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) Exemplifying rare events: Alanine decamer

Energy U(R)

Rare-event MD simulation targeting collective variables [Cuendet et al. JCP (2018)]

AA, ~ —40 kJ/mol

airpin—helix

Using deactivated morphing [Park et al. JCP (2008)]:

AA, =—42 + 4 kJ/mol

airpin—helix



Driven Adiabatic free energy (temperature-accelerated molecular) dynamics (d-AFED/TAMD)

L. Rosso, P. Minary, Z. Zhu, MET J. Chem. Phys. 116, 4389 (2002), Margliano and Vanden-Eijnden, Chem. Phys. Lett. 426, 168 (2006); J. B. Abrams, MET, J. Phys. Chem. B 112, 14752 (2008).
For prediction of crystal structures: Yu and MET Phys. Rev. Lett. 107, 015701 (2011); Yu et al. J. Chem. Phys. 150, 214109 (2014)

Suppose # collective variables characterize a free energy landscape of interest

q,R): 0" -1, a=1,.,n<dN

Canonical probability distribution and free energy surface:

! P(s,,....s. ,T) = j dR e—ﬂU“‘)ﬁ(S(qa (R)—s,)
a=1

|

 A(s,,.ys . T)=—k,TInP(s,,....s ,T)

|

Write o-functions as product of Gaussians:

5(%(R)—Sa)= lim [ﬂ’(“] GXP{—%(%(R)—S(ZY}

{k,—o}\ 27r

Dynamically sample Gaussian centers s ,...,S, by introducing a kinetic energy for them
And extending the phase space, which gives the following Hamiltonian:

n 2 n
j{(R,P,S,pS):H(R,P)‘FZ;SQ +Z&(qa(R)_Sa)2
a=1 <M a=l 2

(94



Driven Adiabatic free energy (temperature-accelerated molecular) dynamics (d-AFED/TAMD)

Ensure "on the fly" sampling of the marginal: m_[I m,
Accelerate sampling via temperature: 7, [ T for extended variables -

=

Adiabatically decoupled equations of motion:

. oU oq
MR =——+ ) Kk, —qg (R 2 + heat bath(7
R =~ Lk (s . (R) g ()

-k, (s, —q,(R))+heat bath(T, )

m.s =

a «a

Under adiabatic conditions, we generate a distribution Pa(di’(}) (8.8, 7))

— S S 'BS/lB
Sy) :|:€ ptsr n):| = [P(Sla'"asn’T)

lim P (s,,...,s,,T,T) = e 400 ]

{Kk—o0}

T T
lim lnﬂgiK})(sl,...,sn,Y;,T)]=?lnP(sl,...,Sn,T)

{Kk—oo} L
s

lim —k T lnPa(d{,f})(Sl,...,Sn,];,T)] = —kBK\%InP(Sl,...,sn,T) = A(s,,...,5,,T)

{Kk—oo} L

P(s)




Combining these methods

M. Chen, M. Cuendet, and MET J. Chem. Phys. 137, 024102 (2012); S. Paul, N. N. Nair, H. Vashisth Mol. Simulat. 45, 1273 (2019)

Lets,,Ses

Apply metadynamics-like bias in the S subspace:

~ 2
Ug(8,6)= Y he 5ehe
I

Hamiltonian: (“UFED” method)
2

n ps n »
(R, P,s,p,) = HR,P)+ )’ e > :%(qa(R)—sa ) +U,G.0)
a=1

a a=1

Hamiltonian: (“TASS” method)
2

HR,P,s,p) = HRP)+S Ly 3 K Ry, ) +UG(§,t)+%kub(sl o)
a=1

= 2m 2

(04 a=1

All now available in OpenMM! https://ufedmm.readthedocs.io/en/latest/ Publication: Bajpai et al. J. Comp. Chem. (submitted)



e Folding free energy of the Trp-cage i\

20-residue miniprotein:

Asn-Leu-Tyr-Ile-GIn-Trp-Leu
-Lys-Asp-Gly-Gly-Pro-Ser-Ser
-Gly-Arg-Pro-Pro-Pro-Ser

Simulated using TASS with 8 CVs:

UFED: RMSD of the alpha carbons.
UFED: R, of alpha carbons.
D-AFED/TAMD coordinates:

1. RMSD of helical residues (2-8).
RMSD of hydrophobic core (6, 17-19).
Salt-bridge distance between Asp9-Argl6.
End-to-end distance.

