Beyond the second timescale in all-atom MD:
shallow and deep kinetic models for biomolecules
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Protein-Protein binding

Plattner, Doerr, De Fabritiis, Noé 0.1 microseconds
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Part |

Direct approximation of slow modes / processes

Noé and Nuske, Mult. Modeling Simul. 11, 635-655 (2013) / also: arXiv (2012)

Nuske, Keller, Pérez-Hernandez, Mey, Noe, JCTC 10, 1739-1752 (2014)
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Hernandez

Variational approach TICA
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Propagator

= i / o,y | %) pe(@) de

Transfer operator / Perron-Frobenius operator

— propagator for densities u(z) = 7‘;2 ; with stationary density 7 (x).

s =T = [ %m | ) pu(z) da

Koopman operator

Adjoint to P, adjoint to 7 with respect to =

P / pr(y | ) £ (y) dy = Elforr ()]

with detailed balance: 7(z)p-(y | z) = 7(y)pr(x | y) we have K, =T

Dynamical operators

See: Mesic Nonlinear Dyn. 41, 309 (2005).
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Slow processes

Backward propagator Spectral decomposition
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Schitte et al: J. Comput. Phys. (1999), Prinz et al.: J. Chem. Phys. 134, p174105 (2011)
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Variational approach for reversible Markov processes

Data-based version of: Fan, PNAS 35, 652-655 (1949)

The first m eigenfunctions 1, ...,Y,, are the solution to the problem

m

e > E[fi (x¢) fi (Xe1r)] (1)

st. E [f,i (xt)Q] 4
E [fi (x¢) fj (Xt+r)] =0, fori#j

and the mazximum value is the sum of A\, ..., A\,
Properties:

e ; and v; are uncorrelated for ¢ # j.

e 1); are the directions of slow kinetics with maximal autocorrelations E,, [¢; (x;) ¥; (X¢47)] = Ai (7).

e Population changes along ; coordinates decay with A\; (1) = e t
e For every other set of functions, the eigenvalues will be underestimated A, (1) < \; (7).

Noé and Nuiske, MMS 11, 635-655 (2013)
Niiske et al, JCTC 10, 1739-1752 (2014)

%B
0\0a
0

Freie Universitat (&) Berlin



Variational approach for reversible Markov processes

Method of linear variation

Ansatz: Define Basis set x = [x1(%), ..., xn(X)]" and seek the linear expansions:

T/A)z'(x) = Zrz‘ij(X)

Noé and Nuske, MMS 11, 635-655 (2013)
Niiske et al, JCTC 10, 1739-1752 (2014)
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Variational approach for reversible Markov processes: Estimator

1. Define

x1(%0) -+ Xn(Xo0)
Xo = 5 s Xp=1| .
L X1(Xp—7) - Xn(xT—T) | I x1(xr) -+ Xn(xrT) I

x1(xr) 0 xn(xr) ]

2. Empirical covariance matrices:C° and C” with:

C? = XX,
Cr=XX,
3. Solve )
CTI‘Z' - CO/\Z'I‘i
4. The projections
¥ = XR

approximate the transfer operator eigenfunctions on the sampled configurations ;.

Noé and Nuiske, MMS 11, 635-655 (2013)
Niiske et al, JCTC 10, 1739-1752 (2014)
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Comparison between methods

Molgedey and Schuster, PRL 72 3634-3637 (1994) Schmidt, Sesterhenn,
Pérez-Hernandez et al, JCP 139, 015102 (2013) Ann. Meet. APS Div. Fluid Mech. (2008)
TICA dual DMD
approximates eigenvalues < > approximates eigenvalues
and eigenfunctions and modes
Y(x)==2 Y()==z
MO £ NITEIE LLGE A, VAC equi- EDMD Williams, Kevrikidis, Rowley
635-655 (2013) : : B N : : . .
approximates eigenvalues < ? approximates eigenvalues, J. Nonlinear Sci. 6,
Niiske et al, JCTC 10, and eigenfunctions valent eigenfunctions, and modes 1-40 (2015)
1739-1752 (2014)
14, (z) llAl(:l;)‘|
P(z) = [ : vg)=[ J
14, (z) 14,(2)
MSM equi- Ulam’s method
approximates eigenvalues and ¢ " ? approximates eigenvalues
eigenfunctions SRleE and eigenfunctions

Schiitte et al: J. Comput. Phys. (1999)
also: Noé, Pande, Hummer, Weber, Swope, ...

