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QM/MM simulations are limited:
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— BuRNN reduces costs by machine learning
— BuRNN reduces artifacts by embedding scheme
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The BuRNN
Approach

BuRNN?3 introduces Buffer Region:

buffer B described at both levels
VMM _ 2" smooths transitions

2 QM calculations required

artifacts at the interface cancel

full electronic polarization of B by I

BuRNN employs Neural Networks:

difference of 2 QM calculations trained
by deep NN

interaction energies simplify training
second NN for charge training

Metalloproteins are important biomolecules that incorporate ' The BURNN Workflow
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functions, among others, involved in infections and diseases.

Metal-sites are notoriously difficult to describe via classical MD
simulations as they involve coordinate bonds. Transition metals

metal-ion cofactors. They are essential for various biological

We have developed a hybrid QM/MM! approach that employs Neural

Training Set
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with their open shell of d-electrons further require the quantum level . ., 7 Generation
of theory. However, quantum mechanics (QM) is not feasible for huge S
systems, while molecular mechanics (MM) is not very accurate.
\
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Networks? (NN) for increased efficiency and additionally introduces a . .
coordinates / energies

Buffer Region to reduce artifacts and smooth the transition between Ve / forces / charges
QM and MM: BuRNN3,

coordinates

NN MM
’ Vigas + Vaxd

We aim to apply this NN/MM simulation method to metalloproteins in
order to investigate their complex nature.

In short ' ' >

— accurate metalloprotein simulations require QM NN Training
— BuRNN is a novel alternative to QM/MM simulations

NN/MM Simulation
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— BuRNN is an efficient NN/MM simulation approach

Next steps Training Set Generation
— release of the BURNN code in the GROMOS Software * — sampling of configurations

— training and simulation of porphyrin systems \f [Fe(H,O):** complex in water: (coordinates) by MD simulations
~ " 7~y — small system with metal-ligand interactions - extending configurations by
A3 /‘5\/\ (.. - stable simulations, expected geometries QM energy minimization and
VAN r Fr - agreement with QM/MM and experiments adaptive sampling
— 2 QM calculations for each
5 % @) T = e C —— configuration: [+[B and [B
o S = BURNN (T=400K) \ ——- MM only — training database for energy
(¢} o O = MM only (T=300K) \ . M/MM(EE) .
o = EZ o~ AT QM/MM(EE) (T=300K) - \ R (force) differences and charges
+ ™ P F
I Institut fir PhD o 9 o — = \
- school a5 @ S — Sl
Molekulare Modellierung @ ® & o = v \ o S——- T T
und Simulation (D) , T ie) A = ‘\ = © GLJ
= Q SN o Lo
H E \
E— i . /N , , Seo - , = ;
IENNA O 2 95 0.0 0.5 1.0 1.5 0 20 40 60 80 C =
L . (qv] 0ol 7 r[nm] |O-H-H-Fe improper| [°] ©
QAW ssueoe CIENTIFIC B g Prop ko
AKADEMIE DER (- - ©
WISSENSCHAFTEN LUSTER O g g %z) (C) BuRNN (d) BuRNN (At=0.5fs) qL) m
Q o wO A —— MMonly | b BURNN (At=2fs) o) g
I 1\ —.. QM/MM(EE — MMonly (At=0.5fs) = B
1/ QM/MM(EE) \ & L MM only (At=2fs)
—— > fry — .- QM/MM(EE) (At=2fs)
- — m ) .
Acknowledgements 5 = S F el
Thgnks to the wholg I\/IIVIS group but especially Chris‘ Oostenbrink and co-aufchor Peter |‘|‘}U?]|||| O_ o E E ;' References
Poliak for a great scientific environment. Further gratitude goes to everyone involved in S e i : ‘ ‘
the BioToP (Biomolecular Technology of Proteins) doctoral school. L] ; \évay:fhelpi( Le\gﬁ' J. I\é’:(;)l' BIOFI;h1 0315217;3;18 (;I;?;g)s 2011)
.y . benier. S. em. em. S. , — .
The author gratefully acknowledges funding by the Austrian Academy of Sciences (OAW) \ . o, A WY 3. Lier, Polialz Marquetand, West)érmayr & Oostenbrink.
with a DOC-Fellowship. Computational results have been achieved in part using the B AN = 0.1 0_15 0:2 0_'25 0.3 0 200 400 600 800 1000 J. Phys. Chem. Lett. 13, 3812-3818 (2022)

Vienna Scientific Cluster (VSC). : Fe-O distance [nm] Wavenumber [cm~1] 4. Schiitt, Sauceda, Kindermans, Tkatchenko & Miiller.

V@A

NN(B)
[+AB * V

I+AB

Neural Network Training

Hy

training atomistic NN on interaction
energies (forces) with SchNet*

training atomistic NN on partial charges
without final pooling layer

brid NN/MM Simulations

BuRNN implemented in GROMOS> with
direct interface to SchNetPack®

buffer region by cut-off

MM terms VM with force field

QM interaction energies by a call of the
NN Vi1 g

partial charges to polarize B by I in the
interaction with ©

validation by 2 individual NNs (A and B)

comparing the NN VHNN(A) ~ Vg

+AB VH+A[B

expanding training set when predictions

diverge VH]X]AVIBEA) * VHIIIAV[BEB) and retrain
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