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Computational techniques such as molecular dynamics (MD) simulations offer detailed
spatiotemporal insights into biomolecular systems, playing a critical role in uncovering mecha-
nisms and informing therapeutic design. However, a major limitation of MD is its high computa-
tional cost, which makes it challenging to study many biophysically relevant processes.

In this dissertation, I address this challenge by integrating artificial intelligence (AI) with
statistical physics to develop enhanced sampling methods that significantly accelerate MD sim-
ulations. These physics-driven, representation learning approaches enable efficient implemen-
tation of molecular dynamics in systems that would otherwise be computationally intractable.
Moving beyond traditional model systems, I demonstrate the practical utility of these methods in
drug discovery, particularly in characterizing the interactions between small molecules and RNA,

an emerging class of therapeutic targets.



Furthermore, such Al-driven approaches typically operate in data-sparse regimes and it
is essential to establish the robustness of the trained models before deploying them. For this
purpose, I design an algorithm to validate general-purpose Al models, particularly in the context
of MD.

Overall, this dissertation demonstrates how the principled integration of Al with physics-

based computational methods enables more efficient and insightful molecular simulations.



ARTIFICIAL INTELLIGENCE FOR ACCELERATING AND
UNDERSTANDING MOLECULAR SIMULATIONS

by

Shams Mehdi

Dissertation submitted to the Faculty of the Graduate School of the
University of Maryland, College Park in partial fulfillment
of the requirements for the degree of
Doctor of Philosophy
2025

Advisory Committee:
Professor Pratyush Tiwary, Chair/Advisor
Professor Jeffery B. Klauda
Professor Brian Pierce
Professor Silvina R. Matysiak
Dr. John Schneekloth



© Copyright by
Shams Mehdi
2025



Dedication

To my parents — Musa and Shelly, sister — Tisha

for your support, and sacrifice.

il



Acknowledgments

I thank my PhD advisor Professor Pratyush Tiwary for always being there academically,
professionally, and personally. For supporting me through tough times, creating a lab environ-
ment that felt like home, and opening doors I never imagined. His infectious energy gives me the
courage to be bold, and level of curiosity inspires me to push and always aim higher.

I thank Dr. Jay Schneekloth for welcoming me into his research group at the NIH and
allowing me to learn from exceptional experimentalists. I am grateful to Dr. Christopher Ful-
lenkamp, Dr. Shaifaly Parmar, and Dr. Mo Yang for their insights and discussions.

At UMD, I have been lucky to learn from some amazing Professors — Christopher Jarzyn-
ski, Sergei Sukharev, Wolfgang Losert, Maria Cameron, Michelle Girvan, Theodore Dayie, and
John Weeks. Special thanks to Professor Arpita Upadhyaya for organizing the iPoLS seminar
series in 2022, where I gave my first large audience talk on TERP. That seminar still stands out
as one of my favorite moments during my PhD.

I am thankful to Professors Jeffery Klauda, Silvina Matysiak, and Brian Pierce for serving
on my committee and offering great feedback during my defense.

I thank my academic mentors in the TiwaryLLab — Yihang Wang, Eric Beyerle, and es-
pecially Dedi Wang for guiding me along the way. I had the chance to work and publish with
awesome folks like Zachary Smith, Lukas Herron, Suemin Lee, Ruiyu Wang, and Connor Zou. I

also thank Luke, Akash, Venkata, Disha, Vanessa, Bodhi, Sun-Ting, Xinyu, Mariadelia, Richard,

il



and Da for the great conversations and fun times.

I thank my external research collaborators — Mrinal Shekhar, Shashank Pant, Monica
Fernandez-Quintero, and Nancy Pomarici.

I am grateful to Souad Nejjar, Stacey Bremerman, Aidan Binford, and especially Jessica
Crosby for all your administrative help behind the scenes.

I thank NCI-UMD Partnership for Integrative Cancer Research for supporting me with an
amazing fellowship during my PhD.

