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Forcefield = Hamiltonian

© Materials Design, Inc. 2023

Time-Dependent Schrödinger Equation
The Hamiltonian is an operator describing the total energy of a system.

𝐻 = 𝑇 + 𝑈

𝑇 =
1
2 (
!"#$%

𝑚𝑣&
Example forcefield 
(Hamiltonian) of a 
molecular model.

Typical forcefield parameters:
• Repulsion–dispersion  (𝜀, 𝜎)
• Energy coefficients for bonded terms 

(𝑘!, 𝑘", 𝑘#)
• Nominal bond lengths, bond angles, 

and dihedrals (𝑏$, 𝜃$, 𝜑$)
• Partial point charges (𝑞%)
• Particle masses (𝑚%)
• Pairwise cutoff distance (𝑟&'()
• Analytical tail corrections
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In the Beginning – Hard Spheres

MANIAC

• 224 particles
• 5 hours to determine       

P for given V
• Metropolis Monte Carlo
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Hard Sphere Molecular Dynamics

© Materials Design, Inc. 2023

Mercury delay-line 
memory of UNIVAC
• 32 particles
• 300 collisions per hour

N Collisions 
/ hour

32 7000

108 2000

256 1000

500 500

UNIVAC I
IBM-704

Collisions are 
determined 
algebraically
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Square-Well Potentials

© Materials Design, Inc. 2023
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Pairwise Continuous Potentials

© Materials Design, Inc. 2023

• Lennard-Jones Potential
• J. E. Lennard-Jones; Cohesion. Proc. Phys. Soc. 1931, 42, 461.

• Lennard-Jones Particle Simulations
• M. N. Rosenbluth, A. W. Rosenbluth; Further Results on Monte Carlo 

Equations of State. J. Chem. Phys. 1954, 22, 881–884

• W. W. Wood, F. R. Parker; Monte Carlo Equation of State of Molecules 
Interacting with the Lennard-Jones Potential. I. A Supercritical Isotherm at 
about Twice the Critical Temperature. J. Chem. Phys. 1957, 27, 720–733.

Lennard-Jones Potential

• Simulations of “Real” Materials

• Born-Mayer Repulsive Potential for Crystalline Copper
• J. B. Gibson, A. N. Goland, M. Milgram, G. H. Vineyard; 

Dynamics of Radiation Damage. Phys. Rev., 1960, 120, 
1229–1253.

• Lennard-Jones Potential for Liquid Argon
• A. Rahman; Correlations in the Motion of Atoms in Liquid 

Argon. Phys. Rev. 1964, 136, A405–A411.
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Electrostatics

© Materials Design, Inc. 2023

P. P. Ewald; Die Berechnung optischer und elektrostatischer 
Gitterpotentiale. Ann. Phys. 1921, 369, 253–287.

A. A. Barker; Monte Carlo Calculations of the Radial Distribution Functions 
for a Proton–Electron Plasma. Aust. J. Phys. 1965, 18, 119–113

S. G. Brush, H. L. Sahlin, E. Teller; Monte Carlo Study of a One-
Component Plasma. I. J. Chem. Phys. 1966, 45, 2102–2118.

Long-Range Solvers 𝑂 𝑁  – 𝑂 𝑁	log(𝑁)
• Particle–Particle Particle–Mesh (PPPM)
• Particle–Mesh Ewald (PME)
• Fast Fourier Poisson Method (FFP)
• Fast Multipole Algorithm (FMA)
• Reduced Cell Multipole Method (RCMM)
• Macroscopic Multipole Method (MMM)
• PPPM/Multipole Expansion (PPPM/MPE)

The Enemy: 𝑂 𝑁!

Truncation Methods 𝑂 𝑁
• Wolf Summation (discontinuous forces)
• Shifted Force Wolf Summation (poorer energy)
• Modified Shifted Force Wolf Summation

• J. Chem. Theory Comput. 2019, 15, 572–583.

