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Main challenge: wide range of spatiotemporal scales " st jser
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Protein aggregation significantly while preserving
the relevant physics?

Protein folding




Coarse-Graining
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coarse-graining in conformation space

coarse-graining in structural space




Coarse-graining in conformation space ... s

Avalilable online at www.sciencedirect.com Current Opinion in
ScienceDirect Structural Biology

Collective variables for the study of long-time kinetics
from molecular trajectories: theory and methods
Frank Noé' and Cecilia Clementi®
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Coarse-Graining

coarse-graining in structural space
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CG model = mapping + potential

Z Kq(1 + cos(n(¢ — ¢o)) +
dihedrals
0‘. . 12 0‘. . 10
£ [T )
i Tij Tij

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

A Real experimental observations -
Often thermodynamic/macroscopic

e

Experimentally
Determined
Structures

Decreasing resolution/Increasing scale

, lempirical Atomistic Model

Real material -
“Fundamental” description

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

Freie Universitat Berlin

Learning CG models from
all-atom simulations

Incorporating nuclear
quantum effects into all-
atom simulation

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

A Real experimental observations -
Often thermodynamic/macroscopic

Coarse-grained Model

Decreasing resolution/Increasing scale

, lempirical Atomistic Model

Real material -
“Fundamental” description

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

Freie Universitit |

Learning CG models from
all-atom simulations

Incorporating nuclear
quantum effects into all-
atom simulation

Learning CG models from
experimental data
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Force-matching

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

*(0) = (IIE(F(x) + VU (E(x): 0)])
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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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Force-matching

Enforcing the thermodynamic consistency is equivalent
to minimizing the force matching error:

Instantaneous all-atom force Model parameters

|

x*(6) = (|ésF(r) + VU(E,(r);6)
/ AN

CG force mapping

r

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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Test system: Chignolin
folding/unfolding/misfolding
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CGNet: Feedforward, Fully-Connected e e
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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)




Embeddings |

block
b

SchNet
output
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¢_ features
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[ Dense network ]
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[ Cartesian forces ]

featurization
DR

Husic, B. E., Charron, N. E., Lemm, D., Wang, J., Pérez, A., Majewski, M., Kramer, 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).

Schitt, K. T., Sauceda, H. E., Kindermans, P.-J., Tkatchenko, A., & Miiller, K.-R.

SchNet — A deep learning architecture for molecules and materials. J. Chem. Phys, 148(24), 241722 (2018).
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CGSchNet: A Message-passing, Graph Network

a Baseline Simulation b cGschet Simulation c CGnet Simulation d Baseline + Noise (0 =0.3)
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Husic, B. E., Charron, N. E., Lemm, D., Wang, J., Pérez, A., Majewski, M., Kramer, 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).
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Force-matching

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

*(0) = (IIE(F(x) + VU (E(x): 0)])
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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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Multibody potentials: how many bodies?

2,...,k-body net

2-body net
2-body net :

(k-1)-body net
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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)
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Multibody potentials: how many bodies? Frefe Uriversitt
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J. Wang, N.Charron, B. Husic, S. Olsson, F. Noé, C. Clementi, J. Chem. Phys., 154 (16), 164113 (2021)
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ISSchNet: Implicit Solvent CG Models

Explicit Water Implicit Solvent
PALD TR P\g .3\ "',',J.l'_'.: B :\ 2. ; ‘.i,’.‘

H=H  +H + H H=H .+ AG

prot prot—war wat prot solv

Chen, Y., Kramer, 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

Freie Universitat ik

- Methods

Neural network force field

* |SSNet = an extension of SchNet,?!
(graph neural network)

& * Including electrostatic information
& _ by embedding atomic partial
e¢ Machine -charges
.?& 2 ) |I learning g Implicit solvent MD with ISSNet
& %0 : ~ Molocula Aomie - ABNORRR =~ .2 seres.
& Reproduces B
8@{ ® thermo- vl e
dynamics _ Ll b »co
Partlal<: » 1
charge