Lastly, I thank everyone in the Biophysics Program and IPST at UMD for the wonderful

experience I had during my PhD.

v



Table of Contents

Dedication

Acknowledgements

Table of Contents

List of Tables

List of Figures

List of Abbreviations

List of Publications

Chapter 1:  Introduction

1.1

1.2

1.3
1.4

Molecular Simulation of Rare Events . . . . . . . .. ... .. ... .......
1.1.1  Molecular Dynamics: Virtual Microscope . . . . . .. ... ... ....
1.1.2  Enhanced Sampling . . . . . .. .. ... ... ... .. . ...
Dimensionality Reduction for Enhanced Sampling . . . . . . .. ... ... ...
1.2.1 Automated CV Selection . . . . . . .. ... ... ... ... ......
1.2.2  Transfer Operator Approximation . . . . . . . . . .. .. ... .....
1.2.3 Information Bottleneck-Based Approaches . . . .. ... ... .....
1.2.4 Eigendecomposition Techniques . . . . . ... ... ... ... .....
1.2.5 Other Dimensionality Reduction Approaches . . . . . . ... ... ...
Trustworthy Al in Molecular Simulations . . . . . . ... ... ... .. ....
Dissertation Overview . . . . . . . . . . . L e e

Chapter 2: Al for Accelerating MD

2.1
2.2

2.3

Introduction . . . . . .. e
Methods . . . . . . . .
2.2.1 State predictive information bottleneck (SPIB) . . . . . . . .. ... ...
2.2.2 System setup and OP description . . . . . . ... .. .. .. .. .....
223 SPIBaugmented MD . . . . ... ... ...
2.2.4  Calculating entropy and other state functions from SPIB . . . . . . . ..
Results . . . . . . . . o e
2.3.1 Chiral transitions in (Aib)g . . . . . . . . ...
2.3.2 BA permeation through phospholipid bilayer . . . . .. .. .. ... ..

il

il

viii

iX

xi

Xii

[ G —

10
13
17
19
20
21



2.4 DISCUSSIONS . . . . . e e e e 45
2.5 Supplementary Information . . . . . ... ... L 46
Chapter 3:  Accelerated MD for RNA Therapeutics 57
3.1 Introduction . . . . . .. e e 57
3.2 Methods&Results . . . . . ... .. 60
3.2.1 Structure-informed Design Bf ulceransZTP riboswitch binders . . . . 60
3.2.2 Synthesis and af nity measurement of designed analogs . . . . . .. .. 62
3.2.3 Synthetic analogs activate ZTP riboswitchvitro . . . . . .. .. .. .. 65
3.2.4 Investigation of binding kinetics by surface plasmon resonance . . . . . . 67
3.2.5 Co-crystal structures of compouridsnd23 bound to theS. odontolytica
ZTPriboswitch . . . . . . . . . . 67
3.2.6 Insights into RNA-ligand interaction mechanisms using all-atom Molec-
ular Dynamics (MD) . . . . . . . . . .. e 69
3.2.7 Computational results distinguish between ligand classes . . . . . . . .. 75
3.3 DISCUSSIONS . . . . . o e e e 77
3.4 Supplementary Information . . . . . . ... L 81
Chapter 4: Al (TERP) for Understanding MD 91
4.1 Introduction . . . . . . .. e e e 91
4.2 Methods &Results . . . . . . . . .. e 96
4.2.1 Interpretation UnfaithfulnesBl) for surrogate model construction . . . . 96
4.2.2 Interpretation Entropys) for model selection . . . . . . ... ... ... 99
4.2.3 Free Energy | for optimal explanation . . . . .. ... ... ...... 100
4.2.4 Application to Al-augmented MD: VAMPnets . . . . . . ... ... ... 103
4.2.5 Dimensionality reduction (LDA) signi cantly improves neighborhood sim-
larity . . . e 106
4.2.6 Application to Image classi cation: Vision Transformers (ViTs) . . . .. 107
4.2.7 Data and model parameter randomization experiments show TERP ex-
planations are sensitive . . . . . . . .. ... e 109
4.2.8 Baseline benchmark against saliency map shows TERP explanations are
reliable . . . . . . . 110
4.2.9 Comparison with advanced methods demonstrate TERP explanations are
UNIQUE . . o . et e e e e e e e e e e e e e e e e e e 111
4.2.10 Application to Text classi cation: Attention-based Bidirectional Long
Short-Term Memory (Att-BLSTM) . . . . . . . . .. . ... ... ... 114
4.2.11 Application to Al-accelerated MD:SPIB. . . . .. ... ... ...... 116
4.3 DISCUSSIONS . . . . . o e 125
4.4 Supplementary Information . . . . . . ... L L e 126
Chapter 5:  Outlook 137
51 EmergingTrends . . . . . . . . . . e 137
5.1.1 Benchmark Applications . . . . .. ... .. ... .. ... ... 137
5.1.2 Model Interpretability & Explainability . . . . .. .. ... ....... 138
5.1.3 Constructing Physically MeaningfulRCs . . . . .. ... ... ..... 139

