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Introduction

» Goal: Long time-scale dynamics of atomistic ]
systems for ... 05N

. protein folding

> ... bio-molecular design

Number
of pairwise
correlations

> Traditional ab-initio methods only for
structures with ~100 atoms

0 200 400 600
> Machine learning potentials hold the promise. # Atoms
| ++-+++ CCSD/CCSD(T
to scale beyond 10.000 of atoms w ................... Y OFT
EE SRR Glasslea] foresitolis
k JJ --------- Global ML potentials
_ . e R - — Not trainable to date

Global machlne Iearmng potentlals

[1] Chmiela, Stefan, et al. Science Advances 9.2 (2023)
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Molecular Dynamics for the Impatient

Potential Energy Surface

> Molecular dynamics:
Dynamics driven by the interatomic forces

PES | MOL

> Atomic positions p _ (7 7|7 € R3)
o R B (/

and numbers
Z ={z1,...,2nlz; € N}

» Force field:

Assigns a force to each atom _
| F; = Vi foes(R, Z)
» Potential energy surface:

Born-Oppenheimer
fpes (Z, R) ” Epot

p 2 e 2 h
Cyclic = > : e N,
symmetry lines 74

[2] Sauceda, Huziel E., et al. Springer, Cham, 2020. 277-307.



Molecular Dynamics for the Impatient

Molecular Dynamics Simulation

Time |s] Select initial positions and velocities

10°
Density functional theory

10°
Machine learning potentials Compute interatomic forces
107
Update the positions and velocites
repeat T times
(T ~ 10
Calculate observables of interest

Update time step t, = ¢, +‘ﬁdt-

> Reducing time from 1s to 10ms reduces simulatio

Classical force fields

tinmesfrom 12d to 3h



Machine Learning Potentials

Machine Learning Potentials

Molecular Dynamics Sampling [2]
> Approximate the PES
E:fPGS(R7Z)%f9*<Raz) ' '
- Find the optimal set of parameters 6* given RN ANV
reference sample D :
?(Rk’7zk7Ek}k:1 - : |
Ndata 2 = ==
0" = ming Y | (fQ(Rk7 7, — Ek) T e
» Use energy and forces I /f(i

[3] Chmiela, Stefan, et al. Nature communications 9.1 (2018): 1-10.



Machine Learning Potentials

Reference Data
,Garbage In Garbage Out"

> ML model is only as good as the data ”
it Is trained on
> High quality reference data becomes - cosp(T)
more and more expensive - /// CESD(T)
CCSD

Accuracy
\

» Reference data is a precious good

» Data efficiency: Require as little data
as possible to yield good results

Scaling of quantum mechanial
ab-initio methods (N = # atoms)

N> N* N° N NT NB
Computational Cost

[4] Frank, Thorben, Oliver Thorsten Unke, and Klaus Robert Muller. Advances in Neural Information Processing Systems. 2022.



Machine Learning Potentials

Molecules as Graphs

> @Given a data set with molecular geometries
> Bring it into adequate structure

>~ @Given the atomic positions R, construct neighbourhood for each atom as

. | Ith . L.
N; = {j|rij < rent) rij = |75z = |7 — 72



Machine Learning Potentials

Message Passing Neural Networks

> Neural networks for data that has a graph like structure

> Represent molecule as directed graph with mbedding :
. NodevalueSV:{le.jznmEN+} D;x/@ DAX,/Q
- Edge Valuese:{ﬁz,...fkn\ﬁj cR3) :
> Embed the graph:

[5]

> Node features .
with Ve={fi,....falfi e R" }

[ = Fem(22)

[5] Unke, Oliver T., et al. Chemical Reviews 121.16 (2021): 10142-10186.