Overview paper: Klus, Niske, Koltai, Wu, Krevrekidis, Schiitte, Noé
Data-driven model reduction and transfer operator approximation (arXiv:1703.10112)
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Input Variational Approach
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Variational Approach Perez-Hernandez et al, JCP, 139, 1502 (2013)

Noé and Niiske, MMS 11, 635-655 (2013) Identification of slow molecular order
Niske et al, JCTC 10, 1739-1752 (2014) parameters for Markov model construction



Input kinetic map
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Variational Approach Kinetic map:

Noé and Nuske, MMS 11, 635-655 (2013) Noé and Clementi, JCTC 11, 5002-5011 (2015)
Nuske et al, JCTC 10, 1739-1752 (2014)
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1FME peptide - Simulation data from DESRES, Lindorff-Larsen et al, Science 2011
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Part Il: Generalization

Variational approach for Markov processes (VAMP)

Wu and Noég, arXiv:1707.04659 (2017)

Hao Wu



Variational approach for Markov processes (VAMP)

Koopman operator K-filx) = Elf(fu) =1

= / pr () f (v) dy

Wu and Noég, arXiv:1707.04659 (2017)
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Variational approach for Markov processes (VAMP)

Koopman operator K-filx) = Elf(fu) =1

= / pr () f (v) dy

Singular value decomposition:

Krf = Z 05 (@5, f)p, Vi

Wu and Noég, arXiv:1707.04659 (2017)
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Variational approach for Markov processes (VAMP)

Koopman operator K-filx) = Elf(fu) =1

= f pr () f (v) dy

Singular value decomposition:

Krf = Zaz- (i, ) p, i

® pg, p1 : empirical distribution of x;, T¢y,
e If data are in equilibrium: stationary distribution yu = pg = p1

o {¢;} and {1;} are both orthonormal bases with respect to (-,-) and (-, )

P1 pPo’

e 0; denotes the ith largest singular value.

Wu and Noég, arXiv:1707.04659 (2017)
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Variational approach for Markov processes (VAMP)

Theorem  VAMP variational principle. The k dominant singular components of a Koopman
operator are the solution of the following mazimization problem:

s.t. <f?~’f3>p(, s SN
<gzygj>p1 = 12=ja (10)

where v > 1 can be any positive integer. The maximal value is achieved by the singular functions
fi =v; and g; = ¢; and

k
f g =Z (fi, K 'rgz p(, (11)
1=1

18 called the VAMP-r score of f and g.

Wu and Noég, arXiv:1707.04659 (2017)
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Implementation: time-lagged canonical covariance analysis (TCCA)

1. Compute
Coo = — XTX
RO P
1
Coi = X'Y
ot L~
1
o M- Y'Y
H T -7
with
=
X = ([xo(x1);Xo(X2) 5205 X5 (Xp—i))
T
N = (XI (x1+7-) » X1 (X2+7-) RERED § (XT))

Wu and Noég, arXiv:1707.04659 (2017)
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Implementation: time-lagged canonical covariance analysis (TCCA)

1. Compute
Coo = — XTX
RO P
1
Coi = X'Y
ot L~
1
o M- Y'Y
H T -7
with
=
X = ([xo(x1);Xo(X2) 5205 X5 (Xp—i))
T
N = (XI (x1+7-) » X1 (X2+7-) RERED § (XT))

2. Perform the truncated SVD . y A
Coo’ Co1C1i2 = UpZp V]

: 3 %
3. Output 3, ¢ = Uzcoo2 Xo and ¢ = V;crcllle

Wu and Noég, arXiv:1707.04659 (2017)
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Implementation: time-lagged canonical covariance analysis (TCCA)

1. Compute
Coo = — XTX
RO P
1
Coi = X'Y
ot L~
1
o M- Y'Y
H T -7
with
=
X = ([xo(x1);Xo(X2) 5205 X5 (Xp—i))
T
N = (Xl (x1+7-) » X1 (X2+7-) RERED § (XT))

2. Perform the truncated SVD . " A
Coo® C51C1# = UrS, V1

3. Output 3, P = UZC(;O% Xo and ¢ = V;CII%X1

For the choice x, = x;, TCCA is consistent with EDMD:

T | T -1
K, = CyCqy
Wu and Noég, arXiv:1707.04659 (2017)
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Part Il

VAMPnets: deep learning of molecular kinetics

Mardt, Pasquali, Wu, Noé arXiv:1710.06012

Andreas Mardt Luca Pasquali Hao Wu
Neural networks Theory



network lobe | network lobe Il
input X X
t t+T
input-layer CC ® & o O) ( )
(0 @ @ @) ( D)
hidden-layers : :

. .
(0 o o )
output-layer

output XO( Xt)\* / X]_( Xt +T)
(@ o

merged-layer

VAMP Score

VA MP variational principle (subspace version)

For any two sets of linearly independent functions x,(x) = (xo01(X), ..., Xon(X)) and
xX1(x) = (x11(¢), «--s X1n(x)), let us call

N _1 _12
R2[X0,X1] = Hcoo2 Co1Cyy° HF

their VAMP-2 score, where Cqyg, Cp1, Cq1 are the feature correlation matrices as
defined earlier and ||-||  indicates the Frobenius norm. The mazimum value of the
VAMP-2 score is achieved when the top n left and right Koopman singular functions
belong to span(x,) and span(x;), respectively.

