
Coarse-graining for 
classical and quantum systems



2

Ceci
lia

Nick Felix

Tim

Klara
David

Iryna

Wangfei

Clark

Andrea

Clementi Group - Theoretical and Computational Biophysics

Aldo

Jacopo

Daria Arvid



3



4

Ultimate goal

Biological function requires dynamics

AlphaFold2@DeepMind  
predicts 

static structures 
from sequences VS.

the whole energy landscapeone point
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Vaccines
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Drugs

Antibodies

Amyloids

the whole energy landscape
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Main challenge: wide range of spatiotemporal scales

Coarse-graining idea:

Can we design 
a minimalist model

speeding up the simulations 
significantly while preserving 

the relevant physics?

Figure from J.E. Shea
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coarse-graining in structural space

coarse-graining in conformation space

Coarse-Graining
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Coarse-graining in conformation space
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coarse-graining in structural space

Coarse-Graining
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CG model = mapping + potential

C. Clementi, et al, J. Mol. Biol. 298, 937-953 (2000)
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CG models: which properties to preserve?

W.G. Noid, J. Chem. Phys. 139:9, 090901 (2013) 

1. Learning CG models from 
all-atom simulations

2. Incorporating nuclear 
quantum effects into all-
atom simulation

3. Learning CG models from 
experimental data
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CG models: which properties to preserve?

W.G. Noid, J. Chem. Phys. 139:9, 090901 (2013) 

1. Learning CG models from 
all-atom simulations

2. Incorporating nuclear 
quantum effects into all-
atom simulation

3. Learning CG models from 
experimental data
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Force-matching
Enforcing the thermodynamic consistency is equivalent 
to minimize the force matching error:

S. Izvekov and G. A. Voth J. Phys. Chem. B 109:2469–2473 (2005)
W. G. Noid, et al, J. Chem. Phys. 128, 244114 (2008)

J. Wang, S. Olsson, C. Wehmeyer, A. Perez, N.E. Charron, G. de Fabritiis, F. Noé, C. Clementi, ACS Cent. Sci, 5, 755-767 (2019)
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Enforcing the thermodynamic consistency is equivalent 
to minimizing the force matching error:

S. Izvekov and G. A. Voth J. Phys. Chem. B 109:2469–2473 (2005)
W. G. Noid, et al, J. Chem. Phys. 128, 244114 (2008)

J. Wang, S. Olsson, C. Wehmeyer, A. Perez, N.E. Charron, G. de Fabritiis, F. Noé, C. Clementi, ACS Cent. Sci, 5, 755-767 (2019)

CG force mapping CG configurational mapping

Instantaneous all-atom force Model parameters

Force-matching
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reference free energy 3 metastable 
states

Folded

Unfolded

Misfolded

atomistic simulation
in explicit solvent

ab

c

Test system: Chignolin 
folding/unfolding/misfolding 



CGNet: Feedforward, Fully-Connected

10
J. Wang, S. Olsson, C. Wehmeyer, A. Perez, N.E. Charron, G. de Fabritiis, F. Noé, C. Clementi, ACS Cent. Sci, 5, 755-767 (2019)
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Schütt, K. T., Sauceda, H. E., Kindermans, P.-J., Tkatchenko, A., & Müller, K.-R. 
SchNet – A deep learning architecture for molecules and materials. J. Chem. Phys, 148(24), 241722 (2018). 

Husic, B. E., Charron, N. E., Lemm, D., Wang, J., Pérez, A., Majewski, M., Krämer, A., Chen, Y., Olsson, S., de Fabritiis, G., Noé, F., & Clementi, C. 
Coarse graining molecular dynamics with graph neural networks. J. Chem. Phys. 153(19), 194101 (2020). 

CGSchNet: A Message-passing, Graph Network

18



Husic, B. E., Charron, N. E., Lemm, D., Wang, J., Pérez, A., Majewski, M., Krämer, A., Chen, Y., Olsson, S., de Fabritiis, G., Noé, F., & Clementi, C. 
Coarse graining molecular dynamics with graph neural networks. J. Chem. Phys. 153(19), 194101 (2020). 

CGSchNet: A Message-passing, Graph Network

18



19



20

Force-matching
Enforcing the thermodynamic consistency is equivalent 
to minimize the force matching error:

S. Izvekov and G. A. Voth J. Phys. Chem. B 109:2469–2473 (2005)
W. G. Noid, et al, J. Chem. Phys. 128, 244114 (2008)

J. Wang, S. Olsson, C. Wehmeyer, A. Perez, N.E. Charron, G. de Fabritiis, F. Noé, C. Clementi, ACS Cent. Sci, 5, 755-767 (2019)
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J. Wang, N.Charron, B. Husic, S. Olsson, F. Noé, C. Clementi, J. Chem. Phys., 154 (16), 164113 (2021)

Multibody potentials: how many bodies?
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Multibody potentials: how many bodies?