A. Y. Toukmaji, J. A. Board; Ewald Summation Techniques in Perspective: 
A Survey. Computer Physics Communications 1996, 95, 73–92.

n-Body Simulations

Barnes–Hut Treecode
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Using Repulsion to Avoid Coulombic Catastrophe

© Materials Design, Inc. 2023

Buckingham Potential
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Responsive Electrostatics

© Materials Design, Inc. 2023

Methods
• Charge Equilibration
• Core–Shell
• Drude Oscillator
• Induced Dipole

Implementations
• Self-Consistent Equilibration 

• Matrix Inversion
• Iterative Procedures

• Extended Lagrangian

Damping
• Thole Damping
• Shielded Coulomb Potential

M. Klajmon, C. Červinka; 
Does Explicit Polarizability 
Improve Simulations of 
Phase Behavior of Ionic 
Liquids? J. Chem. Theory 
Comput. 2021, 17, 6225–
6239.

M. Schmollngruber, V. Lesch, C. 
Schröder, A. Heuerb, O. 
Steinhauser; Comparing Induced 
Point-Dipoles and Drude 
Oscillators. Phys. Chem. Chem. 
Phys., 2015, 17, 14297–14306.

T.-R. Shan, B. D. Devine, T. W. Kemper, S. B. Sinnott, S. R. Phillpot; Charge-
optimized many-body potential for the hafnium/hafnium oxide system. Phys. 
Rev. B, 2010, 81, 125328. 

G. Jacucci, I. R. McDonald, K. Singer; Introduction of the shell 
model of ionic polarizability into molecular dynamics calculations. 
Phys. Lett. A, 1974, 50, 141–143.

“At a certain level of sophistication it is reasonable to ask whether the 
models have the physical meaning which is implied or whether we have 
merely produced convenient parameterisations.” ~Sangster 1973

M. J. L. Sangster; Interionic Potentials and Force Constant Models for 
Rocksalt Structure Crystals. J. Phys. Chem. Solids, 1973, 34 355–363.
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Many-Body Potentials – EAM and MEAM

© Materials Design, Inc. 2023

M. S. Daw, M. I. Baskes; Semiempirical, Quantum 
Mechanical Calculation of Hydrogen Embrittlement in Metals. 
Phys. Rev. Lett., 1983, 50, 1285–1288.

M. S. Daw, M. I. Baskes; Embedded-Atom Method: 
Derivation and Application to Impurities, Surfaces, and Other 
Defects in Metals. Phys. Rev. B, 1984, 29, 6443–6453.

M. I. Baskes; Modified Embedded-Atom Potentials for Cubic 
Materials and Impurities. Phys. Rev. B, 1992, 46, 2727–2742.

M. I. Baskes, S. G. Srinivasan, S. M. Valone, and R. G. 
Hoagland; Multistate Modified Embedded Atom Method. 
Phys. Rev. B, 2007, 75, 094113.

𝐸' = 𝐹( (
)*'

𝜌+ 𝑟') +
1
2(
)*'

𝛷(+ 𝑟')

Embedding 
Energy Atomic Electron 

Density
Pair Potential

• Embedded-Atom Method (EAM)
• Considers local coordination effects in 

addition to pair potential expression.

• Modified EAM (MEAM)
• Accounts for angular dependence on 

electron density.

• Multistate MEAM (MS-MEAM)
• Treats local defects or large strains by 

reference paths used to determine 
screening functions.