Filter
generator

Force | —VgrE
- output
Interaction block || xN

3. Schiitt, et al., J. Chem. Phys. 148, 241722 (2018).

Coordinates

Chen, Y., Kramer, 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

ISSNet model can correctly reproduce the
folding temperature of miniprotein chignolin
* CLNO25 variant: 175 solute atoms

* Comparing to GBSA model, trained ISSNet model

* more accurately reproduces thermodyanmics
(shown below), and

* gives more reasonable folding temperature -

(a) Explicit solvent (b) g-ISSchNet (PT) (c) qt-ISSchNet (PT) (d) GBSA-OBC (PT) (e) Vacuum (PT)
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Chen, Y., Kramer, 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).

Freie Universitat b

Solvation model

GBSA—-OBC2 (comparable with ~266.5
Anandakrishnan et al., Biophys. J., 2015)

(Ref) Experimental (S. Honda et al., ~343
J. Am. Chem. Soc., 2008)
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State of The Art MLCG Model

All-Atom Reference CGSchNet
9
3 8
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O 1 2
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0 0
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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)
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State of The Art MLCG Model

12

== = Reference (MSM-Reweighted)
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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)
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How do we achieve state of the art? G

Freie Universitat ;m‘
S

Dataset Curation Model Construction & Training  Validation & Preiction
Simulation/
Experiment
: O O
b > M

Property
Prediction

CG Mapping

29



Optimization: CG Force Noise

Mean prediction error

Variance

Error

Model complexity

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

Error

Mean prediction error

Variance

Model complexity

x*(6) = {|[¢Fr) + VUL, (r);0)] )

1

L(9) = |[¢,F(r) + VU(E, (r);0)|

OSIITA
PS e N

&/ Berlin

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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Opt|m|zat|on CG FOI‘CG NOISG Freie Universitéti
x*(6) = ([l¢,F(r) + VUG, (r):0)] )

‘ 1

Ryt e 10) = l€F) = V(e (0
Bias’ Variance 1

E[L(6)] = Parameter Bias® +
Parameter variance +

CG Bias

Error

.f: <€fﬂr)>r'R
Parameter Bias® = || f — E[-VU(,;0)]|°
il Parameter Var = E|[E[-VU(¢,7)] + VU(E,7;6)|*]

CG Force Noise = <H§fF("') — f”2>

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

& # &
CG Force Noise = <H§fF("°) - -fH2>,,

Corresponding Force Mappings

Coordinate Mapping

~

%iii) Optimized
.

ii) Valid

% i) Invalid

[ o

« 01 | 1 04T | 1 0 1

D21 i 2 U 2

.IE3 4 I 0 47 I o 4 0

8 6 |I 6 II 6

m 8- ‘ ' I | . 8 - ‘ ‘ I I > 8 . ' . -1

25 75 125 175 25 75 125 175 25 75 125 175

k J k Atom index Atom index Atom index j

Kramer, 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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Force Aggregation Strategies

gr#&f

Optimized | | Reference | | Same |
2 -
14 Free Energy (KbT)
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o -
x
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|
5
-2 1
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3 2 1 0 3 2 1 0 3 2 1 0
TIC 1

Kramer, 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

-

INPUT
1100 different octapeptide sequences in

,}‘& ~ explicit solvent .

+ ; CG
Yox mapping

1

0

~

\_
>

s

10-0-0-
™% OUTPUT
Amino Acids

Learn a “universal”
CG force-field

[ Prior ]

=

[ Cartesian forces ]
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Developing transferable CG force fields
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Force-matching without forces

Freie Universitit G(L8

density
. timati
relative entropy method ~ °°-"H0"
i optimize
force matching | i
. MD simulate > V(r; apm) V('r; opm)
simulate force
> f matching V(r; Opor) e
force matching without forces
simulate density sample force
» T : T, : .
MD estimation V(r’ eﬂow) T f matching > V(r’ 0p°t)
— ~— J . ~ J
step 1 step 2