Mardt, Pasquali, Wu, Noé arXiv:1710.06012
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network lobe | network lobe Il

input
Xt X t+T
input-layer (@ © ® ® ©)
(0 @ @ @)

ok
output XO( Xt)\‘ / X]_( Xt+T)

merged-layer ® O ] ® O ‘

VAMP score

hidden-layers

Use gradients of R> and
backpropagation to train the network:

é/

activations: dropout:
<3 softmax p=0%
O relu ® p=10%

Mardt, Pasquali, Wu, Noé arXiv:1710.06012
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network lobe | network lobe I
input X X
t t+T
input-layer CQ ® 6 o 0) ( )
(0 @ 0 o) C

hidden-layers : B
output-layer _*
output Xo( Xt)\* / X]_( Xt+T)

merged-layer @& .‘f
VAMP score
Resulting Koopman model: K= CJOIC[H.
Relaxation ti | ti(T) 4
elaxation timescales: ilT) = ————,
In |)\Z(T)|

Validate (Chapman-Kolmogorov test):  K(n7) = K" (1),

Mardt, Pasquali, Wu, Noé arXiv:1710.06012

777

Freie Universitat (3



Probability / a.u.

Pot. energy / a.u.
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Mardt, Pasquali, Wu, Noé arXiv:1710.06012
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Alanine dipeptide

Max. transition probability: 41%

Validation

1o

timescales [ns]

Min. transition probability: 0.5%
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\/

e Results as a function of the number of states
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A network with a bottleneck of 2 neurons learns the phi/psi dihedral angles

Mardt, Pasquali, Wu, Noé

pcc = 0.95

-3 -2 -1
Node 1 activation (negated)

-4

Dihedral Angles

0

arXiv:1710.06012

Node 1 (negated)

pcc = 0.92

T

-3 -2 -1
Node 2 activation (negated)

Nodes activation

-3 -2
Node 2 (negated)

-4 -1

2

Freie Universitat ) Berlin
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NTL9 Protein folding Validation
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Mardt, Pasquali, Wu, Noé arXiv:1710.06012
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Reminder

Application to protein-protein association

Plattner, Doerr, De Fabritiis, Noé Nature Chemistry 9, 1005-11 (2017)

Nuria Plattner Stefan Doerr Gianni De Fabritiis
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Protein-Protein binding

Plattner, Doerr, De Fabritiis, Noé 0.1 microseconds
Nature Chemistry (2017)

Freie Universitat




1) Adaptive molecular dynamics

Parallel nodes

min RMSD [A]

max RMSD [A]
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Plattner, Doerr, De Fabritiis, Noé
Nature Chemistry (2017)



0.8f — unbound |
2 — early
a3 0.8 — late
© .
o — misbound
0.4}
g — Ts
02} —  bound
0.0
10 10° 10! 10? 10° 104

time / us

Plattner, Doerr, De Fabritiis, Noé
Nature Chemistry (2017)




Protein-Protein binding

Plattner, Doerr, De Fabritiis, Noé 0.1 milliseconds
Nature Chemistry (2017)
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Coarse-grained model

Early
\X\
y Intermediates
/
&S
2:-10°s 6-10°s1

, '%J 8 1041 1-105s1 2-10°s?
'% Late R T Loosely T Tightly

Intermediates

' bound bound
Misbound \_/ \_/ \_/

3-10°s? 0.01s? 8-103s?

$

Plattner, Doerr, De Fabritiis, Noé
Nature Chemistry (2017)
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Validation of the model

 crystal structure 1BRS predicted by the
most stable HMM state (95% population)

average heavy-atom RMSD 2.1 A

Model 95% confidence interval  Experiment
* Binding free energy 14.8 kcal / mol (12.3 ... 19.3) 16.8 kcal/mol
* Association rate 0.74 108 stMm-1 (0.72 ... 0.75) 1-108 s1M1

Plattner, Doerr, De Fabritiis, Noé
Nature Chemistry (2017)
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Part IV

Precise kinetics beyond the seconds timescale:
Multi-ensemble Markov models

Wu, Paul, Wehmeyer, Noé PNAS 113, E3221-E3230 (2016)
Paul et al., Nature Communications 8, 1095 (2017)

Hao Wu Christoph Wehmeyer  Fabian Paul Esam Abualrous
Theory  Software and Methods  Theory and Methods Experiments