Trained on DFT Data

M. I. Baskes; 
Determination of 
Modified Embedded 
Atom Method 
Parameters for Nickel. 
1997, 50, 152–158.
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Many Many-Body Potentials

© Materials Design, Inc. 2023

Stillinger–Weber

F. H. Stillinger, T. A. Weber; Computer Simulation of Local Order in Condensed Phases of Silicon. Phys. Rev. B, 1985, 31, 5262–5271.
Tersoff

J. Tersoff; New Empirical Approach for the Structure and Energy of Covalent 
Systems. Phys. Rev. B, 1988, 37, 6991–7000.

Goal:
Sensitivity to the local 

coordination environment

• 1st Generation Reactive Empirical Bond Order (REBO)
• 2nd Generation REBO
• Adaptive Intermolecular REBO (AIREBO)
• Embedded Ion Method (EIM)
• Environment-Dependent Interatomic Potential (EDIP)
• Angular-Dependent Potential (ADP)
• Bond-Order Potentials (BOP)
• 3-Body Free-Form Potential (Polymorphic)
• Vashishta Family of Potentials
• Charge-Optimized Many-Body Potential (COMB)
• ReaxFF
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Class I Forcefields

© Materials Design, Inc. 2023

W. L. Jorgensen, D. S. Maxwell, J. Tirado-Rives; Development and Testing of the 
OPLS All-Atom Force Field on Conformational Energetics and Properties of 
Organic Liquids. J. Am. Chem. Soc., 1996, 188, 11225–11236.

𝜎') = 𝜎''𝜎))
𝜖') = 𝜖''𝜖))

𝐸 = #
!"#,%

𝐾! 1.0 + cos 𝑛!𝜑 − 𝑑!

Generalized Sum of 
Sinusoidal Torsion Terms

Consumer Products / 
Aqueous SimulationsComputer-Aided Drug Design

OPLS / CHARMM / AMBER / TraPPE / GROMOS
OPLS-AA

In the 1980s and 1990s, large amounts of 
effort went into empirically parameterizing 
forcefields that cover a large chemical 
space for condensed phase systems.
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Class II Forcefields

© Materials Design, Inc. 2023

J. R. Maple et al.; Derivation of Class II Force Fields. I. Methodology 
and Quantum Force Field for the Alkyl Functional Group and Alkane 
Molecules. J. Comput. Chem., 1994, 15, 162–182.

• Accounts for anharmonic and 
intramolecular coupling 
interactions.

• Conventionally uses 9-6 LJ form 
instead of the 12-6 form.

• Sixth-power mixing rules:

• Attempting to use existing 12-6 LJ 
parameters in the 9-6 LJ form is 
not recommended.

COMPASS / PCFF+

PCFF+ is continuously 
developed by Materials Design.
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Challenges of Atom Typing
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• Defined by intramolecular structure

• Repulsion–dispersion interactions rely upon standard mixing 
rules or explicit IJ parameterization.

• Partial charges are static, but the electrostatic potential is 
dependent on the local chemical environment.

• Charge equilibration or polarization methods attempt 
to address this but add another layer of parameters 
and significantly increase computational expense.

• Complexity of specification

• Alternative parameter assignment formalisms have been 
developed to limit complexity of parameter specification.

• D.L. Mobley et al., Escaping Atom Types in Force Fields 
Using Direct Chemical Perception. 2018, 14, 6076–6092.

I. Djordjević, S.R. Niketić, Comp. Theor. Chem., 2012, 1001, 20–25.
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Assigning FF Parameters is Easy … With MedeA!

© Materials Design, Inc. 2023

Penicillin G

12
33

5

14
3

21
19
63
1
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MedeA Automatically Generates LAMMPS-Style Input Files

© Materials Design, Inc. 2023

Data File Parameter File Input File

All files are in plaintext and 
readable. Full transparency.
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Customizing MedeA FRC Files

© Materials Design, Inc. 2023

type oh
   ! oxygen bonded to hydrogen
   template: (>O(-H)(-*))
end_type

type: oc
   !  SP3 oxygen  in ether or acetals
   template (>O(-C)(-C))
   atom_test:1
    aromaticity:NON_AROMATIC
   end_test
end_type

type: oe
   !  SP3 oxygen  in ester 
   template (>O(-C(=O))(-C))
   atom_test:1
    aromaticity:NON_AROMATIC
   end_test
end_type

Examples of Oxygen 
Atom Typing via Templates

The FRC file 
format is well 
documented!
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Challenges of Atom Typing

© Materials Design, Inc. 2023

• Defined by intramolecular structure

• Repulsion–dispersion interactions rely upon standard mixing 
rules or explicit IJ parameterization.

