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Quantum mechanics

Physicists understand the mathematics but not the world.

Niels Bohr



Accuracy vs. Efficiency in biomolecular simulation

• Molecular mechanics is fast but 
accuracy-limited

• Quantum mechanics is accurate but 
time-consuming



AI can make a difference

• AI driven protein structure 
prediction and design won Nobel 
Prize in Chemistry 2024.

• AlphaFold has predicted 214 
million protein structures across 
more than 1 million species, 
covering nearly all known 
proteins.

• AI-driven protein 
structure prediction 
accelerates drug 
discovery and enzyme 
engineering design.



From static to dynamic:  AI driven MD simulation






Key factors

AccuracyEfficiencyGeneralizability

• Generalized to different 
conformations of the 
same biomolecule

• Generalized to different 
biomolecules in the 
same kind

• Generalized to different 
kinds of biomolecules

• MM has limited 
accuracy

• QM has ab initio 
accuracy

• AI driven method’s 
accuracy approaches to 
ab initio (chemical 
accuracy)

• MM is fast and supports 
μs to ms simulations

• QM’s time complexity is 
O(N3) to O(N7), cannot 
support biomolecular 
simulations 

• AI driven method’s 
accuracy approaches to 
ab initio, supports ns to 
μs simulations  



• Parametrization of classical molecular force fields via machine learning

• End-to-end training machine learning force fields

• Universal MLFF for diverse biomolecular systems

AI-driven MD simulations based on MLFF



• Goal: predict the coefficients in classical potential energy functions by machine learning model

• Input: molecular graph (atom and bond)

• Output:  coefficients of potential energy functions

• Pros: 

• Learn continuous, environment-sensitive parameters, avoid predefined atom types or bond stiffness

• Enhance precision over classical MD while keeping transferability

• Run as fast classical MD simulations

• Cons:

• Fixed analytical forms in classical energy functions

• Limited accuracy improvements

• Methods: GAFF-2.2, OpenFF-2.0, Espaloma-0.3, ByteFF, Grappa

Parametrization of classical molecular force fields via ML



End-to-end training machine learning force fields

• Goal: directly predict the molecular energies, atomic forces (and other properties)

• Input: atomic coordinates and atomic number

• Output:  potential energy, forces, other properties (dipoles, partial charges and so on)

• Pros: 

• End-to-end training and direct predictions

• No limitation on analytical forms

• Near ab initio accuracy

• Relatively fast simulation speed on GPU

• Cons:

• Poor generalization to different kinds of biomolecules

• Highly rely on the quality of training dataset (out-of-distribution risk)

• Methods:  ViSNet, MACE, SO3Krate, Allegro, Equiformer v2, GemNet



ViSNet

• Inspired by classic MD, depict 2-, 3-, 
4-body interactions as model 
operations by Runtime Geometry 
Calculation (RGC) with linear time 
complexity

• Modeling extra interactions by stacking vector-scalar 
interactive message passing (ViS-MP) layers

Output: molecular energy 
and atomic forces

Molecule 
as a graph
Atoms as 
nodes
Input:
Coordinate
s of atoms

Transfer classic MD energy terms into model operations to design MLFF



Runtime Geometry Calculation

Direction unit: the summarization of all directional information of 1st order neighbors 

Direction unit acts as the vectorized representation of node 𝑖𝑖

Three-body interaction calculation with linear time complexity

Inner product of direction unit represents the summarization of cosine values of all 3-body 
interactions between the central node and its 1st order neighbors

Node 𝑖𝑖 is the intersection of angles
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Runtime Geometry Calculation

• Four-body interaction calculation with linear time complexity 
4-body interaction is derived from inner product of projections of direction units 𝑣⃗𝑣𝑖𝑖  and 𝑣⃗𝑣𝑗𝑗
Edge 𝑒𝑒𝑖𝑖𝑖𝑖 is the intersection of all dihedrals, 𝑓𝑓𝑖𝑖𝑖𝑖 is the hidden of 𝑒𝑒𝑖𝑖𝑖𝑖 
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Vector-Scalar Interactive Message Passing

 Scalar to Vector:
Use scalar message 𝑚𝑚𝑖𝑖 and vector message 𝑚𝑚𝑖𝑖 to update vector representation, direction unit 𝑣⃗𝑣𝑖𝑖  