J. Wang, N.Charron, B. Husic, S. Olsson, F. Noé, C. Clementi, J. Chem. Phys., 154 (16), 164113 (2021)
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J. Wang, N.Charron, B. Husic, S. Olsson, F. Noé, C. Clementi, J. Chem. Phys., 154 (16), 164113 (2021)

Multibody potentials: how many bodies?
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ISSchNet: Implicit Solvent CG Models

Chen, Y., Krämer, A., Charron, N. E., Husic, B. E., Clementi, C., & Noé, F. 
Machine learning implicit solvation for molecular dynamics. J. Chem. Phys, 155(8), 084101 (2021). 
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ISSchNet: Implicit Solvent CG Models

Chen, Y., Krämer, A., Charron, N. E., Husic, B. E., Clementi, C., & Noé, F. 
Machine learning implicit solvation for molecular dynamics. J. Chem. Phys, 155(8), 084101 (2021). 
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ISSchNet: Implicit Solvent CG Models

Chen, Y., Krämer, A., Charron, N. E., Husic, B. E., Clementi, C., & Noé, F. 
Machine learning implicit solvation for molecular dynamics. J. Chem. Phys, 155(8), 084101 (2021). 
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J. Wang, S. Olsson, C. Wehmeyer, A. Perez, N.E. Charron, G. de Fabritiis, F. Noé, C. Clementi, ACS Cent. Sci, 5, 755-767 (2019)
B. E. Husic, N. E. Charron, …, G. de Fabritiis, F. Noé, C. Clementi J. Chem. Phys. 153 (19), 194101 (2020)

State of The Art MLCG Model 
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J. Wang, S. Olsson, C. Wehmeyer, A. Perez, N.E. Charron, G. de Fabritiis, F. Noé, C. Clementi, ACS Cent. Sci, 5, 755-767 (2019)
B. E. Husic, N. E. Charron, …, G. de Fabritiis, F. Noé, C. Clementi J. Chem. Phys. 153 (19), 194101 (2020)

State of The Art MLCG Model 
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How do we achieve state of the art?
Model Construction & TrainingDataset  Curation Validation & Prediction

Simulation/
Experiment

CG Mapping

CG Dataset

Physical 
Constraints

Trained
CG MLFF

Property 
Prediction

 
Experimental
Comparison

U(R(t))
R(t)

∆∆G
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Optimization: CG Force Noise 

Wang, J., Olsson, S., Wehmeyer, C., Pérez, A., Charron, N. E., de Fabritiis, G., Noé, F., & Clementi, C. (2019). 
Machine Learning of Coarse-Grained Molecular Dynamics Force Fields. ACS Central Science. 
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Optimization: CG Force Noise 

Wang, J., Olsson, S., Wehmeyer, C., Pérez, A., Charron, N. E., de Fabritiis, G., Noé, F., & Clementi, C. (2019). 
Machine Learning of Coarse-Grained Molecular Dynamics Force Fields. ACS Central Science. 
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Optimization: CG Force Noise 

Wang, J., Olsson, S., Wehmeyer, C., Pérez, A., Charron, N. E., de Fabritiis, G., Noé, F., & Clementi, C. (2019). 
Machine Learning of Coarse-Grained Molecular Dynamics Force Fields. ACS Central Science. 
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Force Aggregation Strategies

Krämer, A.,Durumeric, A.P., Charron, N.E., Chen, Y., Clementi, C. & Noé, F., (2023) in preparation 
Statistically optimal force aggregation for coarse-grained molecular dynamics
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Developing transferable CG force fields

1100 different octapeptide sequences in 
explicit solvent 

CG 
mapping

INPUT

OUTPUT

Learn a “universal” 
CG force-field



36

B

C

A

B

C
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Developing transferable CG force fields



37

Force-matching without forces

J. Köhler, Y. Chen, A. Krämer, C. Clementi, F. Noé, arXiv:2203.11167 (2022)
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Force-matching without forces

J. Köhler, Y. Chen, A. Krämer, C. Clementi, F. Noé, arXiv:2203.11167 (2022)
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J. Köhler, Y. Chen, A. Krämer, C. Clementi, F. Noé, arXiv:2203.11167 (2022)

Force-matching without forces
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J. Köhler, Y. Chen, A. Krämer, C. Clementi, F. Noé, arXiv:2203.11167 (2022)

Force-matching without forces
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J. Köhler, Y. Chen, A. Krämer, C. Clementi, F. Noé, arXiv:2203.11167 (2022)

Force-matching without forces
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CG models: which properties to preserve?

1. Learning CG models from 
all-atom simulations

2. Incorporating nuclear 
quantum effects into all-
atom simulation

3. Learning CG models from 
experimental data

W.G. Noid, J. Chem. Phys. 139:9, 090901 (2013) 
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Coarse-graining nuclear quantum effects

Classical picture: nuclei 
move on a potential energy  
surface according to the laws 
of classical physics

Quantum picture: nuclei 
obey Schrödinger equation

Effects present only
in quantum picture:
tunnelling, isotope effects ... Delocalized proton in the active site of ketosteroid isomerase D40N

Wang, L.; Fried, S. D.; Boxer, S. G.; Markland, T. E. Quantum Delocalization of Protons in the Hydrogen-Bond Network of an Enzyme Active Site. 
Proc. Natl. Acad. Sci. U. S. A. 2014, 111 (52), 18454–18459.
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Quantum-classical isomorphism and 
path integral molecular dynamics

Sample the quantum canonical distribution 
by moving to an extended phase space:

Can we coarse-grain the ring polymer back to a centroid?