Vi



5.2

5.1.4 Exploiting Symmetry Through Machine Learning . . . . . . .. ... .. 139

Future Research Directions . . . . . . . . . . . . . . i 140
5.2.1 Protein Folding Mechanisms Through Al-Augmented Molecular Dynamics140
5.2.2 Dissociation Mechanisms of Imatinib from ABL1 kinase . . . .. .. .. 141

5.2.3 Deisgn Inherently Interpretable Variational Autoencoders . . . . . . . .. 142

Vil



2.1 SPIB hyperparameters

List of Tables

viii



List of Figures

1.1 Overview of enhanced sampling methods and their interactions with ML methods 3

1.2 Comparison between dimensionality reduction techniques . . . . . . ... .. .. 6
2.1 Accelerated MD vs. unbiased MDk . . . . . . .. ... oo 24
2.2 Schematic representation of the systems studied inthiswork . . . .. ... ... 25
2.3 Flowchart illustrates our protocol for SPIB-based enhanced sampling . . . . . .. 31
2.4 Chiraltransitionsin (Aik) . . . . . . . .. . .. 37
2.5 BA permeation through phospholipid bilayer . . . . . . ... ... ... .. ... 40
2.6 BApermeation mechanisms . .. .. ... .. ... .. ... 42
2.7 ldentifying thermodynamic property encodings in SPIB latentspace . . ... .. 44
2.8 timeseriesfor(Aib) . . . . . . . . e 47
2.9 Freeenergyalong( )spacefor(Aiby. .. ... ... ... ... ....... 49
2.10 Circle plot for the round 2, structural scheme based metadynamics trajectory of

(Aib)g system . . . . . e e e e 50
2.11 BA-DMPC systemresultssummary 1 . . .. .. .. ... ... ... ...... 52
2.12 BA-DMPC system results summary 2 . . . .. .. . .. .. .. .. ... ... 53
2.13 Relevance scores of differentOPs . . . . . . . . ... ... .. L. 54
2.14 Network architectureusedforSPIB . . . . . . .. .. .. ... ... ... ... 55
2.15 SPIBtraining SUMMary . . . . . . . o v vt it e et e e 56
3.1 Structural analysis of 1 bound to ZTP riboswitch and overview of the structure-

based design of synthetic binders of thellceransZTP riboswitch . . . . . . . . 61
3.2 Structure-Informed Synthetic Analogs of m-pyridinyl AICAandIKG . ... 64
3.3 Single-Round Transcription Termination Efciencies . . . . . ... ... .. .. 66
3.4 Co-crystal Structures of ZTP riboswitch in complex with synthetic analogs high-

light conserved bindingmode . . . . . . .. ... ... ... ... .. ..... 68
3.5 Overview of machine learning (SPIB) augmented MD framework . . . . . . .. 71
3.6 Change in structurdllg?* coordination during ligand dissociation . . . . . . . . 72
3.7 Synthetic derivatives exhibit different behavior in the bound conformation . . . . 73
3.8 MD simulations of RNA-ligand interactions . . . . .. ... ... ........ 74
3.9 MD-derived relativek,, for the transferredmodel . . . . . . ... ... ... .. 77
3.10 ZTPtimeseriesl . . . . . . . . e 81
3.11 ZTPHME SEreS 2 . . . . . o o e e e e e e e 82
3.12 ZTPtime SeriesS3 . . . . . o 82