Dihedral angle correlation

g(R) = Z[1+COS(¢i —wi)]

6. o-helical similarity:

g(R) = Z[1+cos(¢i ~47)]

A

CV set from Juraszek and Bolhuis PNAS (2006), Biophys J. (2008)

B







Folding free energy of the Trp-cage in water

,,? A 4 Sajpy,
’ L ? o RMS’D(P S Enu‘g«&)
2 8

20-residue miniprotein:

Asn-Leu-Tyr-Ile-GIn-Trp-Leu
-Lys-Asp-Gly-Gly-Pro-Ser-Ser
-Gly-Arg-Pro-Pro-Pro-Ser

F(kcal/mol)

Simulated using TASS with 8 CVs: :
UB(25): RMSD of the alpha carbons. § ,
UFED: R, of alpha carbons. byt e
D-AFED/TAMD coordinates: <
1. RMSD of helical residues (2-8). (C)
RMSD of hydrophobic core (6, 17-1 9) S. Bajpai, C. R. A. Abreu, B. Petkov, N. Nair, MET (in prep)
S alt_bridge distance between ASp9- AI’gl 6. Exp: Streicher & Makhatadze Biochem (2007)
End-to-end distance.
Dihedral angle correlation

g(R) = Z[1+cos(¢i —wi)]

6. o-helical similarity:

g(R) = Z[1+cos(¢i ~¢)]

S =+ N W b~ OO N ®©

N
5‘*‘ RMSD (A)

—8— AFE(F - U) —— L2 error 3D
—#- AF (F—U) 1.2

—o— AFE(F - 1) 10- A];;red (F - U) = (.8 kcal/mol
0.8 AF._(F - U)=0.9 kcal/mol

exp

=
o
1

A

F(kcal mol~1)
L2(kcal mol~1)
o
()]

o = N W » U1 O N 0 O
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“Emergence”: Training neural networks to represents FESs

mwa o .
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The trained networks can be used to compute observables
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e Finding optimal reaction coordinates aided machine learning

v

Paths in classification space: J. Rogal et al. Phys. Rev. Lett. 123 245701 (2019)

E 1 N

..g_ Q(R) = _Zqi (R)
= NG

O 1

& ¢

A : Path CVs in

5 - classification space.
CC). q;

Committor learning:

p#R) is the probability of a trajectory initiated
at R reaching @ before 4.

p+(R) is an ideal reaction coordinate for 4 to 3 transition.

Ma and Dinner (2005), Peters and Trout (2006), Peters et al. (2007), Lechner et al. (2010),
Jung et al. (2019), Mori et al. (2020), Jung et al. (2021), Kikutusuiji et al. (2022),
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Finding optimal reaction coordinates aided machine learning

-1/2
Fg

Isocommittor surface

Suppose we have a large set of putative CVs ¢ (R).
Represent p(R) as a linear combination of these:

P (R;w) =D w,q,(R)+w,
a=1

(Method 1)

Alternatively, p(R) can be approximated via a function m4(»(R)),
where r(R) is a putative reaction coordinate that leads to sigmoidal

behavior of my(r(R)). A model form for t (»(R)) is

1
72.@ (I"(R)) — 1+ e_,,(R)

Represent »(R) as a linear combination of the CVs:

r(R;w) = Z w_q. (R)+w,
a=1

(Method 2)



) Learning Models

Learning models for finding an optimal reaction coordinate: Assume N training values of ps(R,)

* Binary classification (cross-entropy) model (CREM):

E(w) == p,(R,)In p, (R, w) —i(l - py(R))In[1-p,(R,,w)]+Reg(w) (Method 1)

Ew) == py (R Iz, (r(R,,w) -3 (1= pj(R,))In[1- 7, ("(R,,w)] + Reg(w)  (Method 2)

e Standard regression model:

1 & ) 2
E(w)= N > P, (R,w)— p, (R, )‘ +Reg(w) (Method 1)
k=1

N

E(w)=—— (Rw)) - p,(R,)[ +Reg(w) (Method 2)
2N S

/1||W|| Lasso (LASR)
Reg(w) = ) .
lp”w” + B(1-p) ||W|| Elastic Net (ELAN)



e Learning models e

List of standard regressors: Neighbors/trees: Boosters:
Lasso (LASR) Decision Tree (DECT) AdaBoost (ADAB)
Elastic Net (ELAN) Random Forest (RAFR) Gradient Boost (GRBR)
Lasso Least Angle (LLAR) Extra Trees (EXTR)

Linear (LINR)

Ridge (RIDR N
CB)?’[%S(SFEZA“\/')(;LMQ Pursuit (ORMP) \?:I:il;tllnnc% rruelgutz;?iii(? > BO:T“”QZ |
Passive-Aggressive (PAGR) Z": (p; (R.)-7, )2 7frB (R) = arg min £(W)
2 _ k=l orm=1toM
o= - DPoi = Pry —ﬂém‘z(Rk)
(W, ) = argmin 3 (P, =7

- Bh(R,;W))’
7" (R) =7 (R)+1 B h(R; W )

endfor



. Reaction coordinate of C7eq -> C7ax conformational transition in Ala dipeptide in vacuum .

