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Breakthrough in ML for Proteins

- DeepMind’s AlphaFold solves protein- SR AT IN CHEMISTRY 202
folding. SSCIC_HCQ;"

- Predicts 3D structure from aminoacid 1T
sequence.

- But static 3D protein structure not
everything!

- Want to understand dynamics and
(nteractions. y Vs

- Need to return to Molecular Dynamics
(MD). S PR -1

@® Computational prediction



Molecular Dynamics (MD)

« MD simulates stochastic molecular motions

d*x dx
— = —VU — 4+ R(¢
me s (#) =75 +R()
« Problem: Biophysical processes take ~1ms or
more. Too long! At = 1fs = 10~ 15¢

- Timewarp: can we tackle this with deep learning?
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Boltzmann distribution

« We want to sample the Boltzmann

distribution
(x) o U(x)
u(x exp kT

+ Long MD trajectories provide x(t)e
samples from u(x) asymptotically.

« But first consider the conditional
distribution u(x(t + 7)|x(t))




Timewarp — acceleration of molecular dynamics

« Speed-up by proposing large time steps © > At.
« Unbiased: correct samples with Metropolis-Hastings.




Datasets

« Generate MD trajectories of small peptides.

« Subsample the trajectories: x(7), x(27), x(31), ...
« Train model to predict x(t + 7) given x(t).

« @Goal: speed up sampling on test peptides.
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Model desiderata

Fast sampling to
quickly generate
trajectories.

Train on train set of
proteins, transfer
to test set of new

proteins.

Tractable
likelihood to allow
for Metropolis-
Hastings correction.

Incorporate
symmetries of the
physical system.



Conditional normalising flows

« Want to model u(x(t + 7)|x(t)) with pg(x(t + 7)|x(t)).
+ Use a conditional normalising flow: x(t + ©) = fp(z; x(t))
_ conditioning
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* Map from z to x(t + 1) is invertible, but not x(t) to x(t + 7).
* Tractable formula for pg(x(t + 7)|x(t)).



Model desiderata

Fast sampling to
quickly generate
trajectories.

Train on train set of
proteins, transfer
to test set of new

proteins

Tractable
likelihood to allow
for Metropolis-
Hastings correcion

Incorporate
symmetries of the
physical system.



Conditional flow architecture
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Model desiderata

Fast sampling to
quickly generate
trajectories.

Train on train set of
proteins, transfer
to test set of new

proteins

Tractable
likelihood to allow
for Metropolis-
Hastings correcion

Incorporate
symmetries of the
physical system.



Training objective

« Two stages: likelithood training and acceptance training.
 Likelihood training: Ly (8) = %Z’,ﬁﬂ log pg (x; (t + T)|x, (1)) .

« Acceptance training maximises acceptance probability:

(X) x|x 1 N
Z(i)zzgfélx%’ Lacc(8) = }2115:1 log 9 (x. (1), X (t + T)).

« Weighted with an entropy term to encourage exploration:

Lent(8) = == Tk_1log pp (% (¢ + D), (1))

re(x,X) =



Sampling

Timewarp MCMC

Sample with Metropolis-Hastings
correction

+ Asymptotically unbiased




Timewarp MCMC algorithm

1. Sample X;~ pg(: |x) in parallel.
2. Compute acceptance ratios

. u(x;) po (x[%;)
a(x,X;) = min| 1, - N
1(x) pe (X;[x) X3 | ~pe(x)
3. Accept X; with probability a(x, ;). %,

4. Add x for each rejected sample to Markov Chain -
5. Add the first accepted X; to the Markov Chain 1

t\/lar*(ovChai‘n X —I— x| x| Xg




Sampling

« Timewarp MCMC

« Sample with Metropolis-Hastings
correction

« Asymptotically unbiased

« Timewarp exploration
« Every proposal is accepted
« Potentially biased samples
« Faster exploration




Experiments



Datasets

« Dipeptides (2 amino acids)
«  Number of peptides: 400

« Train set: 200 dipeptides
« Time step T = 1ns = 10° MD steps

« Tetrapeptides (4 amino acids)

«  Number of peptides: 20*
« Train set: 1500 tetrapeptides ~ 1%
«  Time step T = 100ps = 10° MD steps




Training trajectories

« Short training
trajectories of 50ns

 Training trajectories ACIS o
miss some metastable
states
. TICA projections:

_+ Shows meta-stable states I

Boltzmann Training trajectory
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Conditional distribution pu(x(t + 7)|x(t))

Boltzmann TICA projections Energy distribution Bondlength distribution
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Targeting the Boltzmann distribution - dipeptides

MD Timewarp Free energy projections
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Targeting the Boltzmann distribution - dipeptides
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Targeting the Boltzmann distribution - tetrapeptides

MD Timewarp Free energy projections

ITJJ — MD
X . - == MCMC
~
a N | > |
— i > '|
SAELO ™0 Ak - 5
I_ . E.I T n r q)
Q
Q
o
L
~ !
210 .
~
P 1
— o |
LPEM oy @
=4 c 5
Q
Q
i
O,

Tico TIC 0




O
=
9
>
oN
-
()
=
)
=
T
_
Q.
T
S
()
)
Q.
W
)
=
e
=
O
LS,
O
s
$

« Compare effective samples per second
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Exploration with the Timewarp model
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Exploration with the Timewarp model - CTSA

MD Timewarp MCMC Timewarp exploration
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Exploration with the Timewarp model - CTSA
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Compare effective samples per second

4AA exploration - Speed-up TIC O
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Timewarp — Summary

Transferable model that predicts future states of unseen peptides

Two sampling algorithms

1. Timewarp MCMC
Speed-up for dipeptides
Speed-up for minority of tetrapeptides

2. Timewarp exploration
Speed-up for dipeptides and tetrapeptides
No longer asymptotically unbiased
Discovers metastable states that MD misses initially




= Microsoft

Thanks for listening!
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Validation of new metastable states
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Validation of new metastable states

MD

Timewarp

MD

c)

MD

Timewarp

‘o
o
o

Timewarp

TICO

TICO

TICO

TICO

TICO




Boltzmann distribution

« Many MD applications boil down to sampling the Boltzmann
distribution.