3.13 ZTPtime serieS 4 . . . . . . . . e e e 83

3.14 Converged SPIB results for ZTP riboswitch after training . . . .. .. ... ... 84
3.15 Free energy pro les from aggregates of dissociation trajectories . . . . . . . . .. 85
3.16 RMSD during dissociationG?2* |, distance) for the computationally stud-

led ligands (residues 1-41) . . . . . . . . .. 86
3.17 RMSD during dissociationG?* |, distance) for the computationally stud-

ied ligands (residues 42-75) . . . . . . . . .. 87
3.18 End-to-endl§{ I,) distance for the computationally studied ligands during dis-

sociation MG?* Iydistance) . . . . . . . . ... 88
3.19 Distance between G71 backbone and G63 nucleobase during dissobia®ién (

|, distance) for the computationally studied ligands . . . . . ... .. ... ... 88
3.20 Distance between the coordinating oxygen atoms in the phosphate groups of U16,

andMG?* for the computationally studied ligands . . . . . .. ... ... ... 89
3.21 Distance between the coordinating oxygen atoms in the phosphate groups of C35,

andMG?* for the computationally studied ligands . . . . . ... ... ..... 89
3.22 MD-derived relativé,, for the transferred model trained compound 27 . . . 90
4.1 Model complexity is not a good descriptor for human interpretability . . . . . . . 96
4.2 lllustrative example highlighting properties of free energyunfaithfulnessJ’

and interpretationentrog . . . . . . ... ... 101
4.3 TERPalgorithm . . . . . . . . . e 103
4.4 Using TERP to explain VAMPnets for molecular dynamics simulations of alanine

dipeptide invacuum . . . . . . . . .. e e e e 104
4.5 Using TERP to explain and check the reliability of a ViT trained on CelebA dataset107
4.6 Black-box explanations for state-of-the-art approaches . . . . ... ... .. .. 113
4.7 Using TERP to explain and check the reliability of Att-BLSTM model trained on

AG'SNEBWS COMPUS . . . . v v o e e e e e e e e e e e e e e 115
4.8 Snapshots of NaCl structures in simulations . . . . ... ... .......... 119
4.9 OP importance analysis using TERP for NaCl nucleation. . . . . . ... ... .. 124
4.10 HlustrativeU vs.Splot . . . . . . . . . 132
4.11 TERP results for parameter and data randomization sanity checks . . . . . . . .. 134
4.12 VAMPnets training summaryfor TERP . . . . . . .. .. ... .. ... .... 134
4.13 VAMPnets architecture . . . . . . . . . . 135
4.14 ViT model performance metrics as a function of model parameter updates . . . . 136



List of Abbreviations and Acronyms

MD Molecular dynamics

Al Arti cial intelligence

ML Machine learning

Cv Collective variable

RC Reaction coordinate

ANN Arti cial neural networks

B Information bottleneck

VAE Variational autoencoder

KL divergence Kullback—Leibler divergence

RAVE Reweighted autoencoded variational Bayes for enhanced sampling

SPIB State predictive information bottleneck

LDA Linear discriminant analysis

PCA Principal component analysis

NVE Constant number, constant volume, constant energy

NVT Constant number, constant volume, constant temperature

NPT Constant number, constant pressure, constant temperature

OP Order parameter

COM Center of Mass

tICA time-lagged independent component analysis

TSE transition state ensemble

TERP Thermodynamics-inspired Explainable Representations of Al and other black-box
Paradigms

Xi



10.

11.

List of Publications

. Mehdi, S., & Tiwary, P. (2024). Thermodynamics-inspired explanations of arti cial intel-

ligence. Nature Communications, 15(1), 7859. [1]

. Mehdi, S., C.R. Fullenkamp, C.P. Jones, L. Tenney, P. Pichling, P.R. Prestwood, A.R.