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

repeated ] -times
A

‘ coupling layer  shuffling

mp 7 - . OB Flow density p corresponds to a
| (noisy) coarse-grained potential

’ V(r,n;0) = —logp(r,n;0),
d oo

ic trafo -

latent variables 0

=

_ - Noisy forces
>
- . F(r.ms6) = V,V(r,m:0)

! 'context

CG beads — A —

—> Match these forces on average

C(Y

J. Koéhler, Y. Chen, A. Kramer, C. Clementi, F. Noé, arXiv:2203.11167 (2022)
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Force-matching without forces rie Unversi
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J. Koéhler, Y. Chen, A. Kramer, C. Clementi, F. Noé, arXiv:2203.11167 (2022)
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Force-matching without forces

Freie Universitat
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J. Koéhler, Y. Chen, A. Kramer, C. Clementi, F. Noé, arXiv:2203.11167 (2022)
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Force-matching without forces
trpcage bba

Trp-cage
Terminal contact

(a) chignolin
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CG models: which properties to preserve?

A Real experimental observations -
Often thermodynamic/macroscopic

Coarse-grained Model

Decreasing resolution/Increasing scale

, lempirical Atomistic Model

Real material -
“Fundamental” description

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

e

Experimentally
Determined
Structures

Freie Universitit |

Learning CG models from
all-atom simulations

Incorporating nuclear
quantum effects into all-
atom simulation

Learning CG models from
experimental data
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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 Schrédinger equation

v32(A)

Effects present only
in quantum picture: _ _ _ _ ‘
tunnelling, isotope effects ... 716(A) v16(A) v16(A)

Delocalized proton in the active site of ketosteroid isomerase D40N

1074
Pmax

0.5 P/

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

. . e
Freie Universitat G, = v

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

‘%i?%7 4 i 2 1 1
:ﬂ_ﬁ’o H(q,p)=)_ [;;, + §mw%(qk+1 — i)’ + U (ax)

k=1 qpP+1—/91

VP

Centroid CLJP —_ P — O

Bh

Replicas

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?

. . . ‘\\\‘3,1 > §é
Freie Universitat =)

centroid Path Integral coarse-Grained simulation
PIGs

Centroid

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

( ——- T =0 (classical) : oM b cMD
T=150K ! .
— T7=300K / |\ L \
T | — T = S [ | l ||
2 1.8
5, I3
= /N 1=
3 1 &
S 1
U b
Q. 1 s
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1
1
, I , ,
1 ! ! | I 1 1 ! ! ! 1 1 1
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C T=150K Te PIGS using Te = 600 K d T.=150K T. PIGS at T = 150K
T=300K b Te=300K :
— T=600K i - To = 400K ! {
- 3 .
3 el ] Te = 500.K 3 }\
- < T. = 600 K = :
3 Q. Q |
Ed 1
=5
O I
Q \ 1
r [a.u.] 1 . r [a.u.]

\ 3200 3400 3600 3800 4000 42y 3200 3400 3600 3800 4000 4200
w [cm!] w [ecm™]

F. Musil, |. 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

Freie Universitat i ) Berlin

a b
2 F 2
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3 >
S 0F © 0F
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S o2
_1 - _1 -
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-3 -3
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@
o
o 3400
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F. Musil, |. Zaporozhets, F. Noe, C. Clementi, V. Kapil, J. Chem. Phys. 157, 181102 (2022)
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Water molecule
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F. Musil, |. Zaporozhets, F. Noe, C. Clementi, V. Kapil, J. Chem. Phys. 157, 181102 (2022)
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B Cyp(w) [a.u.]

Bulk water

- CMD  —— TRPMD

00 K

J\C

NN AL
NN N

1000 2000 3000 4000
w [em™1]

b

B Cyp(w) [a.u.]

—— QCMD T. c-PIGS

T
e

1000 2000 3000 4000
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F. Musil, |. Zaporozhets, F. Noe, C. Clementi, V. Kapil, J. Chem. Phys. 157, 181102 (2022)
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CG models: which properties to preserve?

