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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 AI-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 AI models, particularly in the context

of MD.

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

based computational methods enables more efficient and insightful molecular simulations.
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Chapter 1: Introduction

In this chapter, I provide an overview of MD simulations and introduce enhanced sampling

techniques, with a particular focus on the growing role of AI 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 I am the primary contributor [4]. I then examine prior efforts that have

investigated the validity and reliability of ML models when integrated into molecular simula-

tions. Finally, I outline the motivation behind this dissertation and provide an overview of the

contributions presented herein, which center on both accelerating MD simulations using AI 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

1



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-

quential 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-

2



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

3



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

that a 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�c

�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, requirea pri-

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 inFigure 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
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