Fere-D'Amare, P. Tiwary, & J.S. Schneekloth Jr. (2025). Machine Learning-Augmented
Molecular Dynamics Simulations (MD) Reveal Insights Into the Disconnect Between Af n-
ity and Activation of ZTP Riboswitch Ligands. Angewandte Chemie Int. Ed., e202505971.

[2]

. Mehdi, S., Wang, D., Pant, S., & Tiwary, P. (2022). Accelerating all-atom simulations and

gaining mechanistic understanding of biophysical systems through state predictive infor-
mation bottleneck. Journal of chemical theory and computation, 18(5), 3231-3238. [3]

. Mehdi, S., Smith, Z., Herron, L., Zou, Z., & Tiwary, P. (2024). Enhanced Sampling with

Machine Learning. Annual Review of Physical Chemistry, 75. [4]

. Wang, R.Mehdi, S, Zou, Z., & Tiwary, P. (2024). Is the Local lon Density Suf cient

to Drive NaCl Nucleation from the Melt and Aqueous Solution?. The Journal of Physical
Chemistry B. [5]

Beyerle, E. R.Mehdi, S., & Tiwary, P. (2022). Quantifying energetic and entropic path-
ways in molecular systems. The Journal of Physical Chemistry B, 126(21), 3950-3960.

[6]

. King, D., Wilson, C. R., Herron, L., Deng, C. IMehdi, S., Tiwary, P., ... & Isaacs, L.

(2022). Molecular recognition of methylated amino acids and peptides by Pillar [6] MaxQ.
Organic & biomolecular chemistry, 20(37), 7429-7438. [7]

. Tribello, G. A., Bonomi, M., Bussi, G., Camilloni, C., Armstrong, B. I., Arsiccio, A,, ...,

Mehdi, S., ..., & Wu, J. (2025). PLUMED Tutorials: A collaborative, community-driven
learning ecosystem. The Journal of Chemical Physics, 162(9). [8]

. Mehdi, S., Teng, D., & Tiwary, P. Designing inherently interpretable variational autoen-

coders. (under preparation)

Mehdi, S., Pomarici, N., Fernandez-Quintero, M. L., & Tiwary, P. Unraveling protein fold-
ing mechanisms through Al-augmented all-atom molecular dynamics simulations. (under
preparation)

Outhwaite, I.R., Lee, S., Berger, Blehdi, S., Rangwala, A., Knapp, S., Tiwary, P., &
Seeliger, M. A. Transition state map of imatinib dissociation from ABL1 kinase. (under
preparation)

Xii



Chapter 1: Introduction

In this chapter, | provide an overview of MD simulations and introduce enhanced sampling
techniques, with a particular focus on the growing role of Al and ML in accelerating MD. This
discussion is grounded in the current body of literature and draws signi cantly from the review
article “Enhanced Sampling with Machine Learning”, published in “Annual Review of Physi-
cal Chemistry”, where | am the primary contributor [4]. | then examine prior efforts that have
investigated the validity and reliability of ML models when integrated into molecular simula-
tions. Finally, | outline the motivation behind this dissertation and provide an overview of the
contributions presented herein, which center on both accelerating MD simulations using Al and

developing methods to interpret the behavior of black-box ML models.

1.1 Molecular Simulation of Rare Events

1.1.1 Molecular Dynamics: Virtual Microscope

Molecular dynamics (MD) simulations play a crucial role in the eld of physical chemistry
and allied sciences, offering a powerful tool to investigate the intricate motions and behaviors of
atoms and molecules. Acting as a virtual microscope, MD allows scientists to explore the dy-

namic aspects underlying complicated processes. In addition to the deterministic forces described



by Newton's laws, MD simulations incorporate thermostats to sample the canonical, constant
number, volume, temperature (NVT) ensemble or both thermostats and barostats to sample the
isothermal-isobaric, constant number, pressure, temperature (NPT) ensemble. These techniques

enhance the simulation’s ability to reproduce realistic conditions and achieve accurate results [9].

