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To decipher the biomolecular interaction mechanism play an important role in

understanding the mystery of life. Understanding the mechanism of receptor-ligand

interactions is of great importance both in context of fundamental biology and medical

applications. Limited by the spatial or temporal resolution, wet-lab experiments may

not be able to capture enough details to unravel the complicated interaction mechanisms.

Molecular dynamics (MD) simulation, as computational tool to study many-body systems

with atomic resolution, has emerged as a powerful tool to investigate the physical or

biochemical properties of biomoleculars.

Though MD simulation has its advantage in terms of its high spacial and temporal

resolution over experimental methods, a big gap still remains between the time scale

that can be reached by MD simulations and the time scale of the biological process

that we want to study. In this thesis, I explore two frameworks to utilize the power of

statistical mechanics, molecular dynamics, and matching learning to rectify this gap, and



thus enable the simulation study of ligand-receptors interaction without overwhelming

demand on computational resources.

Firstly, I propose the reweighted autoencoded variational Bayes for enhanced

sampling (RAVE) method, a new iterative scheme that uses the deep learning framework

of information bottleneck to enhance sampling in molecular simulations. RAVE involves

iterations between molecular simulations and deep learning in order to produce an

increasingly accurate probability distribution along a low- dimensional latent space that

captures the key features of the molecular simulation trajectory. RAVE determines

an optimum, yet nonetheless physically interpretable, reaction coordinate and optimum

probability distribution. Both then directly serve as the biasing protocol for a new biased

simulation, which is once again fed into the deep learning module with appropriate

weights accounting for the bias, the procedure continuing until estimates of desirable

thermodynamic observables are converged. The usefulness and reliability of RAVE

is demonstrated by applying it to two test-pieces, studying processes slower than

milliseconds, calculating free energies, kinetics and critical mutations.

I also systematically study the following questions: (a) the choice of a predictive

time-delay in RAVE, or how far into the future should the machine learning model try

to predict the state of a given system output from MD, and (b) for short time-delays,

how much of an error is made in approximating the biased propagator for the dynamics

as the unbiased propagator. I demonstrate through a master equation framework as to

why the exact choice of time-delay is irrelevant as long as a small non-zero value is

adopted. I also derive a correction to the objective function by reweighting the biased

propagator, which better approximates the unbiased objective function without incurring



extra computational overhead.

To promote our understanding of RNA-ligand interaction at the molecular level,

I use RAVE and collaborate with experimentalists to study the interplay between

two ligands and PreQ1, which is a widely-studied model for RNA-small molecule

recognition. I show that site-specific flexibility profiles from our simulations are in

excellent agreement with in vitro measurements of flexibility using Selective 2’ Hydroxyl

Acylation analyzed by Primer Extension and Mutational Profiling (SHAPE-MaP). And

with orders of magnitude simulation speedup attained by RAVE, I can directly observe

ligand dissociation for cognate and synthetic ligands from a PreQ1 riboswitch system. The

artificial intelligence-argumented simulations reproduce known binding affinity profiles

for the cognate and synthetic ligands, and pinpoint how both ligands make use of different

aspects of riboswitch flexibility. On the basis of the dissociation trajectories, I also make

and validate predictions of pairs of mutations for both the ligand systems that would show

differing binding affinities. These mutations are distal to the binding site and could not

have been predicted solely on the basis of structure.

Secondly, I develop a framework based on statistical mechanics and generative

Artificial Intelligence to use simulations or experiments performed at some set of

temperatures to learn about the physics or chemistry at some other arbitrary temperature.

Specifically, I use denoising diffusion probabilistic models, and show how these models in

combination with replica exchange molecular dynamics achieve superior sampling of the

biomolecular energy landscape at temperatures that were never even simulated without

assuming any particular slow degrees of freedom. The key idea is to treat the temperature

as a fluctuating random variable and not a control parameter as is usually done. This



allows us to directly sample from the joint probability distribution in configuration and

temperature space. The results are demonstrated for a chirally symmetric peptide and

single-strand ribonucleic acid undergoing conformational transitions in all-atom water.

I demonstrate how we can discover transition states and metastable states that were

previously unseen at the temperature of interest, and even bypass the need to perform

further simulations for wide range of temperatures. At the same time, any unphysical

states are easily identifiable through very low Boltzmann weights. The procedure while

shown here for a class of molecular simulations should be more generally applicable to

mixing information across simulations and experiments with varying control parameters.
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Chapter 1: Introduction

1.1 Understanding ligand-receptor interaction mechanisms

1.1.1 Biological meaning of ligand-receptor interaction

One of the defining characteristics of living systems is their ability to respond

to and interact with the environment. For example, cells can sense the change of ion

concentration and open a channel through the membrane that allows specific ions to

pass through. The molecular biology basis of this ability is often the interaction between

biomolecular receptors and their cognate ligands[1, 2]. Usually, the binding of a ligand

will change the biochemical properties of receptors such as stabilizing or unstabilizing

their structures. These changes can either promote or inhibit the downstream processes

and thus regulate the whole biological system. Similarly for nucleotides, recent studies

have shown that structural RNA can react to the binding of small molecules to regulate

the downstream gene expression processes[3, 4].

Different small molecules can trigger different cell responses by activating different

signaling pathways and thus ensure that the whole living system can function properly.

Moreover, different ligands can bind to the same receptor but trigger different pathways.

Such a mechanism, which is usually referred to as functional selectivity, is both common
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and important for cell signaling. For example, receptor tyrosine kinases (RTKs), a family

of cross-membrane proteins, can trigger different responses such as phosphorylation

of itself or other proteins when binding to different ligands. Such different reactions

will further initiate a chain of downstream biomolecular reactions and finally pass

the information to gene regulator biomolecules such as transcription factors and thus

influence cell fates such as differentiation and proliferation[5]. However, we still lack a

more detailed understanding of the underlying mechanism. In many cases, it still remains

elusive why the receptor can recognize its cognate ligand and how the binding of specific

ligand makes the receptors tend to adopt one structure over others? Another interesting

phenomenon related to RTKs is the allosteric effect, in which the binding of ligands

happens at the receptor domain lies outsides the membrane, while the conformational

changes occur at the functional domain lies in the intracellular part of the membrane.

