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Structural Dynamics:smFRET

Harnessing tools from statistics and machine learning to perform data-driven discovery in 
nanoparticle and enzyme catalysts dynamics.

Catalysis Needs Data Science

Domain Science Challenge
The chemical transformation process is associated with dynamic structural re-

arrangements in the catalysts.

Characterizing structural dynamics is very challenging - Data sets are large and 

complex - a completely new approach for data mining is required. 

Data Science Approach

Novel methodologies based on deep 

learning and Bayesian modeling, 

which integrate:

• denoising

• clustering

• dynamic Markovian models 

Must enable descriptions and 

classifications of the complex 

spatiotemporal evolutions occurring 

under functionally relevant 

conditions.

Chemical Catalysis and Societal Benefit

Chemical conversions enabled by catalysis impact many areas including 

living systems, energy conversion, agriculture, environmental 

protection, etc.

Catalysts can consist of inorganic systems such as nanoparticles or 

organic systems such as enzymes.

Atomistic simulation is critical to understanding the underlying chemical 

processes affecting catalysts to facilitate the interpretation of experimental 

observations.   

Single-Molecule Fluorescence Resonance Energy Transfer

(smFRET) Spectroscopy

By attaching donor and acceptor dyes to two specific sites on a protein and

measuring the emitted photon intensities, one may estimate the donor-

acceptor distance as a time series, which then could provide thermodynamic

and kinetic information on protein structural dynamics.
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State 1 State 2 State 3

State 1 0.533 0.276 0.190

State 2 0.330 0.419 0.251

State 3 0.254 0.247 0.498

Hierarchical Hidden Markov Model (HMM):

0

Three-state Multivariate Non-Homogenous HMM

Multivariate-

Gaussian-HMM 

for acceptor 

and donor 

Structural Dynamics:Nanoparticle
Transmission Electron

Microscopy (TEM):

Cerium Oxide TEM images

are used to determine

atom column locations and

intensities versus time.

State 1 State 2

State 1 0.884 0.116

State 2 0.094 0.906

Transition Matrix

Noise Reduction via Deep Learning

Experimental Input Network Output

Aim: To reveal dynamic structures 

critical to understand catalysis from 

noisy electron-microscope images

Challenge: To denoise individual 

frames, preserving high temporal 

resolution

- Preliminary results show 

promising performance

- Future work: validate 

with large simulated 

dataset and with real data

Denoising via deep 

learning: 

(1) Simulate images,

(2) model noise, (3)

train neural network

to remove noise
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Nanoparticles
Computational software (PyXtal_FF): developing an automated framework

to generate machine learning interatomic potentials.

Large scale atomistic simulation: searching for the likely 3D structural

models based on experimental constraint from molecular dynamics (MD) and

global optimization.

Atomistic simulation

Machine learning 

Models

Training

Data

Feature

Engineering
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Enzyme
- Enhanced sampling MD: employing all-atom MD in conjunction with

enhanced sampling techniques to (1) predict FRET distributions for

candidate residue pairs to help design efficient smFRET experiments and (2)

interpret smFRET data (determine 3D structure of different FRET peaks).

- smFRET-MD data integration: employing smFRET experimental data to

correct MD data (e.g., using ensemble filtering through importance

sampling) for more accurate predictions of unmeasured FRET distributions.
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Reconstructing Structural Dynamics 

from Molecular Simulations

Summary and Future  Work
Nanoparticles

smFRET Raw Data

Time Evolution of 3-State Model

With correct noise model, significant noise reduction is 

possible revealing atomic spatial-temporal dynamics

Experiment

Model

HMM analysis shows promise to describe enzyme dynamics

HMM analysis shows promise to describe chemistry driven surface 

dynamics on nanoparticles

From these variables, 

we model dynamics 

using multivariate 

Hidden Markov Models; 

which provides 

information on the 

dynamics of the 

nanoparticle. 

Here we focus on 

surface structure 

dynamics.

Molecular dynamics coupled with machine learning plays an 

essential role to provide a fundamental understanding of how 

dynamic structural fluctuations in enzymes and nanoparticle 

control catalytic functionality

3 Models based on 

Gaussian approximation 

for acceptor and donor 

counts

• Over the next year we will further develop and increase the 

sophistication of the data science methods to provide quantitative 

description of complex atomic and molecular spatio-temporal dynamics. 

• You can learn more about our team at our website: 

https://alsdcgroup.wordpress.com/

• We invite you to collaborate with us.  Contact any of our team members 

or team lead Peter Crozier (crozier@asu.edu). 

• We thank the many students and postdocs who have made significant 

contributions to this project.

• Catalytic functionality is associated with complex 

atomic and molecular reconfigurations consisting 

of coordinated motion of atomic and molecular 

components of catalysts.

• Here we initiate the development of data science 

methodologies which enable information to be 

extracted from large experimental and theoretical 

datasets on nanoparticles and enzyme based 

systems.
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