• Partial charges are static, but the electrostatic potential is 
dependent on the local chemical environment.

• Charge equilibration or polarization methods attempt 
to address this but add another layer of parameters 
and significantly increase computational expense.

• Complexity of specification

• Alternative parameter assignment formalisms have been 
developed to limit complexity of parameter specification.

• D.L. Mobley et al., Escaping Atom Types in Force Fields 
Using Direct Chemical Perception. 2018, 14, 6076–6092.

I. Djordjević, S.R. Niketić, Comp. Theor. Chem., 2012, 1001, 20–25.

• Reactions require atom type changes

• Reactions can be facilitated by mapping atom types 
and bonding topology between reactant and 
product templates.

• J.R. Gissinger, B.D. Jensen, K.E. Wise; Modeling Chemical 
Reactions in Classical Molecular Dynamics Simulations. 
Polymer, 2017, 128, 211–217.

• J.R. Gissinger, B.D. Jensen, K.E. Wise; REACTER: A 
Heuristic Method for Reactive Molecular Dynamics. 
Macromolecules, 2020, 53, 9953–9961.
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ReaxFF

© Materials Design, Inc. 2023

• Charge Equilibration
• Bond Order Term
• Bonded 1-2, 1-3, 1-4 Interactions

• No Fixed Connectivity

Senftle et al.; The ReaxFF Reactive Force-Field: Development, 
Applications and Future Directions. Npj Comput. Mater. 2016, 2, 15011.

2001

2003

2005+

Adri Van Duin
• 39 General Parameters
• 32 Atom Parameters
• 16 Bond Parameters

• 6 Off-Diagonal Parameters
• 7 Angle Parameters
• 7 Torsion Parameters
• 4 H-Bond Parameters

100+ Parameters (some not used)
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Machine-Learned Potentials

© Materials Design, Inc. 2023

A rose by any other name …
• Machine learning potential (MLP)
• Machine learning interatomic potential (MLIP / ML-IAP)
• Machine learning forcefield (MLFF)
Potentials available in LAMMPS
• Gaussian Approximation Potential (GAP)
• Spectral Neighbor Analysis Potential (SNAP)
• High-Dimensional Neural Network Potential (HDNNP)

https://www.algotive.ai/blog/machine-learning-what-is-ml-and-how-does-it-work

https://www.osti.gov/servlets/purl/1639258
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Training Machine-Learned Potentials

© Materials Design, Inc. 2023

First-Principles Hybrid

Use QM to generate 
energies and forces for 
varied coordination 
environments.

Use machine learning to 
construct the potential that 
reproduces the QM 
energies and forces. 

Does the MLP provide 
structure and dynamics 
that match QM results?

Y

Done

N

Empiricism

Randomly initialize or use 
optimization techniques to 
construct an MLP. 

Use new MLP or 
surrogate model to 
simulate properties of the 
desired system(s).

Do the structure and 
dynamics match 
experimental objectives?

Y

Done

N

QM does not 
always agree with 
experiment.

Experimental data 
sometimes is 
missing.

Interatomic forces 
and energies are 
difficult to 
determine with 
experiment.
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Generating Training Data for MLPs using MedeA VASP

© Materials Design, Inc. 2023

1. Use “sloppy” trajectories to 
quickly generate both low-
energy and high-energy 
configurations.

2. Run higher quality single-point 
energy (SPE) calculations for 
configurations that are not too 
correlated.

3. Combine all SPE results into a 
Fitting Training Sets (FTS) file.
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Training MLPs is Easy With MedeA MLPG!