1.1.2 Enhanced Sampling

However, sampling rare events becomes dif cult with small MD integration time steps, nec-
essary due to the fast (femtosecond) hydrogen atom vibrations in classical force elds [10]. For
example, conformational shifts in proteins [11] or ligand binding/unbinding events [12, 13, 14]
can occur on timescales ranging from milliseconds to hours. Even slower but critically impor-
tant nucleation processes [15, 16, 17] may span seconds to days. Capturing these events using
standard classical MD simulations can be computationally demanding, requiring an enormous
amount of time. Although hardware advancements such as GPU accelerators, and Anton super-
computers [11, 18] have facilitated faster MD simulations, achieving the exponential speedup
necessary to access these rare events remains a signi cant challenge due to the inherently se-
guential nature of time. Thus, researchers continue to explore alternative creative methods and
algorithms to overcome these limitations and ef ciently explore the dynamics of complex pro-
cesses.

Enhanced sampling methods aim to address this issue by increasing the ef ciency of con-
guration space exploration and exploring system states that are typically inaccessible in conven-
tional simulations, potentially improving the accuracy of calculated thermodynamic and kinetic

properties. Many enhanced sampling methods have been developed to tackle the timescale prob-



Figure 1.1: Overview of enhanced sampling methods and their interactions with ML methods. Enhanced
sampling methods are shown as rectangles with colors corresponding to the associated learning tasks
which are shown as ovals. Individual ML methods are shown as text with arrows corresponding to the
information ow between methods. Note that ML for generalized ensemble methods is purely
post-processing while learning for biasing and adaptive sampling methods informs new simulations.

lem with molecular dynamics. We classify these methods into three distinct classes with different
mechanisms and opportunities for ML. Our three classes are biasing methods, adaptive sampling
methods, and generalized ensemble methods.

Biasing methods perform importance sampling by modifying the simulation with a bias
potential that can be reweighted to recover unbiased statistics [19]. This potential can be static
or updated over the course of the simulation [20] and is de ned in terms of a small number of
collective variables (CVs) [21]. These CVs can be basis functions such as distances or dihedral
angles or more complex linear or nonlinear combinations of basis functions. Determining which
CVs to use in a data-driven manner can be considered a manifold learning problem where the

goal is to nd a low-dimensional manifold that effectively describes the system's relevant slow



dynamics and/or dominant metastable states.

Adaptive sampling methods[22] perform importance sampling by strategically initializing
rounds of short parallel simulations in states that are either under-sampled or likely to sample an
unexplored state. They are often analyzed by constructing a Markov state model (MSM) [23] to
combine the kinetics of these simulations. The separation of states can be done using geometric
criteria, kinetic criteria, or even by discretizing CVs. Initial comparisons between strategies have
shown that different techniques are bene cial for exploration or for sampling rare events and
thata priori knowledge can be used to improve sampling further [24, 25]. Adaptive sampling
provides many opportunities for ML because states can be de ned by either learning a continuous
manifold or a more direct mapping from con gurations to discrete states.

Generalized ensemble methods accelerate sampling by simulating transitions to a different
ensemble with a new temperature, pressure, or Hamiltonian. These ensembles can have lower
kinetic barriers and sample rare events faster while subsequent transitions back to the original
ensemble allow sampling of new states in the ensemble of interest. This is commonly achieved
using replica exchange where replicas on a ladder of ensembles periodically exchange con gu-
rations but can also be done with a single simulation in expanded ensemble methods. This class
of enhanced sampling methods uses ML not for dimensionality reduction but to analyze the sim-
ulations and infer free energy surfaces, potentially combining data across ensembles. A number
of methods such as replica exchange, umbrella sampling, parallel tempering metadynamics, and
bias exchange metadynamics combine multiple of these classes at the same time [26].

The implementation of such algorithms in a practical setting can be non-trivial and may
require signi cant human expertise. In recent years, ML models have been employed in various
domains, for example in the prediction of binding af nities of protein targeting small molecules

4



for drug discovery [27], in genomics and proteomics data analysis [28], synthesizing novel ma-
terials with tailored properties [29] etc. These successful applications of ML in diverse scienti ¢

elds have inspired the adoption of similar techniques in accelerating MD simulations.

