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cytochrome C folding: Elber and Cardenas

Molecular Dynamics (MD)

Biomolecules Materials
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Quasi-continuum method: molecular dynamics
with coarse-graining for indentation studies.
Ortiz, Phillips and Tadmor



Molecular Dynamics

2017: article in Drug Discovery Today
“Molecular dynamics-driven drug discovery:
leaping forward with confidence”

“developing a market-approved drug costs a staggering $2.6 billion”

“Given that the dynamics of the covalent bonds involving hydrogen atoms are not
crucial in biological problems, they are usually constrained using integration
algorithms, such as SHAKE, RATTLE, ... Hence, a time-step value in the range of
1.5-2 fs is possible and has been shown to be suitable for MD simulations of many
biological systems.”

Examples of some 2017 simulations out of around 20000 published

Ligand binding in the HIV-integrase enzyme Bottlebrush copolymers

Druggability of membrane bound Rab5 Modification of membrane structure by lithium
Fission fragment damage in nuclear fuel Smectic C semiflexible polymers

Patchy particle systems Graphene reinforced polymer nanocomposites
Nanoparticle cholestoral metabolism therapeutics Unsaturated Zwitterionic lipids

Multiscale protein dynamics in antigen presentation Identifying the warfarin binding site



HIV-1 Virus Capsid
(protective shield around virus)

Molecular dynamics 64M atoms (including surroundings)
Described by a potential energy function U(x)

Chaotic, nonlinear dynamics, ever expanding scale
Key questions are of a probabilistic nature



Turning it into maths

Physicists tell us that what they need to do Is calculate

[ edu@

observable function gp()

Gibbs measure dpu(z) x e~ V@) dy

just integration...but with 180M variables!



Sampling and MCMC

5,0@) = [ p@du@)  dute) = 2 VO

Typical approach: using a Markov Chain with prescribed
iInvariant measure U

o0 A 1 -

Example method: Metropolis Monte Carlo



Example: Metropolis Monte Carlo
for the Uneven Double Well
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Sampling using SDEs

[tO-type Stochastic Differential Equation

dXt — Q(Xt)dt —|— b(Xt)th

Wiener measure

Brownian Dynamics /

dz = —VU (z)dt + vV2dW,

describes a particle diffusing in
a potential U at fixed temperature



Fokker-Planck Equation

The stochastic paths of an Ito0 SDE sample the evolving
distribution with probability density satisfying

dp

"
ot =L

LT isthe [? adjoint of & defined by

(Zg)(z) = lim Llg(z(0t))]|2(0) = x| — g(z)

5t—0 Ot



Brownian Dynamics

dz = —VU (z)dt + vV2dW,

Ll V@) = _y. (VU(x)e_U(x)) + Ae V@) =

—U(z)

so p(z)=¢e s a stationary density

& geometric ergodicity under mild conditions on U

T— 00

t
lim ¢+ / p(z(t))dt =K,  Ergodic limit
0

Just need a reliable way of computing numerical
solutions of SDEs (on long intervals)!



SDE Numerics

What is a suitable definition for “error” for an SDE?
Examples: "weak”, “strong”, “ergodic”
How to get high accuracy in SDE discretisation?

How does discretisation affect convergence to the
invariant distribution?



Numerical Method

Euler-Maruyama Method
xo —> 1 — ...~ TN, Nh=a1
discrete Brownian path

Tpil = Tn )+ V2hR,
R, ~ N(0,1)

Leimkuhler-Matthews Method
Tni1 = Tp + hEF(2,) + Vh/2(Rp + Rpi1)

L. & Matthews, AMRX, 2013]
L., Matthews & Stoltz, IMA J. Num. Anal., 2015]

L., Matthews & Tretyakov, Proc Roy Soc A, 2014]




Uneven Double Well

“ergodic error”

small stepsize

2Euler—Maruyama h=0.025
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the most recent citations for our 2016 geodesic integrators
paper:
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Why are statisticians reading molecular dynamics papers?



Wind Turbines

(with industry partner) Zofia Trstanova
(postdoc)




Problem: Goldman Sachs analysts’ lack of turbine knowledge

Solution: Employ a specialist energy management firm

Problem: Each windfarm may have hundreds of turbines
each turbine produces data at 10s to 10m intervals
on dozens of properties = Large data problem [10K turbine years!]

Solution 1: Hire engineers to stare at data

Solution 2: Geét a team of mathematicians to develop a
data-driven model to analyse the data.



|deal power output to
windspeed diagram

Example data set

Learn: to categorise conditions: “derating”, “icing”, ...

Goal: Automatic analysis of data streams for maintenance,
performance analysis, planning




Model

Pcat — 097
Piog = 0.02
Fother = 0.01

Models may be artificial or not,

but the distinction is often artificial!

