and CG
bead-wise features from data represents the primary advantage of
using a convolutional GNN such as CGSchNet in this pursuit. More
recent GNN architectures®**® may be used as an alternative. However,
we note that newer architectures can require more computational
resources and more extensive hyperparameter searches, thereby creat-
ing substantial training barriers given the large number of MD simula-
tion frames and the system sizes used in training.

Loss function

We designed our CG model within the framework of variational
force-matching®* In practice, we optimize the parameters {6} of a
network representing the effective energy Ucs(R;{6}), where Rare the
CG coordinates, by minimizing aloss function in the form

~ N N 2
X2[Fco a(R: O])] = <%V PN R CINES BN > i)
j=1

r

Here, Nis the number of CG atoms in the system. In equation (1),
Fco, (R; {6}) are the forces associated with the CG effective energy,
Foo(R;{0) = —VrUc(R;{6)), after subtraction of the ‘prior forces’:

lECG,A(R; {0}) = l::CG(R; {0}) - l:prior(R) (2)

where Fpior(R) = =VrUprior(R)and Upior (R)is a pre-fit ‘prior energy’ term.
The atomistic force is similarly modified. The definition of a prior
energy is discussed in the next section and it has been shown to play
an important role in constructing stable and accurate neural
network-based CG models by enforcing asymptotic physical behaviour
inregions of phase space not covered adequately by training/validation
datasets obtained through all-atom MD?*?>**3*_In equation (1), the
operator M projects the atomistic forces f,,(r), as a function of the
atomistic coordinatesr, in CG space. We have shownin previous work
that a careful choice of M is crucial to the optimization of the CG
model”. In this Article, M is defined for each CG site as the sum of
forces onthe preserved atom and neighbouring hydrogen atoms con-
nected via constrained bonds”.

CGresolutionand prior energy

A good choice of the prior energy model should be connected to the
resolution chosen to define the CG model**. Previous non-transferable
CG studies™”” have utilized aresolution that retains only the C,atoms
foreachaminoacid. However, when considering 20 naturally occurring
amino acids, the type enumeration for common local energy terms,

such as four-body dihedral interactions, becomes very large. Efforts
in the past*® have attempted to mitigate suchscaling, but this canlead
to potentially limiting or overly biasing expressions for the associated
prior energies.

For thiswork we chose toretain the following five atoms for eachres-
idue:backboneN, C,, C, Oandside-chain C;. We label differentatoms with
aninteger atomtype, withthe C;atom having aresidue-dependentatom
type number. Inthe case of GLY residues, which do not containa Cy, we
retainonly fouratoms—N, C,, Cand O—and assign the residue-dependent
atom type number to the C, atom. Supplementary Fig. 3 provides a
graphical description of the CG resolution and atom type labelling.

Thisfive-bead-per-residue CG mappingis not unprecedented—the
successful AWSEM" CG force field, whichretains the C,, the C;and the
Oatoms (as wellas virtual sites for Nand Catoms), utilizes acomparable
resolution. This choice of CG resolution allows for adirectinterpreta-
tion of secondary structures and leads to intuitive prior energy choices
(for example, physical bond/angle terms, physical dihedralangles and
soon).Adescription ofthe termsinthe prior force field is providedin
Supplementary Section 3.1.

Itisimportanttostress thatif the prior energy is used alone (with-
out the trainable neural network energy term Ucs(R;{6})), it is com-
pletely incapable of stabilizing any secondary or tertiary protein
structures (Supplementary Fig. 7 presents the results from control,
prior-only simulations). The function of the prior energy is only to
prevent the model from visiting configurationally nonphysical regions
(forexample, configurations involving overlapping atoms), with little
to no additional bias on the configurational landscape. To illustrate
the relative importance of each prior on model stability/ability to
access unphysical configurations, we include a prior ablation study,
where the effect of removing each prior subinteraction, one by one, is
investigated on a chignolin-specific model at the same five-bead-
per-residue resolution (Supplementary Fig. 10).