Such a property of transferring the effect of ligand binding from one end of a molecule to

the other end, though very common in ligand-receptor interactions, is not well-understood

and is often referred to as the second secret of life[6, 7].

Besides its importance in answering fundamental biological problems, a better

understanding of the ligand-receptor mechanism is also crucial for practical purposes.

The disfunction of the signaling process, which is usually associated with the gain-

or loss-of-function of the mutated or misfolding of biomolecules, can lead to various

diseases, including cancers[8, 9]. Therefore, small molecules that can selectively bind

to their target biomolecules and modulate their functionalities will have the potential to

be used as drugs to cure diseases. However, the lack of understanding of the ligand-

receptor interaction mechanism restricts us to use brute force screening methods, leading
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to substantial financial costs in the search for small-molecule drugs[10].

With the emergence of experimental, computational, and theoretical tools, much

progress has been made to understand the mystery of ligand-receptor interactions.

At the same time, we have to admit that challenges still remain. In the following

sections, I will first introduce basic concepts and methods in studying ligand-receptor

interaction. Particularly, I will mainly discuss computational methods and related

unresolved problems.

1.1.2 A two-state model of ligand-receptor interaction

Understanding the behavior of systems consisting of over thousands or millions

of atoms jiggling around is very challenging. One way to simplify this problem is to

coarse-grain the system into two states: the bound state where the ligand and receptor

form a complex and the unbound state where there are little or no interactions between

ligand and receptor. Though it is just a simplified picture, it still permits a very profound

understanding and has great explanatory power on what we observe in reality. One

example is the binding affinity which is defined to characterize how likely a ligand can

bind to the receptor. Macroscopically, we can describe the ligand binding and unbinding

process by the reaction equation:

R+ L
kon−⇀↽−
koff

LR (1.1)

Where R, L and RL represent receptor, ligand and ligand-receptor complex separately.

The kon and koff are the binding rate and the dissociation rate. The dissociation constant
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KD = koff
kon

also determines the ratio of concentration of species by the relationship KD =

[R][L]
[LR]

where the concentration is denoted by the square brackets. Also, according to the

law of mass action, we can also write down the dissociation constant as KD = e
∆G
kBT =

Punbind

Pbind
of where P is the equilibrium distribution of bound and unbound state and ∆G is

the free energy difference between bound and unbound state.

These quantities play an important role in deciphering the ligand-receptor

interaction mechanism and drug development. For example, a low KD value indicates

that the ligand can bind to the receptor which relatively low concentration and thus

associate with high binding affinity. An ideal drug should have low Kd with its target

receptor but high Kd with other biomolecules to selectively binds to its target receptor.

Moreover, a previous study of drug efficacy reveals that the residence time of the drug,

which is the inverse of koff , is more relevant to the percent survival compared to its

binding affinity[11].

All these quantities can be measured by experimental methods. For example,

isothermal titration calorimetry (ITC)[12] measures the heat absorbed or released during

the titration of the ligands to estimate the dissociation constant KD. Surface plasmon

resonance (SPR) [13] monitor the refractive index change on a surface caused by the

binding events to measure the binding or unbinding rates. Fluorescence polarization (FP)

labels the ligand with fluorescent and measures the polarization of the light emitted from

the fluorescent[14]. A higher degree of polarization indicates that the ligands are bound to

the receptor as it rotates much slower than being unbound. However, limited by the spatial

or temporal resolution, wet-lab experiments may not be able to capture enough details to

unravel the complicated interaction mechanisms[15]. Sometimes we might want to go
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beyond these quantities and look at the system in more detail. For example, we might

want to ask the following questions:

1. Which types of interaction make certain ligand binds tightly to a receptor?

2. How do the interactions induce structural and functional changes in the receptor?

To answer these questions, we need methodologies to monitor the ligand-receptor systems

at very high spatial and temporal resolutions, which unfortunately might not be achievable

with current experimental methods. But with the rapid development of computational

power over the decades, molecular dynamics (MD) simulations provide an opportunity

to overcome such limitations[16]. In many studies, MD simulations not only directly

measure important quantities such as binding affinities and dissociation rates but also

provide an atomic-level description of the binding/unbinding processes[17, 18, 19, 20].

In the next section, I will briefly introduce how we can use simulation methods to study

biomolecular systems and discuss challenges in this field.

1.2 Molecular dynamics simulation

1.2.1 Introduction to molecular dynamics simulation

Molecular dynamics (MD) simulation is a computational method to study the time

evolution of molecular systems consisting of many atoms. In MD simulations, we

consider a generic atomic system comprisingN atoms, where the 3N position coordinates

are denoted by X, and the interaction between atoms is described by the potential U(X.

According to Newton’s laws of motion, the time evolution of atom coordinates should
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follow the differential equation:

d2X

d2t
= − 1

m
∇U(X) (1.2)

However, a system follows Eq.1.2 will have conserved total energy and could not be a

good model to describe what happens in reality. In reality, a molecular system is usually

not isolated from the environment. It can interact with the environment by transferring

heat, doing work or even exchange particles. In order to mimic such effects, algorithms

called barostatting and thermostatting are introduced and are separately used to control

the pressure and temperature in an MD simulation[21, 22, 23, 24]. Though differ in their

implementation details, different versions of barostatting and thermostatting algorithms

all bring stochastic to the simulations and make it possible to simulate different ensembles

like canonical (NVT) ensemble and isothermal–isobaric (NPT) ensemble which are

widely used in biomolecular simulations.