Vector-Scalar Interactive Message Passing

 Vector to Scalar:
Use vector representation, direction unit 𝑣⃗𝑣𝑖𝑖 and runtime geometric information to update scalar node 
representation ℎ𝑖𝑖  and edge representation 𝑓𝑓𝑖𝑖𝑖𝑖

All 3-body information is updated 
to the representation of the 
intersection node hi

All 4-body information is updated to the 
representation of intersection edge fij



ViSNet model

Accurate energy prediction for different conformations of 
proteins than MM and other MLFFs

SoTA performance for energy & force predictions on 
MD17, MD22, QM9, Molecule 3D datasets

Performance evaluation



ViSNet code overview

 Datasets

 Models

 Modules

 Scripts

 Arguments
ViSNet Workflow



ViSNet Datasets -- Use chignolin as example

• Data collecting and Cleaning: Unify atom 
counts and tensor shapes.

• Standardize units and subtract self-
energies to simplify learning.

• Convert NumPy arrays into PyTorch 
Geometric (GNN) tensors.

• Multi-Dataset Integration

• Data Splitting

• Data Standardization

• Automated DataLoader

Chignolin.p
y Data.py



ViSNet Models & Modules

model.py
• Create model and output network

• Equivariant Prediction: Handles 

forward passes 

• Automatic Differentiation: 

Implements the energy-to-force 

derivative calculation via PyTorch 

autograd.



ViSNet Models & Modules

visnet_block.py -- ViSNetBlock

• Input Encoding: Convert atomic numbers 

(Z) into high-dimensional embeddings and 

expand interatomic distances via RBF 

(Radial Basis Functions) into rich geometric 

features.

• Spatial Awareness: Use the Sphere 

module to process atomic direction vectors, 

enabling the model to perceive molecular 

rotation and orientation in 3D space.

• Iterative Update: Stack multiple ViS_MP 

layers to continuously refine and update 

atomic state information.



ViSNet Models & Modules

visnet_block.py -- Vis_MP

• Dual-Channel (Scalar-Vector): It propagates both atomic 

energy features (scalar x) and directional/moment features 

(vector vec) simultaneously.

• Vector Rejection: The vector_rejection function 

decomposes 3D vectors into parallel and perpendicular 

components relative to atomic bonds, ensuring high physical 

precision for rotational invariance and equivariance.

• Attention Mechanism: Multi-head Attention is 

incorporated to let the model automatically learn which 

atomic interactions contribute most to the total energy.



ViSNet Models & Modules

output_modules.py

• Task-Specific Heads: Implements specialized modules to 

predict diverse physical properties like Total Energy, Dipole 

Moments, and Spatial Extent.

• Equivariant Gating: Utilizes GatedEquivariantBlock to 

maintain physical consistency and rotational equivariance for 

tensorial properties.

• Physical Constraints: Incorporates chemical knowledge, 

such as center-of-mass (COM) calculations and atomic masses, 

into the neural network's logic.

• Hierarchical Reduction: Decouples per-atom feature 

mapping (pre_reduce) from global molecular property 

derivation (post_reduce).



ViSNet Models & Modules

modules.py

• PyTorch Lightning Wrapper: Automates the training, validation, 

and testing loops for the ViSNet model.

• Multi-Objective Optimization: Jointly optimizes Energy and 

Force predictions with configurable weights and exponential 

moving averages (EMA) for loss smoothing.

• Advanced Scheduling: Implements learning rate warmup and 

plateau-based reduction to ensure stable convergence.

• Metrics Logging & Inference: Tracks training statistics (Loss, 

LR) and aggregates prediction results for post-training physical 

analysis.



ViSNet scripts -- train.py

Get arguments

Load checkpoint*

Data preparation



ViSNet scripts -- train.py
Train

Inference

Train Task Command:

Inference Task Command:

Output is saved in metrics.csv.bak:



ViSNet arguments

Training Settings:
• Total epochs for training
• Learning rate
• minimum allowed learning 

rates
• The training weight of 

energy & force in loss 
function

Model Settings:
• The size of the hidden 

vector representing 
each atom

• The number of ViS_MP 
(Message Passing) 
blocks stacked together

• Number of attention 
heads used in the 
message-passing layers

• The maximum distance 
(in Å) for atoms to be 
considered "neighbors"

• The maximum degree 
of spherical harmonics 
for geometric vector 
representation

• Perform train or 
inference task

Dataset Settings:
• The number of graphs 

processed in a single 
training step

• Fraction of train, 
validation and test set

• Number of CPU cores 
used for parallel data 
loading.



