Learning molecular model from
simulation and experimental data

Cecilia Clementi

Center for Theoretical Biological Physics
Department of Chemistry & Department of Physics
Rice University, Houston, TX USA

Einstein Visiting Professor
Multiscale Modeling of Biophysical Systems
Department of Mathematics and Computer Science
Freie Universitat, Berlin, Germany

| -
THE Wel ch \ EINSTEIN

FOUNDATION

Einstein Stiftung Berlin
Einstein Foundation Berlin



A main challenge in biophysics

broad range of interconnected length and time scales
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Coarse-Graining

/R3N coarse-graining in conformation space \




Coarse-graining in conformation space
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Collective variables for the study of long-time kinetics
from molecular trajectories: theory and methods
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Coarse-Graining

coarse-graining in structural space




Coarse-graining: what properties should be preserved?
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Coarse-graining in structural space
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SNARE complex: Results
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Results: comparison with experiments
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Revisiting coarse-graining:

outstanding challenges

 Definition of coarse variables

» Definition of effective energy function
(and dynamic equations)

* Incorporation of experimental data



Coarse-grained mapping

3N
atomistic representation I & R atomistic potential V(r)
. _ 3n
CG representation X = g (I‘) c R CG potential [/ (X)

Atomistic Coarse-grained

'_ + Mapping
Operator

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



Coarse-graining with thermodynamic consistency

3N
atomistic representaton I € IR
CG representation X — 6(1‘) - R?m

atomistic potential

V(r)
U(x)

CG potential

/

U(x) = —kpT Inp®“(x) + const

Thermodynamic consistency

~

GOAL:
Optimize the parameters of
a CG model U(x;8)
to satisfy this consistency
as best as possible

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

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

(0) = (IIE(F(x) + VU(Er): 0) 7).
\

instantaneous atomistic forces

The force matching error is always > 0
and can be decomposed in two parts:

X2(6) — PMF error(B) + Noise Trl;le I;’deF errorlis w?at
/ zero as possible
PMF error(6) = (||f(£(r)) + VU (£(x); 0) (),
Noise = (|[£(F(r)) —£(£(r)))r

The noise term is determined
solely by the coarse-graining mapping

f(x) — <£(F(r))>r|x the gradient of the CG potential should be

as close as possible to the “mean force”
mean force




Coarse-graining as a machine learning problem

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

(0) = (IE(F @) + VU(E®): 0)]°)

\ 4

Define a loss function to minimize
over a Boltzmann-distributed sample:

LO:R) = MZHf (:)) + VU (£(xs): 0)|

= |€(F(R)) + VU(E(R); 0)|7



Coarse-graining as a machine learning problem

E[L(0;R)] = Bias® + Var + Noise

Bias® = ||f(X) — f(X)|| .

Var = E [Hf' )+ VU(X H }

E[L(0;R)] = Bias® + Var + Noise

A

Mean prediction error
Bias? Variance

Error

Model complexity



Prior energy

L(6;R) = MZH& (r:)) + VU (¢

= [|E(F(R)) + VU(£(R): 0)|;

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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CGnet for a 2d toy model
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CGnet for Alanine Dipeptide




p(ri) o< exp (_
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CGnets for Alanine Dipeptide: results

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)



CGnets for Alanine Dipeptide: results
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Coarse-graining of Chignolin folding/unfolding
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Coarse-graining of Chignolin folding/unfolding
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Coarse-graining of Chignolin folding/unfolding

a) . All-atom model

TIC 2

All atom
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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)



Machine learning for coarse-grained protein models

Coarse-graining can be formulated as
a machine learning problem

A neural net naturally captures crucial multi-body effects

Applications to more complex systems may require
additional regularization (more physical constraints)

Is it possible to design transferable CG models?



Original all-atom Dynamics
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Third TIC
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What about the dynamics?
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Thermodynamic Consistency:
potential recovers potential of mean force:

F&(z) = —log/Z w(z)J V2% (z) da

Kinetic Consistency:
first few eigenvalues of original dynamics are restored:

Lo] = =Y

&

X

K

D. Crommelin and E. Vanden-Eijnden, Commun. Math. Sci. 4, 651 (2006) -
D. Crommelin and E. Vanden-Eijnden, SIAM Multiscale Model. Simul. 9, 1588 (2011)



namics with constant diffusion

U
dXt — —Dv—dt —+ vV QDth
kpT
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Test first few eigenvalue equations for effective generator in a weak

sense:
M

ge

* .
0" = argming

o
=1

lt

v J

Requires:

. spectraldata &3, 45 (TICA, MSM, ...)

 test functions fj (user selection)
e parametric model

Output: optimal parameters.