© Materials Design, Inc. 2023

Potentials Currently Available for Training:
• Spectral Neighbor Analysis Potential (SNAP)
• High-Dimensional Neural Network Potential (HDNNP)
• Atomic Cluster Expansion (ACE)
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Pros and Cons of Machine-Learned Potentials

© Materials Design, Inc. 2023

Pros
• Elemental description; no atom types
• Short-ranged potentials; typically no charges
• No fixed bonds; reactivity allowed
• A potential can model multiple oxidation states
• Near-DFT accuracy but can simulate 10,000+ atom systems

Cons
• Difficult, if not impossible, to physically interpret
• Poor extrapolation beyond training conditions
• Lack of transferability and “mixing rules”

Unclear how much training data is initially needed.
Iterative process that requires adding “missing structures” as needed.
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Microprocessor Trends Influence Forcefield Development

© Materials Design, Inc. 2023

https://github.com/karlrupp/microprocessor-trend-data

• 2004 marks the transition from 
frequency scaling to parallel 
computing.

• Single-thread performance keeps 
slightly improving through:

• Techniques granting more 
instructions per clock cycle.

• Clever power management
• Dynamic clock frequency

• Currently, processors are being 
shipped with 128/256 
physical/logical cores.
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Computing Costs – Memory and Storage

© Materials Design, Inc. 2023

Mercury delay-line 
memory of UNIVAC
1000 words – 12 
characters per word 
(1951)

(1996) OPLS-AA 
32 MB Memory
Dell Dimension
PentiumPro 200MHz

(1964) Rahman 
Liquid Argon
1.5 MB Memory
CDC 3600

$100

$32

$5–8k

IBM 350 Disk Drive
3.75 MB (1956)
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Relevant MedeA Modules

© Materials Design, Inc. 2023

MedeA Environment: Materials Modelling and Simulation Environment

MedeA EAM: A forcefield based simulations provide computationally efficient descriptions of the structural, mechanical, 
and dynamical properties of metallic systems.

MedeA ReaxFF: A well-established formalism of variable charge, reactive forcefield widely used in forcefield based 
simulations by the computational materials scientists in both academic and industrial communities.

MedeA Forcefield Optimizer (FFO): Determines optimum forcefield parameters for energy minimization (EM), molecular 
dynamics (MD), and Monte Carlo (MC) simulations.

MedeA MLP: Machine Learning Potential (MLP) based simulations using MedeA LAMMPS carry the accuracy known from 
first principles calculations to length and time scales, which are orders of magnitude larger, at much lower computational 
cost. A number of example MLPs from the literature are provided with MedeA MLP. In addition, MLPs created by 
the MedeA MLP Generator (MLPG) can be used.

MedeA MLPG: The Machine Learning Potential Generator (MLPG) forms the centerpiece of Machine Learning materials 
research by transferring the high accuracy of first principles calculations to the realm of very efficient forcefield simulations. 
The MLPG builds on training sets consisting of energies, forces, and stresses calculated from first principles for a variety of 
systems and uses machine learning techniques to create from these training sets parametrized descriptions of the 
energy/forces/stresses hypersurface. Machine learning potentials generated by the MLPG are ready for immediate use 
with MedeA MLP.

MedeA VASP: The Vienna Ab initio Simulation Package (VASP) is the leading electronic structure program for solids, 
surfaces, and interfaces. VASP is an extremely well tested, robust, and proven program for calculations based on local and 
semi-local density functional theory (DFT) applying plane wave basis sets. In addition, VASP provides advanced methods 
beyond DFT to calculate electronic structure and response, as well as energies of very high accuracy.
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Related MedeA Webinars
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Machine-Learned Potentials: Surpassing the Limits of the ab initio World without leaving it behind:
https://www.materialsdesign.com/webinars/recorded/mlp-surpassing-the-limits-of-ab-initio 