Generalization challenge in AI powered MD

Chignoli
n

Trp-cage WWa b c

Step=0

Step=50

Step=100

Step=0

Step=50

Step=100

Step=0

Step=50

Step=53

MLFF lacks generalization to other 
proteins and leads simulation collapse

To train MLFF for various proteins, data 
generation at DFT level is prohibitive



Universal MLFF for diverse biomolecular systems

• Goal: generalizable to different biomolecular MD simulations 

• Input: atomic coordinates and atomic number

• Output:  potential energy and forces (fragment level and global level)

• Pros: 

• Generalizable fragmentation to different biomolecules

• Near ab initio accuracy

• Simulation for different molecules without retraining 

• Cons:

• Relatively slow simulation speed due to fragmentation 

• Complicated fragmentation approach

• Methods:  AI2BMD, GEMS



AI2BMD

The overall flowchart of AI2BMD



Generalizable protein fragmentation

Fragmentation 
process

extra interactions among 
nonoverlapped protein 
units

extra interactions 
with solvent and 
ions

Calculation 
by MLFF

Calculation 
by Amoeba

Combination
process



Ab initio dataset: Protein Unit Dataset (PUD)

5° scanning for 
dihedral rotation

Geometry optimization 
with constraints

Quantum MD simulation
Structures at DFT level for 
each dipeptide

21 M samples at DFT level at the cost of ~1,600 CPU core years



AI2BMD simulation program

• Tunable CPU / GPU 
device strategy (90X 
acceleration)

• Asynchronous 
client/server paradigm 
(90X acceleration)

• Cloud-oriented 
computing (20X 
acceleration)

> 200 X simulation speed acceleration compared to a basic implementation



AI2BMD: accuracy

Each protein has 200 conformations: 50 folded 
structures, 50 unfolded structures and 100 
intermediate structures.
Metric: mean absolute errors (MAE) of potential 
energy (per atom) and atomic force
Reference: DFT calculation (M06-2X, 6-31g*)
Comparison: Amber FF19SB



AI2BMD: efficiency

• 6 orders less time consumption compared to 
DFT

• 2.6 seconds (AI2BMD) vs. 254 days (DFT 
estimation) for a large protein (>13K atoms)

Comparison with other MD simulation program

Protein
Atom 

number of 
protein

Atom 
number of 

system

AI2BMD       
(s) 

DPMD          
(s)

Allegro         
(s)

Chignolin 175 4,715 0.047 0.040 0.238
Trp-cage 281 6,067 0.052 0.055 0.322
WW domain 571 10,678 0.070 0.095 0.626
ABD 746 11,793 0.085 0.106 0.712
PACSIN 3 1,040 17,923 0.106 0.162 -
SSO0941 2,450 44,401 0.213 0.414 -
APC 5,292 54,999 0.449 0.580 -
Polyphosphate 
Kinase

11,404 97,657 0.966 - -



AI-based simulation applications

J coupling

An indirect interaction between 
two nuclear spins that arises 
from hyperfine interactions 
between the nuclei and local 
electrons

Hydrogen bond energy

Formed between 
water and the main 
chain oxygen

Formed between 
water and the side 
chain oxygen



AI-based simulation applications

Protein folding (Chignolin 10ns (10 million simulation steps) simulation in 
explicit solvent)



AI-based simulation applications

CI2

Folded Unfolded FoldedUnfolded

sampling

Barnase

AI2BMD potential 

Calculation pipeline

Heat capacity upon protein unfolding



AI-based simulation applications

Inhibitors against SARS-CoV-2

• Predict whether a drug candidate bind to and act as the inhibitor against Mpro of SARS-CoV-2
• 1,105 teams around the world took part in the competition

Drug repurposing in the First Global AI Drug Development Competition

ViSNet



AI2BMD code overview

 Fragmentation

 Calculators

 Model

 Simulation

 Geometry Optimization



AI2BMD Fragmentation

basefrag.py
• Protein Fragmentation: Deconstructs 

large protein chains into Dipeptides and 
ACE-NMEs units

• Overlapping Strategy: Ensures physical 
connectivity by sharing key backbone 
atoms (CA, C, N) across adjacent 
fragments.