Training data

Three strategies were used to create the training dataset. First, to cap-
ture sequence and secondary/tertiary structure diversity in proteins,
we constructed a dataset of all-atom simulations of 50 protein domains
in their native state from the CATH®? database (Supplementary Section
1.1 presents the domain selection procedure). Each simulation repre-
sents 100,000 frames of all-atom MD data in which the forces and posi-
tions of the solute are saved. In addition to this dataset of folded CATH
simulations, we constructed a second dataset wherein ~1,200 mono/
dipeptide dimer systems were simulated using umbrella sampling with
dimer centre-of-mass distances as areaction coordinate, and each system
consists 0f 27,000 frames. Although this dataset does not contain direct
secondary/tertiary structureinformation, it contains valuable asymptotic
forceinformationforatomsthatarebrought very close togetherthrough
the nature of the enhanced sampling strategy. The necessity for both the
CATHand dimer datasets was demonstrated by an ablation study inwhich
we systematically remove both entire datasets and selected samples
(Supplementary Fig. 20). Finally, additional frames were constructed
fromthe previously described CATH and dimers datasets by taking every
50th frame of each simulation and additively combining bead positions
with a Gaussian noise of mean 0 and standard deviation 0.5 A (Supple-
mentary Section 6.6 provides details of the hyperparameter selection).
These distorted ‘decoy’ frames were combined with a zero delta-force
label and used as additional training data, and are designed to prevent
uncontrolled neural network extrapolation on distorted high-energy
configurations that may arise transiently during CG simulation. Due to
theinduced distortion, the prior alone predicts ahigh baseline energy on
the corresponding areas of phase space. Effectively, the decoy training
datahelpstoensure that the network does notattempt to predict strong
forcesin configurations that should be dominated by the prior terms. A
comprehensive discussion on the training and validation datasets that are
used to parameterize the modelis provided inSupplementary Section 1.
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Mutational analysis

From the CGmodel, we can estimate AAG values by treating the effect
of asingle point mutation as a perturbation to the wild-type energy® %,
Under the assumption that the mutation does not significantly perturb
the density of states, the effect of the mutation on protein stability
can be estimated from perturbation theory®”*® (a detailed analysis is
provided in Supplementary Section 5.6).

Data availability

Alltraining data, simulation data, and trained models are available at
https://doi.org/10.5281/zenodo0.15465782 (ref. 69). Source data are
provided with this paper.

Code availability

Code for the generation of the training datasetsis available at https://
doi.org/10.5281/zenodo0.15465782 (ref. 69). The scripts for model train-
ing and running simulations are available at https://doi.org/10.5281/
zenodo.15482457 (ref. 70). Model training and simulation was done
using the milcg package (https://github.com/ClementiGroup/mlcg).
Additional tools for the prior pipeline can be found in the milcg-tk
package (https://github.com/ClementiGroup/mlcg-tk). Finally, analy-
sis tools can be found in the Proteka package (https://github.com/
ClementiGroup/proteka).

References

62. Sillitoe, I. et al. CATH: comprehensive structural and functional
annotations for genome sequences. Nucleic Acids Res. 43,
376-381(2015).

63. Paszke, A. et al. PyTorch: an imperative style, high-performance
deep learning library. In Proc. Neural Information Processing
Systems Vol. 32 (eds Wallach, H. et al.) article no. 721, 8026-8037
(Curran Associates, 2019).

64. Fey, M. & Lenssen, J. E. Fast graph representation learning with
PyTorch Geometric. In Proc. ICLR Workshop on Representation
Learning on Graphs and Manifolds (Curran Associates, 2019).

65. Batzner, S. et al. E(3)-equivariant graph neural networks for
data-efficient and accurate interatomic potentials. Nat. Commun.
13, 2453 (2022).

66. Batatia, |., Kovacs, D. P., Simm, G., Ortner, C. & Csanyi, G. MACE:
higher order equivariant message passing neural networks
for fast and accurate force fields. In Proc. Advances in Neural
Information Processing Systems Vol. 35 (eds Koyejo, S. et al.)
11423-11436 (Curran Associates, 2022).

67. Matysiak, S. & Clementi, C. Optimal combination of theory
and experiment for the characterization of the protein folding
landscape of S6: how far can a minimalist model go? J. Mol. Biol.
343, 235-248 (2004).

68. Matysiak, S. & Clementi, C. Minimalist protein model as a
diagnostic tool for misfolding and aggregation. J. Mol. Biol. 363,
297-308 (2006).

69. Charron, N., Bonneau, K., Pasos-Trejo, A. & Guljas, A. Navigating
protein landscapes with a machine-learned transferable
coarse-grained model (data and codes). Zenodo https://doi.org/
10.5281/zenodo.15465782 (2025).