Example: binding and folding of PMI to MDM2

\fast (microseconds)

slow (10-100 milliseconds)

nanomolar binder
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Bad situation: single high barriers (e.g. salt bridge)

A

energy rare event

not-so

unbound
rare events

S

conformation ~

N
N
N
E

00
o\O
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Bad situation: single high barriers (e.g. salt bridge)

A

SEIER biased or generalized
ensemble simulation

(e.g. Replica-exchange,
Metadynamics,...)

direct MD

unbound
bound
conformation ~
direct molecular dynamics N
biased or generalized — joint optimal estimate?
ensemble simulation

Wu, Mey, Rosta, Noé, JCP 141, 214106 (2014)

G2 CEEr
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Example for an enhanced sampling method: Umbrella sampling

vV(X)
+ bi(X) \M
Equilibrium distribution: v (x) — ef—u(x)
_ SR (@)
Biased equilibrium distribution: M (33) =g M (x)

Freie Universitat (/18
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Multiensemble Markov model (MEMM)

(D) (1)
T1.1 Tl.n

TTS) Tl(ll) Thermodynamic state / Ensemble
2) (2)\/
T1.1 T1.n <

Configuration state

) @
Tnl Tll) /ngz)\
Ensemble 2 TR)
\ I

/T@‘A

Ensemble 1

Wu, Paul, Wehmeyer and Noé PNAS 113, E3221-E3230 (2016)

232

Freie Universitat \’ )




TRAM

Transition-based

- - optimally combines reweighting information
Rewelg_htmg and transition information to joint estimate of
Analysis stationary and kinetic quantities
Method

old versions (suboptimal, but asymptotically correct)

Wu and Noé ArXiv:1212.6711 (2012) / SIAM MMS 12, 25-54 (2014)
Mey, Wu and Noé Phys. Rev. X 4, 041018 (2014)

state-discrete version (statistically optimal)
Wu, Mey, Rosta and Noe J. Chem. Phys. 141, 214106 (2014)

state-continuous version (statistically optimal)
Wu, Paul, Wehmeyer and Noé PNAS 113, E3221-E3230 (2016)
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Binless TRAM

K ok m
LTraM = H H (pfj) v H H u(x) ef’ik_bk(x)

g y 7
il = " -
k
Lyism LI’jEQ
—fk K —fk Kk

Wu, Paul, Wehmeyer and Noé PNAS 113, E3221-E3230 (2016)

Freie Universitat ’ s \) Berlin
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Binless TRAM

iInput: transition counts bias energies
- &\ 0 f-’“—bz(:v)
tosss = T (TT(5)™ ) (1T T wto)e”
k=1 %5 4 :BEXk
k g g
Ly L’EEQ

€ pzy =€ Jpgz

result: transition probabilities equilibrium free energies
(MSMs) distribution
Wu, Paul, Wehmeyer and Noé PNAS 113, E3221-E3230 (2016) WWW.pyemma.org

Freie Universitat ;{(m \ Berlin ﬁg’aj



Iterative solution

k k
knew .k C;j T Cj;
Y; - Z exp fk: fik] Uja EE Uf
k.,new eXp bk ( )]
s x; > Rliexp [f} — b (z)]

k/,

k k
(cis + ¢5i) V) k k
Z k k o T Vi —Zcﬂ
— vf +exp [ff — fF] v} -

Wu, Paul, Wehmeyer and Noé PNAS 113, E3221-E3230 (2016) WWW.pyemma.org
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Statistically optimal estimators

Ferrenberg & Swendsen, PRL 63, 1195 (1989).
Kumar et al, JCC 13, 1011 (1992)

Bartels, CPL (2000)
Kong et al, J Roy Stat Soc (2003)
Shirts & Chodera, JCP (2008)

binned data unbinned data
global WHAM € binning MBAR /
equilibrium binless WHAM
A
global global
equilibration equilibration
' binnin
local discrete g TRAM

e

equilibrium TRAM

Wu, Mey, Rosta & Noé€, JCP 141, 214106 (2014)

Freie Universitat c/| Sl ¥

Wu, Paul, Wehmeyer & Noé,
PNAS 113, E3221-E3230 (2016)

[ A

'%

o

i

[ N |

S
o)



PMI-MDMZ2: rates and affinities
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PMI-MDM2: mechanism 1
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PMI-MDM2: mechanism 2
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Length- and timescales in biology
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Length- and timescales in biology

ms

timescale

s

ns

sampling
problem

Schoneberg and Noé (2013). PLoS ONE 8: e74261
www.github.com/readdy

100 1000
lengthscale [nm]

Freie Universitat &



http://www.github.com/readdy

Length- and timescales in biology

How can we scale long-timescale simulation with atomistic detail to large protein
complexes and cellular signaling cascades.
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