• Index Mapping: Efficiently maps global 
atom indices from the original ASE.Atoms 
object to specific sub-structures.

• Topological Maintenance: Correctly 
inserts sidechain atoms into the backbone 
sequence to preserve the chemical identity 
of each residue.



AI2BMD Calculators



AI2BMD Calculators

fragment.py
• Universal Orchestrator: 

Integrates multiple 
computational backends, 
including deep learning-
based bonded calculators 
and classical MM/PME non-
bonded calculators.

• Hybrid Energy Scoring: 
Combines local quantum-
level accuracy (via fragments) 
with long-range classical 
electrostatics.

• Result Consolidation: 
Combine energy and force 
contributions from 
overlapping dipeptide 
fragments back into a global 
molecular state.

combiner.py
• Fragmentation 

Correction: Implements 
an inclusion-exclusion 
principle (Edipeptide - Ecap) to 
correct for overlapping 
regions created during 
protein fragmentation.

• Force Remapping: 
Projects localized forces 
from multiple sub-
fragments back onto the 
global coordinates of the 
original protein using 
scatter operations.

• Physics Integration: 
Combine Bonded (DL-
based) and Non-bonded 
(MM-based) contributions. 



AI2BMD Calculators

bonded.py
• Automated Workflow: 

Encapsulates the entire 
"fragment-calculate-
combine" cycle, making 
deep learning 
calculations seamless for 
the user.

• Result Integration: 
Transform per-fragment 
outputs into global 
protein energy and force 
tensors.

• Hardware Efficiency: 
Dynamically manages 
device assignments and 
work partitioning to 
maximize available 
computational resources.

nonbonded.py
• Classical Force Field 

Integration: Implements 
Lennard-Jones and Coulomb 
potentials to account for 
long-range van der Waals 
and electrostatic interactions.

• Adjacency-Based 
Selection: Calculates 
interactions only for valid 
non-bonded atom pairs 
defined by the protein's 
topology.

• Force Aggregation: 
Utilizes efficient scatter 
operations to sum individual 
pair-wise forces into a global 
force tensor for the entire 
protein system.



AI2BMD Calculators
visnet_calculator.py
• Model Wrapping: Encapsulates 

ViSNet with native PyTorch 
optimizations like CUDA streams for 
low-latency inference.

• Process-level Parallelism: 
Implements an AsyncModel proxy 
using subprocesses and Socket 
communication to bypass Python's GIL 
and maximize multi-GPU throughput.

• ASE Integration: Provides a 
standard ViSNetCalculator to make 
deep learning potentials compatible 
with the ASE ecosystem.

• Resource Management: Features a 
factory pattern (get_visnet_model) to 
manage model instances across 
different devices efficiently. tinker_async.py

Use tinker for solvent simulation 



AI2BMD Simulation

simulator.py
• Modular Architecture: 

The system uses a base 
class to handle both 
SolventSimulator and 
NoSolventSimulator .

• Divide-and-Conquer: 
Break large proteins into 
overlapping dipeptide 
fragments, transforming 
complex O(N3) 
calculations into efficient, 
parallel O(1) tasks.

• Hybrid Engines: 
Integrates ViSNet with 
Tinker9 through an 
asynchronous, multi-GPU 
processing strategy.

Simulation arguments

command:



AI2BMD Geometry Optimization
geometry_optimization.py
• Adaptive Optimization: Combines 

LBFGS for high-precision local 
convergence with a custom SGD-based 
"shake-and-push" mechanism to 
escape local minima.

• Parallel Acceleration: Fully supports 
the AI2BMD fragmentation scheme, 
distributing fragment calculations across 
multiple GPUs/CPUs.

• Stability Mechanisms: Implements 
dynamic step-size scaling and coordinate 
reconstruction to handle high-force 
regions safely.

• Post-Optimization Analysis: 
Integrated with ASE Vibrations to 
perform Hessian calculations and 
frequency analysis upon convergence.

Geometry optimization argumentscommand:



Ending

Life is nothing but an electron looking for a place to rest.

Albert SzentGyörgyi
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