1.2.2 Simulations of the thermodynamic and kinetic properties of

biomolecules

When studying biological systems with MD simulations, we are typically interested

in cases relevant to biophysical systems characterized by the existence of metastable

states. For example, as showed in Fig.1.1, if we project the system along a collective

variable (CV), we can see some low free energy basins, which are usually referred to

as metastable states. During a simulation, a system usually spends extended amounts of

time each metastable states and infrequently moves among those states. Typical objective
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in performing MD is to evaluate the following two broad types of quantities for some

generic low-dimensional CVs s(X):

1. equilibrium properties, such as the free energy F (s).

2. dynamic properties, such as the mean first passage time for escaping any metastable

state.

Figure 1.1: An illustration of a biomolecular system’s free energy profiles after projecting
along one collective variable (CV).

The free energy is related to the probability of the CV by P (s) ≡ e−βF (s) =∫
dX δ [s− s(X)]P0(X), where P0(X) ∝ e−βU(X) is the equilibrium probability of

a microstate X and β = 1
kBT

is the inverse temperature. From a set of N samples

{x0,x1,x2, · · ·xN} from an MD simulation , the probability of the CV can be estimated

by:

P (s) = ⟨δ[s− s(X)]⟩ ≈
∑N

i δ(s− s(xi))

N
(1.3)

In the case of ligand-receptor interaction, if we use A and B to denote the bound and
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unbound states which are two subsets of the state space. We can calculate the dissociation

constant discussed in Sec. 1.1.2 by KD = exp(β(FB − FA)) =
∫
s∈{s(x)|x∈B} P (s)ds∫
s∈{s(x)|x∈A} P (s)ds

.

To estimate the transition rate between metastable states, we can first define τA→B

to be the time that it takes for a trajectory starts from A first reaches B:

τA→B = min {t ≥ 0 | x(0) ∈ A, x(t) ∈ B} (1.4)

The first passage time from A to B is the expectation value of τA→B over trajectories.

Again, if A is the bound state and B is the unbound is state, koff = 1/τA→B and kon =

1/τB→A.

1.2.3 Reaction coordinate

One important ingredient of the calculation mentioned above is the CV. In principle,

we arbitrarily project the system on some variables and consider them as CVs. However,

most of these projections are not very useful. They cannot serve as good variables

to describe the relevant reaction processes and thus can not be used to define the

metastable states or calculate the thermodynamic and kinetic quantities. Good CVs

representing the reaction process are usually called reaction coordinates (RCs). Many

studies focused on defining what a good RC for molecular systems is[25]. But even

though the definition exists, calculating RCs can still be challenging. For example, we

can define isocommittor[26] qa→b(x) = P (τB > τA | x0 = x), which is the probability

that a trajectory initiate at x will first commit to metastable state A instead of B. qa→b(x)

can be calculated by initiating simulations starts at each point x in state space get the
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statistics of which state they first commit to. This calculation is usually too expensive to

be applied to molecular systems.

1.2.4 Challenges in MD simulations

Besides the challenge in finding good RCs, to accurately simulate a biomolecular

system to use computation results to reveal what is happening in reality, we need to

reduce both the statistical and systematic errors[27]. The systematic error is caused by

the deviation of classical molecular models from the real quantum world. How to adjust

the force field to better approximate will not be the focus of this thesis. Instead, I will

focus on discussing how to reduce the statistical error in MD simulation, which is caused

by the insufficient sampling of the processes of interest. In Sec. 1.3.1, I will discuss the

sampling problem in detail and show how it connects to the problem of finding good RCs.

1.3 Solving rare event problem with machine learning

1.3.1 Rare event problems

On the application of MD simulations to study ligand-receptor interaction, one of

the main challenges is to overcome the gap between the time scale that can be reached

by MD simulations and the time scale of the events that we want to study. More

specifically, the dissociation of a ligand from its receptor usually happens at a time

scale from microseconds to seconds[28]. On the contrary, MD simulation, which has

to numerically solve Newton’s law of motion at femtosecond ( 10−15 s), might need years

to simulate an unbinding event with very powerful computational resources. Though
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compared with less than two decades ago when the longest MD simulation performed

was only 2 µs[29, 30], MD simulation has become more efficient with the development of

special-purpose supercomputers like ANTON2 (100 µs per day for systems with a million

atoms) [31] and better combination between MD software and hardware like Graphics

processing units (GPUs)[32], it is still associated with high energy and time cost and

could not support high throughput study of a large amount of systems. Moreover, if you

want to simulate the system in a more accurate manner by considering some degrees of

freedom of electrons[33, 34, 35, 36] or even fully considering the quantum effect[37], the

gap of the time scales will be much bigger. To overcome these limitations and make MD

applicable to generic systems with arbitrary complexity and timescales, algorithms need

to be developed to enhance sampling when there are limited computational resources. In

the following section, I will introduce some widely used enhanced sampling methods and

discuss their limitations.

1.3.2 Enhanced sampling methods

Different enhanced sampling methods have been proposed to solve the time scale

problem. We can group these methods into three broad categories:

1. Raising the temperature of the system: By running the system at higher

temperatures, we can enhance its fluctuation and thus accelerate the sampling of

states. As an example, Replica-exchange molecular dynamics (REMD)[38] runs

many replicas of the system at different temperatures. Every given number of

simulation steps, configurations in different replicas are exchanged according to
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probabilities that satisfy detailed balances:

p(accept) = min

(
1, e

(Ei−Ej)

(
1

kTi
− 1

kTj

))
(1.5)

Here E is the total energy of the system, T is the temperature. Systems in the

high-temperature replicas are more likely to explore the high free energy regions

or cross the energy barriers, while the replica with the lowest temperature can

still give the right ensemble of states. One signification drawback of REMD is its

poor scaling with the system size. According to Eq.1.5, the acceptance probability

becomes very small if the difference is much bigger than the thermal fluctuation.