Alanine dipeptide 10

- Committor values

sampled using aimless
06 | shooting algorithm.
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. Reaction coordinate of C7eq -> C7ax conformational transition in Ala dipeptide .

45 90 .
—b+> W, cosg,+ > w,sing, Enhanced sampling of (¢, )
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Alanine dipeptide

r(q,w)

45 90
::b+§:M¢4umqf+§:M¢4mn%

Ps(q, W) i=1 i=46
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1 2
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Reaction coordinate of C7eq -> C7ax conformational transition in Ala dipeptide
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Feature extraction forC7eq -> C7ax conformational transition in Ala dipeptide

Alanine dipeptide

45 90
=b+ Z W,_, COSq,; + Z w,_, sing,

r(q,w) }
Ps(q, W)

SHAP (SHapley Additive ePlanation — L. S. Shapley in
Contributions to the Theory of Games (2016)).

=
|

F
D, = Z ||S| [fSU{i}(xSU{i})_fS(xS)}

Each dot in the SHAP plot is an observation in our data
set. “High” and “low” are high and low values of the
features. Positive and negative values describe whether
high or low values of the feature push the predictions
toward one basin or the other (0 or 1 commitor
probability values).

High
gin & 3 cv B
sin 8 4 cv R ———- -
sin_8 2 cv s
sin & B cv - = bl
cos_p 5 ev + = e
sin_w 2 cv e
cos ¢ 2 cv ——
cos | B cv e

sin_dihed_25 cv L=
cos_ ¢ 5 cv E
cos_lp_2_cv E

cos_dihed_20 cv e

sin_dihed_1_cv =

cos_y 1 _cv —E

cos_o 4 cv -
sin_¢ 4 cv —

Feature value

cos ¢ 1 cov .
sin_dihed_21_cv -
cos_dihed 37 cv L

sin_dihed 4 cv -




. Feature extraction forC7eq -> C7ax conformational transition in Ala dipeptide .

. . . High
Alanine dipeptide Sn(42) [T
sin e g«
I"(q, W) 45 90 . sin (6 4) L e —
— sin (8 2 R S
=b+) w, cosq,+ ) w,sing, hiEa T Meth 1
Ps (qa W) i=l i=46 sin (¢ 6) Bt
cos (0 4) e -
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cos (¢ 3) B ‘_E
cos 1 e
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©
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Reaction coordinate of conformational transition of disarcosine in GB solvent

A
X-15-17-Y —» w |
X-17-22Y — @

/u
50
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. Reaction coordinate of trans->cis conformational transition in disarcosine in GB solvent .

132

7 , W 66 . :
(q, w) } B i g g Enhanced sampling of
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w = _ _
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Reaction coordinate of trans->cis conformational transition in disarcosine

7 ,W 66 132 . :
(qw) | _ B o Enhanced sampling of
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. Reaction coordinate of trans->cis conformational transition in disarcosine .

High
r(q,w) 66 2 e
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Mechanism of trans->cis conformational transition in disarcosine
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e Conformational transitions of uracil dinucleotide in explicit water

CVs include sines and cosines of 17 dihedral angles plus
152 symmetry functions of the form:

: R R -
Gl2 = Ze 1n(R;j—Ry) ’fc(Rij),

J

Try out schemes for automatically selecting descriptors:
G. Imbalzano et al. JCP (2018).




LA

Conclusions

LA

Interoperability of d-AFED/TAMD, metadynamics, and umbrella sampling leads to an algorithm ideally
suited for use with machine learning method for regressing high-dimensional FESs, as it sweeps over

the full landscape, producing an initially sparse sampling (the density of which grows with simulation length)
that regression methods can easily interpolate.

From a large set of redundant CVs, committor learning is possible via either a direct mapping of the CVs to
the committor or via a model of the committor in terms of a reaction coordinate expressed in terms of the CVs.

For the systems studied, light gradient boosting proved to be the best performing of the machine-learning
models investigated.

SHAP analysis allows the most important features to be extracted, which reduces the number of degrees of
freedom needed to express the committor or reaction coordinate.
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