Machine Learning Potentials

Message Passing Neural Networks

> lteratively update atomic embeddings given their neighbourhood

- Message passing stepy“*! = MPstep(f\”, R, Z)
> Energy as sum of atomic contributions

] Epat = Z Ez with Ez — gg(ﬂﬂth) dJo R — R
=1

Final

Embedding . ) MP step N ) T x MP step - _ embeddings
: : E [ 1 | ]| .
O E o E E E EEEE Predict
o E o = o = e Epot



Machine Learning Potentials

Message Passing Neural Networks

~ Message passing step:

— = TQ .\\‘ ________ ',"' -------- ,’_{?
> 1 . Message mm — m@(fi) fj, T, 7“]) f ;’ ------ _} ______ . '/,
» 2. Aggregation .2 T—= 1 E/ f3
PO Mi = 2_jen; Mij T~ g

3 U d i g S AN 2 f1 M 13 o-

~3.Update g _ g0 L
fz’ | :Ue(fz[],mz) _______ e
- With ,
my : R2E+24¢ H?{Q{ﬁj wp : R2F s RF

~ Simultaneously take an update step for R, MWPsw T
all atomic features 5 - 5 B



Symmetries in Neural Networks

SO(3) Equivariance

- Given vector spaces A, B and group G, a function & : A — B is said to be
G-equivariant if

h(p(g)a) = o(g)h(a)
holds for every ¢ € G, where p and ¢ are group representations in A and B.
> Special case: G-invariant
| | Jgg) = Id
> Example: Rotations in Euclidean space

- G =S0(3) and p(g) = rotation matrices



Invariant Message Passing

> Potential energy Is invariant w.r.t. rotations
> Forces are equivariant w.r.t. rotations

> |Invariance can be build by making the message
and the features invariant

> Features:
fi — femb (Zz) \/
> Message: o
i M :mﬁ(fiafijTi_erQ) v
Epor = E; with B; = go(f")

1=1

Rotate the
geometry

Symmetries in Neural Networks

Es=FEp Fg = p(g) Fa

Message function

mi; — m@(fia f]7 7:;'7 ,Fi?)
Aggregation

m; — ZjEN} mij
Update function

£ = ug (£, my)



Symmetries in Neural Networks

Is Invariance All You Need?

> Consider message function based on

>~ Distances (invariant)

~ Angles (invariant)

Z ’I“ij

> Directional vectors (equivariant)

> (In-)distinguishable geometries

[6] Schitt, Kristof, Oliver Unke, and Michael Gastegger. International Conference on Machine Learning. PMLR, 2021.



Symmetries in Neural Networks

Equivariant Message Passing

> Builds upon equivariant atomic features and messages
~ Use spherical harmonics as elementary building block

> For each rotation matrix corresponding Wigner-D matrix p(1) o p(2i+1)x(20+1)
> Under rotation of the input, features and messages transform as

» Equivariant atomic features:

i (M. =) — DU (7
» Equivariant me‘és ge:t(g)rj) (9) £ (75)

mi; (fi, [1: Myt (9)755 ) = DY (g) mij (fis £5.755)



Symmetries in Neural Networks

Interlude: Real Spherical Harmonics

s R s R
Ym(’]/;> : S2 s R collect all m N Y(l) . S2 N Rzl_l_l
. l y for a given | . ' y
degree [ € {0,...,00}, order m € {—1[,...,+[} and unit sphere S*
> Transformation under rotation
U —2 +2
> [
Y (Mo (9)7) = DY (g) Y 0
> Wigner-D matrix
DU ¢ RI+1)x(20+1) |

> SO(3) equivariant functions

: dp 3¢ € $ w0



Symmetries in Neural Networks

Equivariant Message Passing

> How to build an equivariant message passing mechanism?

> SO(3) equivariant features Y_(% o Y(z) fF

FO=yO @) o f=

"~ ~— = l l
cr@TxF eriel exf | Yl fi ... an(z)fF

— YO (M) ® f = DO (M) YO(R) 0 f
> SO(3) equivariant message .

Must

. - reserve |
i = 2ujen; 9(Tig) WA equivariance|
~ ~~ ) ]

6R(2l—|—1)XF ERF ERQZ—I—l ER(2l+1)XF



Symmetries in Neural Networks

Local Geometric Expressiveness

> Potential energy is a sum of local atomic neighbourhood contributions

> Capture as much geometric neighbourhood information as possible

L e

> Any function on the sphere: h(F) = S5° OleY(l) 7)

3"

3
-
4
L
%”
.}*

angles | # | 'k = AN Y YR
dihedrals = 'Ea | |# A YT T T
ncreasin =1 0.000 # 2.000 0.000 = 0.000 1.067 = 1 067 0 000 = 0.000 1 859 = 1 859
9 | = 4.000 # 1.000 4.000 # 0.000 3.083 = 3.083 4.000 = 4.000 3.480 = 3.480
degree |/ | =3 0.000 # 2.000 0.000 # 8.889 3.395 = 3.395 8880 = 8.889 90582 = 9.582
v (=4 4.000 # 2.750 11.00 #  4.148 4224 = 4.924 1.926 # 9.704 9.197 = 9.197
> 7]

Larger degree I necessary to distinguish the neighbourhood of the central blue atom

[7] Unke, Oliver T., et al. Nature communications 12.1 (2021): 1-14.