As a consequence, for systems of N particles, the temperature difference between

neighbour replicas should be small enough to ensure that that the energy difference,

which is proportional to N , is comparable to the thermal fluctuation, which is

proportional to
√
N . Therefore, it becomes impractical to apply REMD on

large systems as it might require a huge amount of replicas. To overcome this

problem, methods like Replica Exchange with Solute Tempering (REST)[39, 40]

has been developed. In REST, instead of directly run many replicas with different

temperature, systems with different Hamiltonians scaled by the control parameter

βm:

EREST
m (X) =

βm
β0
Epp(X) +

√
βm
β0
Epw(X) + Eww(X) (1.6)

Here the subscripts pp, pw and ww denote protein intramolecular energy, the

interaction energy between the protein and water, and the self-interaction energy
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between water molecules separately. Such a scaling operation can be considered

heating only part of the system and almost equivalent to reducing the N , thus

improving the acceptance rate of exchanging configurations between replicas.

Other methods try to improve REMD includes introducing nonequilibrium switches

between replicas to increase phase space overlap [41].

Besides needs for many replicas, REMD has been rarely applied to studying

unbinding problems. Because raising temperature might induce conformational

change of the system, leading to big perturbations on the binding or unbinding

pathways.

2. Taking advantage of parallel computing: Instead of running a very long

trajectory, methods based on parallel computing are developed to extract useful

information from multiple short trajectories. In order to guarantee an unbiased and

efficient sampling of the ensemble, these methods need to design smart strategies

about how to initiate, terminate, and analyze the trajectories. As an example, the

weighted ensemble (WE) sampling[42, 43] uses the idea of resampling to calculate

the free energy and transition rate. In WE, many trajectories are run in parallel.

Each trajectory can be split into multiple trajectories or terminated according to the

number of trajectories in each pre-defined bin. These trajectories carry different

weights to account for the effects of these splitting or terminating operations.

By enforcing the number of trajectories in each bin, WE guarantees that the low

probability regions can still be well sampled. Another example is milestoning

sampling[44], which is used to get the transition rate between metastable states.
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In the milestoning method, a sequence of hypersurfaces that are perpendicular to

a RC is defined as milestones. Trajectories are initiated from each hypersurface

and the distributions of first-passage-time of arriving at neighbour hypersurfaces

are calculated. With these distributions, systems’ long time kinetic property can

be estimated. One disadvantage of methods of this type is that they are still

relatively more expensive in terms of computational resources. Also, the choice

of RCs is critical for the success of these methods. In WE, bins are usually defined

by a partition of a space spanned by a few RCs; In milestoning, the assumption

that dynamic along RC is much slower than the dynamic along the directions

perpendicular to it should be satisfied[44].

3. Modify the Hamiltonian of the system: The transitions between metastable states

become exponentially rare as the free energy of transition states increases[45]. By

adding external potentials to reduce the free energy differences between transition

states and metastable states, these methods are designed to make it easier for

the system to across the energy barriers in a simulation. Metadynamics[46, 47]

is one example of this type, where during the simulation, biasing potentials of

Gaussian form will be added to the system every given number of MD steps. As

the biasing potential accumulating in the regions that have been frequently visited,

it will be easier for the system to escape from free energy basins to sample more

metastable states. Based on this framework, several strategies have been proposed

to improve the performance of metadynamics. One widely used variant is well-

tempered metadynamics, where instead of adding a Gaussian biasing potential with
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a constant height, the new Gaussian biasing potential will be scaled by a factor

exp
[
− 1

γ−1
βVn−1 (sn)

]
where Vn−1 (sn) is the external potential added at previous

steps and sn denotes the center of new Gaussian biasing potential. Therefore, the

new biasing potential added to the system will become smaller and smaller on the

places where large external potential has been added. This strategy brings a better

convergence property and allow a simple way to estimate the unbiased average of

observables:

⟨O(R)⟩ =
〈
O(R)eβ[V (s(R),t)−c(t)]

〉
V
c(t) =

1

β
log

∫
ds exp

[
γ

γ−1
βV (s, t)

]
∫
ds exp

[
1

γ−1
βV (s, t)

] (1.7)

in addition to this, as shown in reference [48], if the biasing potential is added at

relatively low frequency to ensure that the biasing potential added on the transition

states is negligible, the transition time between metastable states can also be

estimated by:

τtransition =
N∑
i

dteβV (s(ti),ti) (1.8)

where N is the total number of MD steps.

I would like to point out that for Metadynamics, or similar methods like umbrella

sampling[49], the basing potentials are defined as functions of RCs, which is

discussed in Sec. 1.2.3. Only when the RCs capture the slow mode of the system

will these methods be able to accelerate the sampling of rare events.

As we can see, in most cases, the success of methods in categories (2) and (3) relies

on the choice of RCs. However, in many studies, the RCs were selected in an intuitive, ad
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hoc way. This is mainly due to the challenge of learning the RCs for a system with many

degrees of freedom as discussed in Sec. 1.2.2. Many other methods were developed to

solve problems of this kind. Their central theme is finding a simpler description of the

systems to better understand their physical properties, such as free energy difference or

characteristic time scale of different modes. However, most of these methods still suffer

from the drawback that they need well-sampled unbiased MD trajectories as input.

In summary, to use MD simulations to study long-timescale processes, we need

first to know RCs that capture the system’s slow modes. However, methods developed to

learn the slow modes require trajectories from simulations that have already given good

sampling of the process. The main question that I will address to answer in this thesis is

how to sample rave events in MD simulations when neither long trajectories nor optimal

RC is available.

1.3.3 Machine learning approaches for enhancing MD simulations

The rapid development of artificial intelligent (AI) and machine learning (ML)

techniques has shed light on solving challenging problems both in daily life and scientific

research. Compared with traditional methods, it has unprecedented ability to learn and

find relationship from complex dataset. This makes it an ideal tool to study biomolecular

systems. By ML here I mean methods incorporating artificial neural networks (ANN).