70. Charron, N. et al. ClementiGroup/mlcg: 0.0.3. Zenodo https://doi.
0rg/10.5281/zenodo.15482457 (2025).

Acknowledgements

We thank all members of the Clementi and Noé groups for their

help in different phases of this work. We gratefully acknowledge
funding from the European Commission (grant no. ERC CoG 772230
‘ScaleCell’), the International Max Planck Research School for Biology
and Computation (IMPRS-BAC), the Bundesministerium fiir Bildung
und Forschung BMBF (Berlin Institute for Learning and Data, BIFOLD,
and project FAIME 011524076), the Berlin Mathematics Center

MATH+ (AA1-6, EF1-2) and the Deutsche Forschungsgemeinschaft
DFG (NO 825/2, NO 825/3, NO 825/4; SFB/TRR 186, Project A12; SFB
1114, Projects BO3, BO8 and A04; SFB 1078, Project C7; and RTG

2433, Projects Q05 and Q04), the National Science Foundation
(CHE-1900374 and PHY-2019745) and the Einstein Foundation Berlin
(Project 0420815101). We gratefully acknowledge the computing time
provided on the supercomputer Lise at NHR@ZIB as part of the NHR
infrastructure, and on the supercomputer JUWELS operated by the
Julich Supercomputing Centre. We thank volunteers at GPUGRID.net
for contributing computational resources and Acellera for funding.

Author contributions

C.C. and F.N. conceived the project. N.E.C., K.B., A.S.P.-T.and A.G.
developed the machine-learning models, trained the models,
performed simulations and analysed the data. Y.C., F.M., JV,, D.G., |.Z.,
A.Kramer., CT., A. Kelkar and A.E.P.D. contributed to the development
of the models and data analysis. N.E.C., F.M., A. Kelkar, Y.C., CT,,

K.B., A.G., A.S.P-T., JV. and A.E.P.D. wrote and tested the software. A.
Krédmer, CT, Y.C., S.O., A. Pérez, M.M., B.E.H. and G.D.F. generated part
of the reference data. C.C., F.N., G.D.F. and A. Patel supervised the
project. C.C. and F.N. drafted the original version of the paper with the
input and approval of all authors.

Funding

Open access funding provided by Freie Universitat Berlin.

Competinginterests
The authors declare no competing interests.

Additional information

Supplementary information The online version contains
supplementary material available at
https://doi.org/10.1038/s41557-025-01874-0.

Correspondence and requests for materials should be addressed to
Gianni De Fabritiis, Frank Noé or Cecilia Clementi.

Peer review information Nature Chemistry thanks Pratyush Tiwary and
the other, anonymous, reviewer(s) for their contribution to the peer
review of this work.

Reprints and permissions information is available at
www.nhature.com/reprints.

Nature Chemistry


http://www.nature.com/naturechemistry
https://doi.org/10.5281/zenodo.15465782
https://doi.org/10.5281/zenodo.15465782
https://doi.org/10.5281/zenodo.15465782
https://doi.org/10.5281/zenodo.15482457
https://doi.org/10.5281/zenodo.15482457
https://github.com/ClementiGroup/mlcg
https://github.com/ClementiGroup/mlcg-tk
https://github.com/ClementiGroup/proteka
https://github.com/ClementiGroup/proteka
https://doi.org/10.5281/zenodo.15465782
https://doi.org/10.5281/zenodo.15465782
https://doi.org/10.5281/zenodo.15482457
https://doi.org/10.5281/zenodo.15482457
https://doi.org/10.1038/s41557-025-01874-0
http://www.nature.com/reprints

	Navigating protein landscapes with a machine-learned transferable coarse-grained model

	Results

	Conformational landscape of peptides and small proteins

	Extrapolation on larger proteins

	Detailed analysis and comparison with other CG force fields


	Beyond globular protein folding

	Folding upon binding of an intrinsically disordered peptide

	Mutational analysis of ubiquitin


	Discussion and conclusion

	Online content

	Fig. 1 Conceptual illustration of the pipeline for building and testing a transferable, bottom–up, machine-learned, CG protein force field.
	Fig. 2 Transferable CGSchNet performance on test peptides and proteins.
	Fig. 3 Extrapolative performance of CGSchNet on two large proteins withheld from the training and validation sets.
	Fig. 4 Free energy landscapes as a function of the first two TICA coordinates for four small, fast folding proteins.
	Fig. 5 Simulation of the PUMA peptide.
	Fig. 6 Mutational study with ubiquitin.
	Table 1 Maximum sequence similarities of test proteins to the proteins used in the model training.