On-the-fly Machine Learning Forcefields with MedeA VASP:
https://www.materialsdesign.com/webinars/recorded/MedeA-Training-On-the-fly-Machine-Learning-Forcefields-with-MedeA-VASP 

Δ-Machine Learning Beyond DFT: from Phase Transitions to Quantum Paraelectricity and CO Adsorption:
https://www.materialsdesign.com/webinars/recorded/Delta-Machine-Learning-Beyond-DFT%3A-from-Phase-Transitions-to-Quantum-
Paraelectricity-and-CO-Adsorption 

Training: Generating and Applying Machine-Learned Potentials with MedeA:
https://www.materialsdesign.com/webinars/recorded/UGMtraining-Generating-and-Applying-Machine-Learned-Potentials-with-MedeA 

Atomistic Simulations with High-Dimensional Neural Network Potentials:
https://www.materialsdesign.com/webinars/recorded/Atomistic-Simulations-with-High-Dimensional-Neural-Network-Potentials  

Atomistic-scale simulations of realistic, complex, reactive materials: the ReaxFF reactive force field and its 
industrial and academic applications:
https://www.materialsdesign.com/webinars/recorded/ReaxFF-reactive-force-field 

https://www.materialsdesign.com/webinars/recorded/mlp-surpassing-the-limits-of-ab-initio
https://www.materialsdesign.com/webinars/recorded/MedeA-Training-On-the-fly-Machine-Learning-Forcefields-with-MedeA-VASP
https://www.materialsdesign.com/webinars/recorded/Delta-Machine-Learning-Beyond-DFT%3A-from-Phase-Transitions-to-Quantum-Paraelectricity-and-CO-Adsorption
https://www.materialsdesign.com/webinars/recorded/Delta-Machine-Learning-Beyond-DFT%3A-from-Phase-Transitions-to-Quantum-Paraelectricity-and-CO-Adsorption
https://www.materialsdesign.com/webinars/recorded/UGMtraining-Generating-and-Applying-Machine-Learned-Potentials-with-MedeA
https://www.materialsdesign.com/webinars/recorded/Atomistic-Simulations-with-High-Dimensional-Neural-Network-Potentials
https://www.materialsdesign.com/webinars/recorded/ReaxFF-reactive-force-field
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The Price of Power

© Materials Design, Inc. 2023

𝑃 = 𝐶 ∗ 𝑉& ∗ 𝐹
𝑃 = Power consumption
𝐶 = Capacitance switched per clock cycle
𝑉 = Voltage
𝐹 = Frequency (cycles per second)

Since 1960, the real price of 
electricity has dropped by ~40%. 
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Watts per Million Instructions per Second
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What About Quantum Computing?
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• More applicable to QM calculations; classical computing 
better for classical potentials.

• QM calculations could eventually be accelerated by 
quantum computing.

• Accelerates the development or on-the-fly 
refinement of machine-learned potentials.

“Today’s quantum computers are generally in the range of 5-100 qubits, whereas 
solving Shor’s algorithm or simulating a useful molecule will require thousands to 
millions of qubits. Another major issue is fidelity. Due to the sensitive and analog 
nature of quantum computers, they are inherently error-prone, and errors in each 
logical operation accumulate through the duration of a quantum circuit. The error 
rates of today’s quantum computers limit them to running only a few logical 
operations with consistency before accumulated errors lead to a random result. 
This is impractical as applications with known algorithmic speedups require 
thousands to millions of operations to be run.”

https://resources.nvidia.com/en-us-hpc-ebooks/hpc-for-the-age-of-ai?xs=409135 D.A. Fedorov et al. Ab initio Molecular 
Dynamics on Quantum Computers. J. 
Chem. Phys. 2021, 154, 164103.

Hydrogen

This potential energy shift 
in the two-qubit system is 
easily explained by the 
hardware noise from four 
CNOT gates, which are 
not present in the one-
qubit system; each of the 
CNOT gates has an error 
rate on the order of 1%.