A large category of ML methods developed for MD simulations follow some variant

of the scheme shown in Fig.1.2. That is, ML is used to find a projection from the high

dimensional structure space to a low dimensional feature space. In these methods, ML has
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Figure 1.2: A schematic illustrating the typical workflow of some of the methods that use
machine learning to analyze and enhance MD simulation. High dimensional data which
describes the time evolution of the system in configuration space is used as the input of an
ANN. The ANN is trained to project the input to a low dimensional space. Depending on
the structure of NN and objective function, the low dimensional representation captures
different features that are considered to be important, such as slow modes. In some
methods, the feature learnt are used to further enhanced the sampling of MD simulation
as shown by the arrow in the bottom.

been used in various forms to analyze long MD trajectories and learn relevant slow modes.

Ma and Dinner in 2005 used ANNs for constructing a RC[50], the idea being to sample

configurations along transition pathways and tabulate an ensemble of committor values,

with ANNs trained to fit CVs to these values. Recent work has revived and somewhat

generalized this framework[51].

While a committor might be the most rigorous description of a slow mode, there

are other reasonably accurate and computationally cheaper principles defining what

constitutes slow modes. One of such a principle is based on the eigendecomposition of the

time-propagation of the system. The dynamics in the full high-dimensional X-space can

be safely assumed to be Markovian, and thus the time-propagation of the system in X-

space can be described for a given lag time τ using a transfer operatorK with eigenvalues

1 = λ0 > λ1 ≥ ... and corresponding eigenvectors ψ0(X) = 1, ψ1(X), ψ2(x), ...[52].
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The eigenvectors with indices i ≥ 1 correspond to the slow modes of the system

with corresponding timescales ti = − τ
log λi

. For a molecular system with very high-

dimensional dynamics, there no simple way to solve the eigenvalues and eigenvectors of

their transfer operator.

1.3.3.1 Variational approach to conformation dynamics

One formalism to solve the eigendecomposition problem is the variational approach

to conformation dynamics (VAC)[53]. VAC calculates the eigenvalues and eigenvectors

of the transfer operator starting with ψ1, by solving a variational principle which states

that any trial eigenvector ψ′
1 will have a time-lagged autocorrelation ⟨ψ′

1|K|ψ′
1⟩ ≤ 1,

as long as it is orthonormal to ψ0, with equality holding iff ψ′
1 = ψ1. Thus we can

approximate the first nontrivial eigenfunction ψ1 by searching for a ψ′
1 that maximizes its

autocorrelation function subject to the orthonormal conditions. Ref.[53, 54] show how to

calculate such matrix elements given unbiased MD data. Further modes can be learned

in a similar manner but with more orthonormality conditions. Methods such as TICA[55]

implement VAC directly by learning slow eigenvectors as linear combinations of pre-

selected basis functions, and are at the heart of building MSMs. The Variational approach

for Markov processes (VAMP) principle[56] generalizes the mathematical framework

in the VAC principle to nonstationary and nonreversible processes, while keeping the

same key underlying intent of learning a transformation of X in which the dynamics

is as Markovian as possible. VAMPnets use ANNs to implement the VAMP principle

and automate the various steps involved in construction of a MSM. Some improvements
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on VAMPnets includes methods such as state-free reversible VAMPnets (SRV), which

combine strengths of VAC and VAMPnets for equilibrium systems, and use ANNs to

construct a full hierarchy of slow modes expressible as non-linear functions of input

coordinates.

Since the training of ML models involves finding optimal parameters for the model

from a space with many local optimas. A smart design of objective function can make a

model more likely to converge to an optimal one when there are limited amount of data.

For example, slow modes s as per VAC may also be equivalently defined as a mapping

s(X) that maximizes autocorrelation A(s) for a lag time τ :

A(s) =
E [s̃(Xt)s̃(Xt+τ )]

σ(s(Xt))σ(s(Xt+τ ))
(1.9)

where s̃ = s−E(s) is the mean-free latent variable and σ(s) is the standard deviation of

s. Time-lagged autoencoders (TAE) use an encoder-decoder framework to find the slow

component so defined. However, instead of calculating the precise expectation value in

Eq.1.9, TAE approximates the slow mode by minimizing the reconstruction loss LR:

LR ≡ LTAE =
∑
t

∥Xt+τ −D (E (Xt))∥2 (1.10)

Here E is the encoder which maps the input configuration X to low-dimensional s and D

is the decoder mapping it back to coordinate space. Maximizing Eq.1.9 and minimizing

Eq.1.10 are identical if the encoder and decoder are linear[57].
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1.3.3.2 Variational Dynamic encoder

Variational Dynamic encoder (VDE)[58] also uses an encoder–decoder pair with

time-lagged data, but instead of having only a term related to reconstruction error LR,

VDE includes two additional terms. Firstly, it takes the idea of variational autoencoder

(VAE) to enforce a prior distribution of the latent variable st. The use of a Gaussian

prior helps the distribution of s′t to be smooth, allowing meaningful interpolation between

states in latent space. Secondly, an autocorrelation loss LAC = −A(s) is introduced.

It encourages the learning of modes with high autocorrelation and makes the training

process easier to converge.

Work from Olsson and Noé has extended the notion of encoding a global

molecular configuration, X, into encoding several local configurations X1, X2,..., Xj ,

each representing a partition of the original global molecular structure into a local

substructure[59]. To model the time evolution of X the propagator or conditional

distribution p(Xt|Xt−τ ) is written in terms of the substructures:

p(Xt|Xt−τ ) ∝ e
∑

i X
i
t(
∑

j Jij(τ)X
j
t−τ+hi(τ)) (1.11)

where Jij is the coupling parameter between the ith and jth subsystem and hi describes

the coupling between the ith subsytem with an external field. With the choice of this

model, the problem of determining the coupling parameters can then be reduced to N

logistic regression problems. A notable feature of this approach is that it seems capable

of predicting molecular configurations that have not been incorporated into the training
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data.

The above motioned methods focus on learning the slow mode from MD data.

Now I will review approaches that use ML to not just analyze existing MD generated

structures and trajectories, but also actively enhance the sampling capacity of MD. In

other words, these approaches use ML to not just learn from given data, but actually

generate statistically accurate information when the underlying processes are so slow that

they simply cannot be sampled in unbiased MD even with the best available computing

resources.

