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Molecules are always in motion
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To propagate molecular dynamics:
• We just need forces
• And solve iteratively Newton’s equations of motion

! = −∇% &

Velocity Verlet algorithm:
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where ! is the coordinate, & – the velocity, ) – the acceleration, " –
the time and 
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Figure credit: 
Knordlun, CC BY-
SA 3.0, via 
Wikimedia 
Commons 
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How can we accelerate MD with ML?
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To propagate molecular dynamics:
• We just need forces →

can be obtained efficiently from machine learning potentials

! = −∇% &

Velocity Verlet algorithm:

! " + Δ" = ! " + & " Δ" + 12) " Δ"!

& " + Δ" = & " + 12 ) " + ) " + Δ" Δ",

where ! is the coordinate, & – the velocity, ) – the acceleration, " –
the time and 
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10L. Zhang & Y. Hou, F. Ge, P. O. Dral, Phys. Chem. Chem. Phys. 2023, 25, 23467

Dissociation curves
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Simulations in NVT are more complicated

MLatom implements Nosé–Hoover chain, where the velocities of particles are controlled by a chain of additional degrees of

freedom to guarantee the canonical sampling of the original system. The equations of motion are shown below:

&" =
-"
."

,

-̇" = 0" − -"
2#!
3$

,

4" =
2#"
3"
,

Frenkel, D.;  Smit, B.;  Tobochnik, J.;  Mckay, S. R.; Christian, W., Understanding Molecular Simulation. Elsevier: 
Bodmin, Cornwall, 1997. 
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Missing zero-point vibrational energy
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Quasi-classical MD recovers ZPVE



dr
-d
ra
l.c
om

17

:* ;,< ==
"+$

,( 1
>ℏ exp − 1

ℏC"
C"!3"! + :"! 3" = D"

$/!E" , :" = D"
'$/!2"

The picture can't be displayed.

MD17 – MD at 500 K
WS22 – Wigner sampling

Figures: M. Pinheiro Jr, S. Zhang, P. O. Dral, M. Barbatti. Sci. Data 2023, 10, 95.

Normal mode sampling from the Wigner distribution
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19Y.-F. Hou, L. Zhang, Q. Zhang, F. Ge, P. O. Dral. Submitted.
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Nuclear quantum effects are not taken into account in MD!

Methods like PIMD are required
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Transitions between electronic states also often have to be 
taken into account, particularly, when simulating 

photophysical and photochemical processes
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Surface Hopping

J. C. Tully, J. Chem. Phys. 1990, 93, 1061
R. Crespo-Otero and M. Barbatti, Chem. Rev. 2018, 118, 7026
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How can we accelerate MD with ML?
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MD

propagator

forces
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Can we do better?
7

7 ML dynamics

dynamics

dynamics propagation is

• Iterative (non-parallelizable)
• Depends on time step
• Discrete 

)% = * )&, ,&, (
Directly learning dynamics
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AI-QD (artificial intelligence-based quantum dynamics)

7-sites Fenna–Matthews–Olson (FMO) complex

! time = '[time; simulation parameters]

A. Ullah, P. O. Dral. Predicting the future of excitation energy transfer in light-harvesting 
complex with artificial intelligence-based quantum dynamics. Nat. Commun. 2022, 13, 
1930
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Direct learning of molecular dynamics

or

Meet 4D spacetime atomistic artificial 

intelligence (4D-A2I) models

F. Ge, L. Zhang, Y.-F. Hou, Y. Chen, A. Ullah, P. O. Dral. J. Phys. Chem. Lett. 2023, 14, 7732
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3D vs 4D

'! = ) '", *", + ,#$,! =
-.#$,!
-+ /#$,! =

-,#$,!
-+ 0#$,! = 1#/#$,!

2pot = ) 3
0#$ = − 562pot 6.#$

F. Ge, L. Zhang, Y.-F. Hou, Y. Chen, A. Ullah, P. O. Dral. J. Phys. Chem. Lett. 2023, 14, 7732
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Very slow

Very fast, e.g., 1 ps trajectory (time 
step 0.05 fs) within 1 minute

F. Ge, L. Zhang, Y.-F. Hou, Y. Chen, A. Ullah, P. O. Dral. J. Phys. Chem. Lett. 2023, 14, 7732

The direct learning of molecular dynamics with 4D-spacetime GICnet models

Fuchun Ge
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Direct learning of molecular dynamics
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Can we do even better?

dynamics propagation is

• computationally expensive

• recursive (iterative)

! 3 = '[!(3 − 63)]

! 3 = '[3; other parameters]

8

8 ML dynamics

! 3! !"#
$ = '[other parameters]

dynamics
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One-Shot Trajectory Learning (OSTL)

A. Ullah, P. O. Dral. J. Phys. Chem. Lett. 2022, 6037

• 10 ps long dynamics in just 70 ms
• good for massive simulation in parameter space

! 3! !"#
$ = '[other parameters]