Ex: convolutional neural network

Convolution Convolution  Pooling  Fuly  Fully




DATA X = {x1,29,...,ZN}

model
PARAMETERS

g — (q17 qz, . . . 7qd) LIKELIHOOD W(X‘Q)

prior WO(Q) T(X|q) = vazlﬂ(ﬂfi@

W(Q‘X) X 7T(X|q)7T() (q) Bayes’ Theorem
m(q|X) oc exp(=U(q)), Ul(q) = —logn(X|q) — log mo(q)

minimise U(g) to determine ‘optimal’ parameters
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Data Scientist Thomas Bayes, U of Edinburgh, Class of 1721



Wind Turbine Benchmarking

With enough data, it is straightforward to replace the
engineer with a convolutional neural network for
detecting a specific condition, e.g. icing

2 Convolutional NN
(nws, pwr, rotorspd, pitch)

‘ icy icy 2

trained on icy 98% (100%, 93%, 99%, 1%, 3%) 97% (100%, 72%, 98%, 12%, 0%)
trained on icy 2 97% (99%, 87%, 96%, 0%, 0%) 97% (100%, 74%, 97%, 0%, 0%)

Problems:

 Unsupervised learning
to learn classes from data
e Generalisation error
e Generative networks

3. Multimodality all require sampling!

1. Mixed data sets
2. Lack of transferability




Multimodality in NNs

With Zofia Trstanova and Frederik Heber (Turing)
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9 parameter model, multimodal
loss landscape with pretty
severe trapping in upper well.




Samplmg Metastable Systems
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Ways forward: CRE |

1. EQN. New types of diffusions that more efflc:lently
explore the complex geometry; in particular "non-
reversible diffusions.” w. J. Weare & C. Matthews,
Chicago.

2. ISST. Use of temperature and other “collective
variables” to enhance and guide sampling. w. A.
Martinsson, J. Lu (Duke) & E. Vanden-Eijnden (NYU).

3. DM. Data-analytic tools based on diffusion maps to
perform unsupervised manifold learning from simulated
data in order to enhance exploration. w. Z. Trstanova, T.
Lelievre (Paris) and R. Banisch (Berlin)




Manifold learning

o Data points D(m) .= {z1,22,...,2m} C RN with N > 0

o Compact d-dimensional differentiable submanifold M C RY, sampled according to a
density u(zx).

o Geometric structure of M from the data D(™) by constructing an m X m matrix that
approximates a differential operator

o Diffusion maps (Coifman, Lafon, 2006): learn structure on M through approximation of
a differential operator

Orignal Set - Embedding
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Diffusion maps

Construction:

o Isotropic-kernel k:(z,y) = exp (—(45)—1”3; — y||2) on D(m)

@ Evaluate the kernel to get m X m kernel matrix K-
: : N
@ Compute kernel density estimate g; = ijl Kij

® Row normalize K. using o power of ¢ to obtain transition matrix P = D71 K,
@ Graph Laplacian matrix L. , =&~ 1(P — I)

Pointwise convergence to Kolmogorov operator

Let f: M — R be smooth, & € [0, 1], then in the limit m — oo and € — 0, for any point
T € ID(m),

(LealfDk — £f(z6), £ =Af +(2—2a)Vf- %

o Case p x exp(—pBV) with 8 >0, and a = 1/2
Lf=Af—-BVV -V,

o Approximation error |Le o f(z;) — Le,o f(zi)| = O (m_l/ze_d/4_1/2) :

LA. Singer, 2005, R. R. Coifman and S. Lafon, 2006.



Eigenfunction approximation in 1D

~%~ Diffusion map /*
6- ®- Exact ’,’
o Quadratic potential V(z) = %m2 on R . e
= 41 e
o Sample from N(0, 1) 3 L
: . T
o Generator £ = —z8, + 82 has Hermite polynomials ‘ .
as eigenfunctions: LH,, = —nH,,n =20 ol
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Geometry-driven sampling (building on work of Clementi, Kevrekides...)

o Enhance sampling by exploration

o Local use of diffusion maps

o Langevin dynamics with force Vlogu = —VV has invariant measure p = e #V
o Generator L = —-VV -V + %A

o Eigenfunctions parametrise slowest time scales
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Thermodynamic Analytics Toolkit
(TATI)

Frederik Heber (Rutherford-Turing Fellow)
Benedict Leimkuhler
Zofia Trstanova (EPSRC PDRA - Edinburgh)

Vision:

Exploration tool for loss landscape in ANNs
Sampling methods in TensorFlow

purposes
Develop understanding of NN properties
Assist in analysis/redesign of NNs




The Edinburgh Environment

Maxwell Institute
Union of mathematicians at Edinburgh and Heriot-\Watt

Universities. Currently unitying graduate programmes
under the banner Maxwell Institute Graduate School.

International Centre for the Mathematical Sciences

Runs workshops, supports small group research and
coordinates knowledge exchange and public events.

Centres for Doctoral Training e.g. MIGSAA

Main mechanism for funding PhD students and
coordinating training across the Maxwell Institute

3 proposed in 2018: MAC-MIGS (Modelling, analysis
and computation), GLAMS (Glasgow-Maxwell School
in algebraic methods), and Data Science & Al (a joint
venture with Informatics)
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Why Edinburgh?

amazing skyline:

access to the
highlands

fringe
festival




The real reason.

Porcini/Ceps)

(

h Boletus Harvest

Scottis




Thank you for listening!