1.3.3.3 Molecular enhanced sampling with autoencoders

The molecular enhanced sampling with autoencoders (MESA) approach uses an

ANN with non-linear encoder and decoder to learn the RC from input data, which itself

is generated through umbrella sampling along trial RCs[60]. Every round of ML leads

to an improved RC along which new umbrella sampling is performed. The iterations

are continued until the free energy from umbrella sampling no longer varies with further

iterations. Similar to MESA, nonlinear RCs learned by methods like VDE[61] can also

be used to perform enhanced sampling, typically using TICA modes as input variables.

1.3.3.4 Neural networks-based variationally enhanced sampling

The NN based variationally enhanced sampling (VES) method also stands out with

respect to many of the other ML methods mentioned here as it does not try to learn slow

modes, but instead tries to express the bias as a smoothly differentiable ANN potential as
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a function of pre-selected small number of CVs[62]. To learn such a bias, it optimizes the

objective function introduced in [63].

1.3.3.5 Reinforcement learning based methods

The reinforcement learning based adaptive sampling (REAP) method of Ref.[64]

learns relevant CVs on-the-fly as exploration of the landscape is carried out. REAP starts

with a dictionary of OPs v and associated trial weights. A round of unbiased MD is carried

out, clustered into states, after which the weights are adjusted in order to maximize a

reward function. In a nutshell, the reward function is designed to favor the least populated

clusters and is iteratively adjusted as new clusters are visited.

1.3.3.6 Boltzmann Generators

Boltzmann Generator is a very recent deep learning based approach that learns

the equilibrium probability P0(X) without resorting to running long trajectories[65].

It leverages recent advances in generative modeling in which an invertible coordinate

transformation Fxz(X) that maps microstate X onto a random variable z is learnt[66, 67].

If z follow a distribution that is straightforward to sample, we can pass a sample from P (z

and map it back to a microstate X with Fzx(z) = F−1
xz . The probability density of z is

Px(X) = Pz(z) | Jzx |, where Jzx is the Jacobian of Fzx. The invertible transformation is

learned such that Px(X) is closed to the Boltzmann distribution, P0(X) ∝ e−βU(X). Such

invertible transformation replaces the Monte Carlo sampling on X-space to Monte Carlo

sampling on z-space where the Monte Carlo moves can be easily designed. The model
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can use this strategy to generate more samples in x-space and optimize the invertible

transformation by learning from the new samples. Once the algorithm converges, Px(X

will give a good approximation of P0(X and be used to generate samples. The author also

propose a reweighting scheme to assign weights to samples. So even Px(X might slightly

deviate from P0(X, the weighted samples can still be used to give estimation of the free

energy profiles of the systems. Later improvement on Boltzmann Generators includes

introducing stochastic transformations to support more flexible learning[68] and design

a network structure that can adjust the learned distribution to satisfy the distribution at

different temperatures[69].

1.4 Overview of the thesis

In this thesis, I will show my attempts at solving the problems mentioned in

the previous sections. I have explored the possibility of taking help from artificial

intelligence (AI) and statistical mechanics to develop frameworks that can accelerate

the sampling of the configuration space of complex (bio)molecular systems, making it

possible to calculate various thermodynamic and kinetic observables. I also applied these

enhanced sampling methods to study the dissociation of ligand from proteins and RNA,

and compare the computational results with experimental results to better understand the

mechanism of the ligand-receptor interactions. A summary of these efforts is as follows.

1. In Chapter 2, I will discuss the method Reweighted autoencoded variational

Bayes for enhanced sampling (RAVE), which can automatically learn a low

dimensional description of systems with hundreds of thousands of atoms, and use
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this information to sample the events that could not be studied with normal MD.

RAVE is based the on the framework of information bottleneck[70, 71, 72]. I will

use variational inference to reformulate predictive information bottleneck (PIB) as

a neural network and take advantage of AI to overcome the challenges faced by

other sampling methods. This AI-based sampling method is applicable to generic

biomolecular systems and it s not limited by the lack of prior knowledge about the

system.

2. In Chapter 3, I will focus on theoretical study of RAVE. I will discuss the choice

of the important parameter time delay in the model, and show that it can be chosen

from a relatively wide range without significantly change the RCs learned by the

model. I will also derive a correction term to address of the problem of learning

from biased MD.

3. In Chapter 4, I will apply RAVE to study the thermodynamics, kinetics and

mechanisms of unbinding of two different ligands from PreQ1 riboswitch. In

this study, by applying the AI argumented MD and with the help of experimental

techniques, I aim to better understand the interplay between RNA structure and its

interaction with different ligands. I will show how MD simulation can reproduce

quantities measured in experiment. Moreover, I will make predictions about critical

mutants based on what we learn from MD simulations and show how it has been

validated in experiment.

4. In Chapter 5, I will explore using the generative AI to learn from very high

dimensional data and generate samples. I use a generative AI model called
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Denoising diffusion probabilistic model (DDPM) to improve the sampling quality

of replica exchange sampling. I will show that by treating tempertuare as a random

variable instead of a control parameter, we can learn a joint distribution to discover

transition states and metastable states that are previously unseen at the temperature

of interest.

5. In Chapter 6, I will give a summary of works presented in this thesis and suggest

possible direction for future research.
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Chapter 2: Reweighted autoencoded variational Bayes for enhanced

sampling (RAVE)

2.1 Introduction

To address this time scale problem discussed in the Sec.1.3.1, I developed an

AI-based enhanced sampling method called Reweighted autoencoded variational Bayes

for enhanced sampling (RAVE). In the following sections, I will introduce this method

and show its application to different systems. I will first demonstrate the method on

sampling alanine dipeptide and calculate the full dissociation process of benzene from

L99A mutant of the T4 lysozyme protein[73, 74]. In the later system, with use of

all-atom MD simulations taking barely a few hundred nanoseconds in total, and with

the minimal use of prior human intuition as in other related methods, I used the method

to obtain accurate thermodynamic and kinetic information for a process that takes few

hundred milliseconds in reality.