A Real experimental observations -
Often thermodynamic/macroscopic

Coarse-grained Model

Decreasing resolution/Increasing scale

, lempirical Atomistic Model

Real material -
“Fundamental” description

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

e

Experimentally
Determined
Structures

Freie Universitit |

Learning CG models from
all-atom simulations

Incorporating nuclear
quantum effects into all-
atom simulation

Learning CG models from
experimental data
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Observable-driven Design of Effective
Molecular Models (ODEM)

V = Vpona(r, kp) + Vangle (T, kq) + Vainearal (" ka) + Vaonbondea (7, €)

Input:

Parameter

guess {g;

Experimenta
observables

{fi}

(0)}

»

J

(- )

Estimate:

Equilibrium distribution
7 = 7O exp[—BAV (1, €)]

Observable values

€k = 2 mi(€)ey;

. : J

. . ooy (99
Freie Universitat i

r

»

Q:

\

Maximize:

Model likelihood

~

exp [

N
S 20f2

1

(e(e) - fk)zll.'

7

Y

J. Chen, J. Chen, G. Pinamonti, C. Clementi J. Chem. Theory Comput., 2018, 14 (7), pp 3849-3858

Output:

Set of optimal
parameters

ey
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Observable-driven Design of Effective
Molecular Models (ODEM)

V = Vpona(r, kp) + Vangle (T, kq) + Vainearal (" ka) + Vaonbondea (7, €)

Input:

Parameter
guess {¢;

Experimenta
observables

{fid

(0)}

»

J

( )

Estimate:

Equilibrium distribution
7D = 7O exp[—BAV (1, €)]

Observable values

ex = Z m;(€)ey;

. : J

r

»

Q:

\

Maximize:

Model likelihood

~N

exp [

N
S 20f2

1

(e(e) - fk)zl

o

J

J. Chen, J. Chen, G. Pinamonti, C. Clementi J. Chem. Theory Comput., 2018, 14 (7), pp 3849-3858

. . ooy (99
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7

Output:

Set of optimal

parameters
1
e}
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Observable-driven Design of Effective
Molecular Models (ODEM)

Input:

Parameter

guess {ei(o)}

Experimenta
observables

{fi}

J

4 R

Estimate:

Equilibrium distribution

.' 7 = 7O exp[—BAV (1, €)]

Observable values

€k = 2 mi(€)ey;

. : J

r

»

Q=

.

Maximize:

Model likelihood

~\

exp [

N
L 20f2

1

(e(©) - fk)zll-'

J

J. Chen, J. Chen, G. Pinamonti, C. Clementi J. Chem. Theory Comput., 2018, 14 (7), pp 3849-3858

. . ooy (99
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V = Vpona(r, kp) + Vangle (T, kq) + Vainearal (" ka) + Vaonbondea (7, €)

7

Output:

Set of optimal

parameters
1
i}
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Observable-driven Design of Effective
Molecular Models (ODEM)

V = Vpona(r, kp) + Vangle (T, kq) + Vainearal (" ka) + Vaonbondea (7, €)

Input:

{fi}

guess {¢;

Parameter

(0)}

Experimental
observables

»

4 )

Estimate:

Equilibrium distribution
7 = 7O exp[—BAV (1, €)]

Observable values

€ = Z m;(€)ex;

(

»

Q=

Maximize:

Model likelihood

\

exp [

N
S 20f2

1

(e(e) - fk)zl

o

J. Chen, J. Chen, G. Pinamonti, C. Clementi J. Chem. Theory Comput., 2018, 14 (7), pp 3849-3858

. . ooy (99
Freie Universitat i

7

Output:

Set of optimal

parameters
1
)

— :\l J . J: )
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CG model of FIP35 from "synthetic FRET"

wl mal
= =
c| c |
D] -
g P £l
| - | -
Sy St
> ¢ >
= =1
of I
(o] o[
or / O
(a (a
0.0 05 1.0 15 20 25 3.0 0 1 > 3 4 5
Distance (nm) Distance (nm)

mmm R eference — Zeroth — Optimized

J. Chen, J. Chen, G. Pinamonti & C. Clementi, JCTC 14, 3849 (2018)
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Model parametrized with FRET Berun
reprOduceS TRP ﬂuorescence [—Reference—Zeroth—Optimized]

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

TS

Prob. (Arb. Units)

Histograms for the simulated Trp
fluorescence measurements for unfolded

(U), transition (TS), and folded (F) states:

J. Chen, J. Chen, G. Pinamonti & C. Clementi, JCTC 14, 3849 (2018)
56



Freie Universitat G, = v

Model parametrization with NMR data

* Test system:

Ubiquitin, structure-based
CaCp model.