Symmetries in Neural Networks

Data Efficiency and Accuracy

» Reminder: One need data efficient and accurate models

> Both increase with max. degree /

g
8] 'g 3 ’
=
- . £ _~"cesp(T)
—_ 1 o ®
< : : . 5 _~Ccesp(T)
> | A
3 : | RS DFT ~CCSD
w6 X 1072 Higher accuracy g3 & /
= = : < ?/MPQ
§4X10_2_’r L=0, sl 0.106 S Gé -
—— L=0, slope=-0.
T 3x 10724 — L=1, slope=-0.24 Higher : %O § HF
— L=2,slope=-0.244 | | data efficiency GRS
\__ L=3, slope=-0.258 v‘; 3 N A
] L T T T T T T T T T S N3 N4 N5 N6 - 3
101 102 103 N N
Number of training frames Computational Cost

[8] Batzner, Simon et al. Nature communications 12.1 (2022): 1-14.



Symmetries in Neural Networks

Data Efficiency vs. Complexity

> Current models show a trade-off between data efficiency and time complexity

> Less time for data generation but more time for MD simulation

=
= C?eIrthetl Time |s] Select initial positions and velocities

rectiona

S dihedral 10"

% v . w/ mnearats Density functional theory

= 2 O NequlP
== G;J" S h(elm'cal 10°
5 = & harmonics

- 3

> 5 O . 10

> ® Classical force fields Update the positions and velocites

) ~+~ .

% &E S DimeNet repeat T times
‘= © directional . (T ~10°%)
&E $5 / ] Calculate observables of interest

= 3 PhysNet @/ angles
A

10 100

inference time (ms)



Symmetries in Neural Networks

Molecular Dynamics Simulation Stability

» MD stability: Simulation time over which the MD is stable?

> Long MD simulations
are required to extract 2000-

physical observables B

=

~ Instability due to non- :
physical configurations % 1000

.

=

0 100 200 300 0 100 200 300
Time |ps] Time |ps]

Frank, Thorben, et al. To appear (2023)



Symmetries in Neural Networks

Equivariance Improves Stability

L . . -
> Equivariance improves the stability N P :
> Train the same network, to the s
same error with and without equivariant <
information 2-
/max
0 0.004 — Imax=3 6 - 3
E —— Imax=0 g
'*r% 0.002 - R g 4 i ’&cf &ai? ¥
S N T 2-
0.000 . I I l | . l | . . . .
0.0 0.2 04 0.6 0.8 1.0 0 50 100 150 200 250 300
Step 1e6 Time (ps)

Frank, Thorben, et al. To appear (2023)



Symmetries in Neural Networks

Molecular Dynamics Simulation Stability

- 1 X
> Only model that is always stable / = 3 0
~ Comes at the price of critical slow down 2501 NequlP
of the model # SchNet
2 % 200 1 4 ForceNet +
> A similar trade-off as for data efficiency 5 SphereNet
D DimeNet
= 150 P;ﬁke +

> Reported times are for systems with o et
9 to 23 atoms only! 00 DeepPot-SE

X

Stability

» Scaling to large structures

50 -

0 25 50 75 100 125 150
# frames per second

4

Speed



Symmetries in Neural Networks

Auxiliary Equivariant Message Passing

Equivariant MP

-- -
————————
- ~

> Auxiliary equivariant message passing

» Introduce auxiliary geometric features x; € | 4G g,
which are updated during message passing
Auxiliary MP
fle S
mZJ _mﬂx(fzvfjvxzvxj?a’l]) v‘\‘
flz _ v flz L e
m; — ~jeEN; mzj . """""
t+1 t . f
fi —U( i7mz) ‘ v, """""""""""
41 t N i
Ly — u(ajz'? e, ) ‘\ S ' —m

~ -
------

Frank, Thorben, Oliver Thorsten Unke, and Klaus Robert Muller. Advances in Neural Information Processing Systems. 2022.