« Equilibrium distribution at a temperature T.

U
u(x) < exp (— kf:;?).

« U(x) Is the potential energy function, kjz is Boltzmann's constant.

« Sampling Li.d. is intractable.
« Long MD trajectories provide samples from u(x) asymptotically.




Conditional flow architecture
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RealNVP

N, coupling X
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RealNVP: affine transformation of some
dimensions based on others.

Transform zP based on zV and vice versa.
Each transformation uses an atom
transformer.

Stack many transformations.

Flow predicts the change, xP(t + ©) — xP(¢t).



Atom transformer

2P(t) 2P ~N(0,I) 2 ~ N(0,1)

Outputs from atom-wise MLP zP(t)
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Atom transformer

d{ﬁ gﬁ/\ Concatenate latent variables z,

3 3 AR conditioning state x(t) and atom
vy .

[ omwsewr ] feature embedding h.
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< blocks.
J  Use kernel self-attention.

[

[

|

U _weeme  }) |« Qutput scale/translation factor of
\C e )/ RealNVP




Kernel self-attention
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Kernel self-attention

Outputs from atom-wise MLP zP(t)
/T w= ] )\ ° Gaussian RBF on interatomic distance
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Timewarp + MCMC

Acceptance probabilities

N

+
#

Acceptance rate in %
=

- Sample proposals in parallel



Training times

Table 6. Timewarp training parameters

Dataset + training method Batch size  No. of A-100s  Training time

AD — likelihood 256 1 1 week
AD — acceptance 64 1 2 days
2AA — likelihood 256 4 2 weeks
2AA — acceptance 256 4 4 days
4AA — likelihood 256 A 3 weeks




Timewarp MCMC algorithm

Metropolis Hastings proposal:
1. Sample X ~ pg (- |x).
2. Compute acceptance ratio:

w(x, %) = min (1 u(x) pg (X|5C'))

" (x) po (%)
3. Accept X with probability a(x, ¥).




Timewarp exploration algorithm

« Timewarp MCMC can sometimes have very
low acceptance.

«  We also try exploration mode, where we
accept all proposals.

« Biased samples, but can explore metastable
states faster.




Augmented MCMC

 In practice we only care about positions of atoms, not velocities.
« Replace velocities with auxiliary variables x¥~N(0,1).
« Joint augmented Boltzmann distribution:

N(x":0,1).

- Target py,e with MCMC, then discard xV.
« Why augment?

Allows more expressive distribution for xP.
Easier to incorporate permutation symmetry.



Timewarp MCMC algorithm

1. Sample X~ pg(- |x) Xm = (Xm, X77)
2. Compute acceptance ratios
a(x,,,X) = min (1, Haug(X) Po (XT - )>
.uaug(xm) Po (X xﬁl)
3. With probability a(x,,,x) set x,,,,., = X else x,,,,, = x,,,.
4. Resample x;,.,~N(0,I) (Gibbs update)




Batching the Timewarp MCMC algorithm

Algorithm 1 Timewarp MCMC with batched proposals
Require: Initial state Xy = (X}, X{), chain length M,
proposal batch size B.
m+—0
while m < M do
Sample X1,..., Xp ~ po(-|X2) {Batch sample}
forb=1,...,Bdo
e ~ N(0, I) {Resample auxiliary variables} ~
X (X7, ~ 5 | ~po(-|x)
Sample I, ~ Bernoulli(a(Xp, X))
end for ~
if S:={b:1,=1,1<b< B} # () then X9
a = min(S) {First accepted sample}
(X'rz:z+1""~7 Xﬁz-’ra—l) A (Xrewvxgz) A
XP o XP X1
m+<m+ta
else
(e s 5t ) o (P s )
m < m-+ B
end if M
e Markov Chain
output X[, ... X%,




Timewarp exploration algorithm

« Timewarp MCMC can sometimes have very low acceptance.
« We also try exploration mode, where we accept all proposals.
« Biased samples, but can explore metastable states faster.

Algorithm 2 Fast exploration of the state space with Timewarp

Require: Initial state X g , number of steps M, maximum allowed energy increase AU«
form =20,...,M do
Sample XP? ~ pg(- | XP) {Sample from conditional flow}
ifU(XP)—U(XP) < AUpax then
XP .« XP
else
XP 1 < XP {Reject if energy change is too high}
end if
end for

output X[, ... X7,




Related work

Implicit Transfer Operator Learning: Multiple Time-Resolution
Surrogates for Molecular Dynamics. Schreiner et al. NeurlP52023

Different time resolutions possible
Accurate prediction of dynamic observables
Not transferable yet




Future work

 Different flow architecture to scale to larger systems

« SE(3) equivariant augmented coupling flows. Midgley et al.
NeurlPS 2023

« Allow to include rotational symmetry
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