* Adjustable parameters:

Strength of native interactions
(219 parameters)

« Experimental observables:

Scalar spin-spin ,
coupling constants 4
(3J (HA-HN), N = 63)




Model parametrization with NMR data ric Univesi o)

700
&
= 600
1
500
0 20 40 60 80 100
Iteration 13
10{ + Oth model o 1.21
N -+ after 80 iterations 5 1.2
T 1% £
S 8/ A ?@ gl.l
g + X'1.0
© +FEL T S
3 6 + § 2 0.9
L ) >
© | Hf A T 208
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0 .
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W o 200%
) O\ \k w e(@
3] experimental, Hz onP® “p O g0
piee

|. Zaporozhets & C. Clementi, unpublished (2022)



Coarse-grained modelling with mutational data

ild—t
AAG = Ac}gng;j; — AG;glldin gy”e

= &3

VO(e) +68V (€) pmutant (¢

0N

>unfolded

(exp(—,B(SV(e))
(exp(—BoV (€))

PAAG = In )folded

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

. . v, LTI
Freie Universitat =)
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Coarse-grained modelling with mutational data s uners %

1UBQ 1PGB
76 residues 56 residues

Adjustable parameters:

Strength of both native and nonnative interactions
Representation: Ca-model
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Coarse-grained modelling with mutational data

1.6
1.4}

1.2

RMSE, RT units
(=
=)

2 4 6 8 10 12
iteration

Root mean square error:
change during the optimization

|. Zaporozhets & C. Clementi, submitted (2022)
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|7 €xperimental

Correlation between calculated
and experimental data
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Coarse-grained modelling with mutational data: e uests o}
results for protein G

5-
¢ initial model
al @ 2-body ¢
© many-body ® %
°
ot ; o)
© 3 <) ©
§ 2. .. Oo o
© )
O e o0 : °
~ e o
g P * o
01 o T53A K31G N35G
-1 . . : . . :
0 1 2 3 4 5
8¢, experimental

|. Zaporozhets & C. Clementi, submitted (2022)
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Protein G: Multibody terms are needed! i s o

V= V2—body + %prl Zﬁv=1 Vburial(ai» .u) [tanh (77( Pi — Pﬁun)) + tanh (TI( p#mx - pi))]

n, Aburial» Pmax' Pmin - fixed parameters

Youria (@i, ) - learnable parameters

p - local density

Additional multibody terms produce better g
agreement with experimental data

|. Zaporozhets & C. Clementi, submitted (2022)
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Future direction

A Real experimental observations -
Often thermodynamic/macroscopic

Decreasing resolution/Increasing scale

assical,

empirical Atom

Coarse-grained Model

tic Mode

Real material -

“Fundamental” description

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

e

Experimentally
Determined
Structures
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Ultimate goal:
combine
top-down and bottom-up

approaches to construct
accurate and transferable yet

computationally inexpensive
coarse-grained force fields
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Thank you for your attention!

I RECOMMEND
ADDING RICKY TO
OUR ARTIFICIAL
INTELLIGENCE
PROJECT.

@ SCOTTADAMSSAYS

DILBERT.COM

HE LOWERS THE BAR
ON WHAT CONSTITUTES
HUMAN INTELLIGENCE,
SO IT WILL BE EASIER
FOR US TO ACHIEVE THE
ARTIFICIAL KIND.
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I WOULD
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ON THE
PROJECT.

Questions?
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I SEE
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