Nuske, Boninsigna, Clementi, J. Chem. Phys. 151, 044116 (2019)
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Toy example

(o]

()]

N SN
energy [kgT]

o

The addition of 100 small random Gaussians to the smooth potential in (a)
creates the noisy three-well potential in (b).

The potential learned by using the slow eigenfunctions of the latter is
shown in (c):

It successfully encodes the long timescale features as it recovers the
position and depth of the main energy minima while smoothing out the
local and faster motions.

32
Nuske, Boninsigna, Clementi, J. Chem. Phys. 151, 044116 (2019)



Example: adjusting diffusion

Assume that thermodynamically consistent potential is available (e.g.

from force matching).

Parametric model for the diffusion leads to symmetric generator:

<£§?7;’w fj>u — _/Ag y VZ@EZ y szj dv

Using a linear model: - N ]
A§ — E Wn gy | Id
n=1

We arrive at a linear regression:  [; (w)

Xijm =

| Xw -yl
_<gnvz¢z | vzfj>ya

Subject to positivity constraint: E wngn(Ztk) > Apim = 0

n=1
Nuske, Boninsigna, Clementi, J. Chem. Phys. 151, 044116 (2019)



Example: adjusting diffusion

a: System b: Diffusion and Potential
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Example: alanine dipeptide

Projection to
backbone dihedrals.

Force Matching with
152 Gaussians.

FM dynamics are too
fast by factor 2-3.

Spectral matching
with 104 Gaussians.

Diffusion is mostly
constant.

Timescales are
restored.
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Revisiting coarse-graining:

outstanding challenges

 Definition of coarse variables

» Definition of effective energy function
(and dynamic equations)

* Incorporation of experimental data



Theoretical framework for optimal combination of simulation and experiment

Simulated ensemble from molecular model, H(¢)
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Theoretical framework for optimal combination of simulation and experiment

Experimental measurements (f1, -, fk)
& uncertainties (Afi, ..., Afk) Initial guess for parameters e(0)

& &

| Simulate MD with H(®)(x)

!

Estimate equilibrium distribution (%) (x)

Predict experimental observable fk: ex[m] = >_; Z—: > jes, Ik(Xij)

1]
Model likelihood:
Q =Pl(er[n], ..., ex[w]) | Exp] = [T N (er[7]; fr, Afr)

i

Update parameters (1) = €(0) 4 §¢

. : . 1
Reweight stationary distribution to ’/Té )

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



Application: CG model of FIP35 from “synthetic FRET"

* Generate synthetic FRET distributions from all-atom (DESRES)
equilibrium simulations of FIP35
e Learn "optimal" Coarse-Grained model from FRET data
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J. Chen, J. Chen, G. Pinamonti & C. Clementi, JCTC 14, 3849 (2018)



Application: CG model of FIP35 from "synthetic FRET"

Convergence

— CaCp model

— CaCp models

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



Application: CG model of FIP35 from "synthetic FRET"

Probability (arb. units)

Probability (arb. units)

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



Application: CG model of FIP35 from "synthetic FRET"

“True” model

Oth order model

slowest timescale (folding)
5000 faster than all-atom

Trained CG model

slowest timescale (folding)
500 faster than all-atom

o
54

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



Cross validation: synthetic "Trp fluorescence"

== Reference — zeroth — Optimized
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J. Chen, J. Chen, G. Pinamonti & C. Clementi, JCTC 14, 3849 (2018)



Analysis of parameter space

Ca-Ca contacts Cb-Cb contacts
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Coarse-grained modeling with NMR data

Ubiquitin as a model system

* C,-Cgmodel

* Only native contacts
included (219 parameters)

¢ 3J (He,~Hy) spin-couplings
as observables (63 values)

* Afi =0.25Hz

|. Zaporozhets & C. Clementi, unpublished (2019)



Optimization

- e; calculated
e Model likelihood: observable value

f; experimental
observable value

N
0= [N fa0)

Af; standard deviation

{e} model parameters
* Model loss-function: (interaction strength)

k+1 k
LKD) = _nQ + azyzl(ej(- * )—ej( ))2

|. Zaporozhets & C. Clementi, unpublished (2019)



Results: Ubiquitin with NMR data
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