Markland, T. E.; Ceriotti, M. Nuclear Quantum Effects Enter the Mainstream. Nat. Rev. Chem. 2018, 2 (3). 
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Quantum-classical isomorphism and 
path integral molecular dynamics

Can we coarse-grain the ring polymer back to a centroid?

centroid Path Integral coarse-Grained simulation
PIGs

F. Musil, I. Zaporozhets, F. Noe, C. Clementi, V. Kapil, J. Chem. Phys. 157, 181102 (2022)
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Benchmark system: OH bond

F. Musil, I. Zaporozhets, F. Noe, C. Clementi, V. Kapil, J. Chem. Phys. 157, 181102 (2022)
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Quantum-classical isomorphism and 
path integral molecular dynamics

Temperature elevation approximation
Te

F. Musil, I. Zaporozhets, F. Noe, C. Clementi, V. Kapil, J. Chem. Phys. 157, 181102 (2022)
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Water molecule

F. Musil, I. Zaporozhets, F. Noe, C. Clementi, V. Kapil, J. Chem. Phys. 157, 181102 (2022)
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Bulk water

F. Musil, I. Zaporozhets, F. Noe, C. Clementi, V. Kapil, J. Chem. Phys. 157, 181102 (2022)
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CG models: which properties to preserve?

W.G. Noid, J. Chem. Phys. 139:9, 090901 (2013) 

1. Learning CG models from 
all-atom simulations

2. Incorporating nuclear 
quantum effects into all-
atom simulation

3. Learning CG models from 
experimental data
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J. Chen, J. Chen, G. Pinamonti, C. Clementi J. Chem. Theory Comput., 2018, 14 (7), pp 3849–3858
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52

J. Chen, J. Chen, G. Pinamonti, C. Clementi J. Chem. Theory Comput., 2018, 14 (7), pp 3849–3858
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CG model of FIP35 from "synthetic FRET"

J. Chen, J. Chen, G. Pinamonti & C. Clementi, JCTC 14, 3849 (2018) 
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Model parametrized with FRET
reproduces TRP fluorescence

Histograms for the simulated Trp
fluorescence measurements for unfolded 
(U), transition (TS), and folded (F) states:

Model trained on synthetic FRET data 
can better reproduce folding 
mechanism and TRP fluorescence

J. Chen, J. Chen, G. Pinamonti & C. Clementi, JCTC 14, 3849 (2018) 



• Test system:

• Experimental observables:
Scalar spin-spin
coupling constants 
(3J (HA-HN), N = 63)

Strength of native interactions
(219 parameters)

Ubiquitin, structure-based 
CαCβ model.

• Adjustable parameters:

Model parametrization with NMR data
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Model parametrization with NMR data

I. Zaporozhets & C. Clementi, unpublished (2022)
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Coarse-grained modelling with mutational data

𝑉! 𝜖 𝑉"#$%&$ 𝜖

𝛽𝛥𝛥𝐺 = 𝑙𝑛
𝑒𝑥𝑝 −𝛽𝛿𝑉 𝜖 #&'()*+*

𝑒𝑥𝑝 −𝛽𝛿𝑉 𝜖 '()*+*

Matysiak, S.; Clementi, C. J. Mol. Biol. 2004, 343 (1), 235–248.

+𝛿𝑉 𝜖
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Coarse-grained modelling with mutational data

Strength of both native and nonnative interactions
Adjustable parameters:

Representation:  Cα-model

1UBQ
76 residues

1PGB
56 residues
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Root mean square error: 
change during the optimization

Correlation between calculated 
and experimental data 

I. Zaporozhets & C. Clementi, submitted (2022)

Coarse-grained modelling with mutational data
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Coarse-grained modelling with mutational data: 
results for protein G

I. Zaporozhets & C. Clementi, submitted (2022)

K31G N35GT53A

N35G

K31G

T53A
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K31G N35GT53A

N35G

K31G

T53A

V= V,-./01 +
2'()*+,

,
∑3456 ∑7458 𝛾9#:7%) 𝑎7 , 𝜇 [tanh 𝜂 𝜌7 − 𝜌"7&

; + tanh 𝜂 𝜌"%<
; − 𝜌7 ]

Additional multibody terms produce better 
agreement with experimental data

Protein G: Multibody terms are needed!

𝜂, 𝜆9#:7%) , 𝜌"%< , 𝜌"7& - fixed parameters
- learnable parameters

- local density𝜌

𝛾9#:7%) 𝑎7 , 𝜇

I. Zaporozhets & C. Clementi, submitted (2022)



64

Future direction

Ultimate goal: 
combine 

top-down and bottom-up 
approaches to construct  

accurate and transferable yet 
computationally inexpensive 
coarse-grained force fields

W.G. Noid, J. Chem. Phys. 139:9, 090901 (2013) 
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Questions?

Thank you for your attention!