This method is based on the ansatz is that efficient sampling of energy landscapes

of molecular systems has the same key underlying challenge as one faced by a fly

as it goes about surviving[75], or the human brain trying to process how to catch a
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moving baseball[70]. Namely, given limited storage and computing resources, which

memories to preserve and which ones to ignore in order to be best prepared for various

possible future challenges? This can be paraphrased as the ability to rapidly learn a

low-dimensional representation of a complex system that carries maximal information

about its future state. Since storing and processing large amounts of information can be

computationally and thus energetically expensive for the brain, it has been suggested that

neurons in the brain separate predictive information from the non-predictive background

in a way that by encoding and processing a minimum amount of relevant information,

the brain can still be maximally prepared of future outcomes. The past–future (or

Predictive) Information Bottleneck framework introduced and developed in many forms

[70, 71, 72, 75] involves implementing such neuronal models from an information

theoretic basis that can originally be traced back to Shannon’s rate distortion theory.

Reweighted autoencoded variational Bayes for enhanced sampling (RAVE) [76, 77]

is an iterative ML-MD method motivated by the observation that many feature learning

methods, in addition to classifying features, also provide the probability distribution

in feature space [78]. The learnt features and their probability distribution can then

respectively be used as RC and its fixed or static bias can then be applied to U(X) leading

to more ergodic exploration. To learn these features and their probabilities, RAVE uses a

past-future information bottleneck optimization scheme that outputs a minimally complex

yet maximally predictive model. An ANN decoder is trained to predict the future state of

the system instead of only trying to recover the input data, and a linear encoder is used to

get an interpretable projection from the space of order parameters to the RC. The active

enhanced sampling (AES) approach [79] is another approach similar to RAVE, that uses
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well-tempered metadynamics [80, 81] and a stochastic kinetic embedding formalism.

2.2 Using latent variables of VAE as RCs

Our first attempt on solving the rare event problem start with learning RCs by the

unsupervised machine learning method Variational Autoencoder(VAE)[58] and construct

a biasing potential as the learned RCs to speed up the simulation[76].

The VAE is comprised of an encoder, q(z|X), mapping the original high-

dimensional data into its low-dimensional latent space representation and a decoder,

p(X|z), mapping such a latent variable representation back into the original dataspace.

By enforcing z to be close to a simple prior distribution such as Gaussian distribution,

the z learnt by the model will be able to capture the data’s main features. In the context

of the MD simulations, the latent variable representation will describe a low-dimensional

manifold for the molecular simulation trajectories within configuration space and thus

could serve as a good approximation of the RCs. So the learnt variables and their

probability distribution can then respectively be used as RC and its static bias can then be

applied to leading to more ergodic exploration.

The RAVE protocol involves iterating between machine learning and MD, with each

iteration learning a more refined low-dimensional RC representation and bias potential.

These iterations then continue until these biasing parameters are converged and sufficient

to sample the desired ligand dissociation. One benefit of this approach is that a time-

independent bias is produced that can be used to launch multiple independent production

MD runs, which is helpful in extracting kinetics information with statistical robustness.
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In this proof-of-concept study, RAVE shows its usefulness on several model

systems, including two analytical potentials as well as a hydrophobic buckyball-substrate

system in explicit water. All these systems have extremely high barriers (between 5 kBT

and 30 kBT), and using RAVE, we can obtain near-ergodic sampling and converged free

energy profiles both accurately and efficiently[76]. However, I would like to note that

there are some shortcomings if only use the framework of VAE to learn the RCs. By

construction, VAE is designed to reproduce the original sample, so it complete ignores

the kinetic of MD trajectories dataset. So, instead of learning the slow mode of a system,

it might focus on learning the mode with high variance. Also, the restriction enforce the

distribution of the latent variable to be closed to a Gaussian prior makes hard to learn

free energy landscape with many basins. To overcome these limitations, I use a more

general framework called information bottleneck to replace the VAE in RAVE and thus

allow RAVE to find the RCs by learning from the kinetic of the system.

2.3 Principle of Past–Future Information Bottleneck

Here I interpret the RC in molecular systems as such a past–future information

bottleneck [71]. I develop a sampling method that for small biomolecules, simultaneously

and with minimal use of human intuition, learns this bottleneck, its thermodynamics and

kinetics. The central idea is that not all features of the past carry predictive value for

the future. A complex model can be made to be very predictive, however it will often

obscure physical interpretability and also end up capturing noise. In order to address

this task, I set up an optimization problem and demonstrate how to solve it through
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the principle of variational inference[82] implemented through deep neural networks.

This makes it possible to learn a predictive information bottleneck[72], which we can

interpret as the RC, that given a molecule’s past trajectory is maximally predictive of

its future behavior. The net product is an iterative framework on the lines of Ref.[76]

that starts from a short MD simulation, and given this data, makes an estimate of

the RC, its Boltzmann probability, and its associated causal Green’s function valid for

short times. This information is leveraged to perform systematically biased simulations

with enhanced exploration of phase space, which can then be used to re-learn the RC

along with its probability and propagator, and iterating between MD and variational

inference until optimization is achieved. At this point we have converged estimates of the

most informative degrees of freedom, associated metastable states and their equilibrium

probabilities. Finally, through the use of a generalized transition state theory based

framework on the lines of Ref.[83], we recover the unbiased kinetics for moving between

different metastable states.

I formalize this problem in terms of a high-dimensional signal X characterizing the

state of a N-particle system under some generic set of thermodynamic conditions. I take

X as some d generalized coordinates or basis set elements, where 1 ≪ d ≪ N . Let

the value of this signal measured at time t, or the past, be denoted by Xt and at time

t + ∆t, or the future by Xt+∆t. We call ∆t the prediction time delay. We assume that

Xt and Xt+∆t are jointly distributed as per some probability distribution P (Xt,Xt+∆t).