Symmetries in Neural Networks

Data Efficient, Fast and Stable

300 -
™) ?emNet 50| @ So3krates
i Pt b zregtzonal % NequlP
> hsfrmonics w/ dihedrals +  SchNet >
8 NequIP % 200 + 4 ForceNet +
g hsp herical = SphereNet
% armonics % DimeNet
. 150~ PaiNN +
w DimeNet GemNet
A directional 100 - DeepPot-SE
PhysNet w/ angles
mnvariant
50 -
10 100 0 25 50 75 100 125 150

Inference time (mS) # frames per second



Symmetries in Neural Networks

Scale to Large Molecular Structures

> What do we need to tackle large structures?
» Data efficiency, due to high cost for reference data
- Stability, to obtain observables from the simulation /
> Efficient models that are feasible to scale to large structures Ve

> Auxiliary message passing fulfils all requirements!



Symmetries in Neural Networks

Scaling to Large and Complex Structures

>~ Calculate the velocity auto-correlation function which requires Iong and stable
MD simulations

> Largest current structure: 370 atoms

of pairwise

Ac-Ala3-NHMe . DHA ; Buckyball Catcher
correlations

RN
o
o

o
N
ol

0
o
0
- P J
5]

“ Proteins

\/\/J\Nf 0 200 400 600
S WL L # Atoms

0 1000 2000 3000 4000 O 1000 2000 3000 4000 O 1000 2000 3000 4000 s eose 8 CCSD/CCSD(T)
Frequency [cm™1] Frequency [cm™1] Frequency [cm™1]

Intensity [a.u.]
o
a1
o

O
N
&)

o
o
S

--------------------------------------------------

....................................................................

Global ML potentials
Not trainable to date




Global Machine Learning Potentials?

o—@

> Local message passing neural networks « >4 cource
o—o o
» Global machine learning potentials MP Step
» Stacking of multiple message passing layers \/ \
propagates information (diffusion) v e d
> Effective cutoff MP Step
T(e:lflft — T ‘ ’rcut -



Global Machine Learning Potentials

Electronic Delocalization

> Electronic delocalization: Geometric dependencies on large length scales

reut = 2.0 and 1" = 4 layers

g cutoft )eff. cutoff

3 |0 i
L\q/ ;

90 dihedral angle @ (°) 180



Global Machine Learning Potentials

Long Range Electrostatics, van-der-Waals Interactions, ... ???

[9]

> Long-range many-body correlations 0.100]

M. 1. x d—6.16i0.04 —

> Mutual information extends over
large length scales

» Quick fix: Get rid of locality assumption!

> Quadratic scaling in number of atoms

Unfeasible to train and run!
N

> Linear scaling without localisation”??

Mutual information of residue pairs
[
<
N
Residue indices

i 1 10 20 30 40 46
' :. ‘Residue indices ~ F000 | |
> Open problem! : - -

Residue mutual distance d[A]

[9] Gori, Matteo, Philip Kurian, and Alexandre Tkatchenko. arXiv preprint arXiv:2205.11549 (2022).



Thank you for your attention
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Machine Learning Potentials

Message Passing Neural Networks

> |terative updates of the node embeddings given their neighbourhood

> Use the final embeddings to make a prediction

0 Final
Embedding ] MP step T x MP step embeddings



Machine Learning Potentials

Message Passing Neural Networks

Graph construction Message passing

> Construct atomic neighbourhoods | ith 3 L
Ni={jlrij < reut rij = [|Tijll2 = |75 — Till2

> Potential energy is sum of atomic energy contributions

Fipot = Z E; with B, = ge(fi[T])
i=1



Symmetries in Neural Networks

Complexity of Equivariant Features

> Source of the complexity of equivariant features?

> Equivariant message passing step

= > g(riy) @YU (#)ef;

JEN;
Architecture @ Scaling nax
PHYSNET X O(n xm x F) 0
PAINN X Onxmx (lmax +1)* x F) 1
SPOOKYNET X Onxmx (lmax +1)? x F) 2
NEQUIP R Onxmx (lmax + 1D)*x F) 3