1.2 Dimensionality Reduction for Enhanced Sampling

In recent years, a dominant area of research in accelerating MD simulations through ML
has been the development of dimensionality reduction techniques for identifying slow modes
from simulated trajectories. Constraints to the atomic degrees of freedom in molecular systems
generate this low-dimensional manifold, the study of which is driven by the widespread use of en-
hanced sampling methods e.g, umbrella sampling, metadynamics, weighted ensemble, mileston-
ing, variationally enhanced sampling (VES) and others [26], which still, however, reapiie
ori identi cation of approximate Reaction Coordinates (RCs) describing system's slow degrees
of freedom. However, determining RCs for practical systems is typically challenging as they are
often unknowna priori and are dif cult to identify without simulating the rare event of inter-
est itself. ML-based methods attempt to solve this problem by projecting the high-dimensional
MD data from an arbitrarily long simulation onto a low-dimensional manifold designed to ap-
proximate the system's RC, often as a combination of a much bigger dictionary of CVs. Since
the initial short simulation will typically not include the rare event of interest, the quality of RC
can be improved by iterating between performing enhanced sampling and learning better RCs
until convergence as illustrated Fagure 1.2 It is important to note that, the already available
dimensionality reduction algorithms in other scienti c domains are not directly suitable for MD

simulations as they are not designed to preserve kinetic information and fail to capture essential






	Dedication
	Acknowledgements
	Table of Contents
	List of Tables
	List of Figures
	List of Abbreviations
	List of Publications
	Introduction
	Molecular Simulation of Rare Events
	Molecular Dynamics: Virtual Microscope
	Enhanced Sampling

	Dimensionality Reduction for Enhanced Sampling
	Automated CV Selection
	Transfer Operator Approximation
	Information Bottleneck-Based Approaches
	Eigendecomposition Techniques
	Other Dimensionality Reduction Approaches

	Trustworthy AI in Molecular Simulations
	Dissertation Overview

	AI for Accelerating MD
	Introduction
	Methods
	State predictive information bottleneck (SPIB)
	System setup and OP description
	SPIB augmented MD
	Calculating entropy and other state functions from SPIB

	Results
	Chiral transitions in (Aib)9
	BA permeation through phospholipid bilayer

	Discussions
	Supplementary Information

	Accelerated MD for RNA Therapeutics
	Introduction
	Methods & Results
	Structure-informed Design of F. ulcerans ZTP riboswitch binders
	Synthesis and affinity measurement of designed analogs
	Synthetic analogs activate ZTP riboswitch in vitro
	Investigation of binding kinetics by surface plasmon resonance
	Co-crystal structures of compounds 1 and 23 bound to the S. odontolytica ZTP riboswitch
	Insights into RNA-ligand interaction mechanisms using all-atom Molecular Dynamics (MD)
	Computational results distinguish between ligand classes

	Discussions
	Supplementary Information

	AI (TERP) for Understanding MD
	Introduction
	Methods & Results
	Interpretation Unfaithfulness (U) for surrogate model construction
	Interpretation Entropy (S) for model selection
	Free Energy () for optimal explanation
	Application to AI-augmented MD: VAMPnets
	Dimensionality reduction (LDA) significantly improves neighborhood similarity
	Application to Image classification: Vision Transformers (ViTs)
	Data and model parameter randomization experiments show TERP explanations are sensitive
	Baseline benchmark against saliency map shows TERP explanations are reliable
	Comparison with advanced methods demonstrate TERP explanations are unique
	Application to Text classification: Attention-based Bidirectional Long Short-Term Memory (Att-BLSTM)
	Application to AI-accelerated MD: SPIB

	Discussions
	Supplementary Information

	Outlook
	Emerging Trends
	Benchmark Applications
	Model Interpretability & Explainability
	Constructing Physically Meaningful RCs
	Exploiting Symmetry Through Machine Learning

	Future Research Directions
	Protein Folding Mechanisms Through AI-Augmented Molecular Dynamics
	Dissociation Mechanisms of Imatinib from ABL1 kinase
	Deisgn Inherently Interpretable Variational Autoencoders