The mutual information I(Xt,Xt+∆t) (See appendix for more details) quantifies how

much an observation at one instant of time t can tell us about an observation at another

instant of time t + ∆t. Furthermore, here we can restrict our attention to stationary
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systems, hence omit the choice of time origin and write down Xt as X and Xt+∆t as X∆t.

The principle of Predictive information bottleneck (PIB)[71, 72] postulates a bottleneck

variable s which is related to X by an encoder function P (s|X). Given the bottleneck

variable s, predictions of the future X∆t can be made with a decoder P (X∆t|s). PIB

says that the optimal bottleneck variable is one which is as simple as possible in terms of

the past it needs to know, yet being as powerful as possible in terms of the future it can

predict correctly. This intuitive principle can be formally stated through the optimization

of an objective function L which is a difference of two mutual informations:

L ≡ I(s,X∆t)− γI(X, s) (2.1)

The above objective function quantifies the trade-off between complexity and prediction

through a parameter γ ∈ [0,∞).

2.3.1 Variational inference and neural network architecture

Typically, both the encoder P (s|X) and the decoder P (X∆t|s) can be implemented

by fitting deep neural networks [84] to data in form of time-series of X. This work stands

out in three fundamental ways to typical implementations of the information bottleneck

principle and in general of AI methods to sampling biomolecules[85, 86, 87, 88]. Firstly,

I use a stochastic deep neural network to implement the decoder P (X∆t|s), but use a

simple deterministic linear encoder P (s|X) (see Fig. 2.1). The simple encoder ensures

that the information bottleneck or RC we learn is actually physically interpretable, which
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Figure 2.1: Network architecture used for learning predictive information bottleneck s.
The decoder Q(X∆t|s) is a stochastic deep neural network, while the encoder P (s|X) is
of a simple deterministic and thus directly interpretable linear form.

is notably hard to achieve in machine learning. On the other hand by introducing noise in

the decoder, I can control the capacity of the model to ensure that the neural network can

delineate useful feature from useless information instead of just memorizing the whole

dataset. Secondly, now that our encoder is a simple linear model, I completely drop the

complexity term in Equation (2.1) and set γ = 0. Due to a reduced number of variables,

this leads to a simpler and more stable optimization problem. Finally, the rare event

nature of processes in biomolecules makes it less straightforward to use of information

bottleneck/AI methods for enhanced sampling. Here I develop a framework on the lines of

[76] that makes it possible to maximize the objective function in Equation (2.1) through

the use of simulations that are progressively biased using importance sampling as an

increasingly accurate information bottleneck variable is learnt.

The typical starting point is an unbiased MD trajectory X =
{
X1, ...,XM

}
with M
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data points. We want to develop a low-dimensional mapping s of this high-dimensional

space, that maximizes the objective function L = I(s(X),X∆t). At the heart of

this mutual information lies the calculation of the decoder P (X∆t|s), which can in

principle be done exactly using Bayes’ theorem (See Appendix ). However this becomes

impractical as soon as the dimensionality of X increases, due to a fundamental problem in

statistical mechanics and machine learning: intractability of the partition function in high

dimensions [89]. The principle of variational inference is one such elegant and powerful

approach to surmount this problem [90].

Let’s consider a generic encoder given by some conditional probability Pθ(s|X)

where θ is a set of parameters. Our objective then is to find the optimal RC or equivalently,

the encoder θ which optimizes the PIB objective:

θ∗ = argmax
θ

L(θ) (2.2)

As mentioned above, this optimization problem is intractable for almost all cases of

practical interest. However, it is possible to perform an approximate inference problem

by assuming an approximate decoder Qϕ(X∆t|s) parametrized by the vector ϕ. For any

choice of ϕ, I make a straightforward use of Gibbs’ inequality[82] to write down (See

Appendix for derivation ):

I(s,X∆t) = H(Pθ(X∆t))−H(Pθ(X∆t|s))

≥ H(Pθ(X∆t))− C(Pθ(X∆t|s)||Qϕ(X∆t|s)) (2.3)
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Here H and C denote Shannon entropy and cross entropy respectively. Take note that

the first term in Equation (2.3) is independent of our model parameters and hence can

be completely ignored from the optimization. Focusing on the second term in Equation

(2.3), we thus obtain a variational lower bound on the predictive information bottleneck

objective function:

L ≥ L′ = −C(Pθ(X∆t|s)||Qϕ(X∆t|s)) (2.4)

Thus L′ is a tractable lower bound bound to the true Predictive Information Bottleneck

objective function L, that involves a variational approximation through the trial decoder

parametrized by ϕ. It has a simple physical interpretation. We are attempting to learn

a decoder probability function Q that mirrors the actual Bayesian inverse probability

function P in terms of predicting the future state X∆t of the system, given knowledge

of the RC s. The difference between the two probability distributions is calculated as a

cross-entropy. By maximizing the right hand side of Equation (2.4) simultaneously with

respect to the decoder and encoder parameters ϕ and θ respectively, we can then solve the

actual optimization problem posited in Equation (2.4) rigorously and identify the optimal

RC.

It is clear that a model of a dynamical system X that attempts to capture just its

stationary probability P (X) will be less informative and useful than one that captures

the joint past-future probability distribution P (X,X∆t). This is simply because the

stationary probability can always be calculated by integrating P (X,X∆t) over future

outcomes X∆t. What is however less clear is the choice of the time-delay ∆t [87]. In
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biomolecular systems, it is likely that there will be a hierarchy of time-scales and thus

time-delays relevant to different types of structural and functional details. In principle, our

formulation allows us to probe these various time-delays in a systematic manner. Here, for

the purpose of enhanced sampling, I propose an approach for selecting ∆t that is rooted

in the reactive flux formalism of chemical kinetics[91, 92, 93]. This formalism applies

to any system with stochastic transitions on a network of microstates with arbitrary,

complex connectivity. Summarily, it states that the correlation function for a trajectory’s

population in any given state can be partitioned into 3 parts: (a) an initial inertial part, (b)

an exponential decay, and (c) an intermediate plateau region between (a) and (b). A key

insight from this formalism is that capturing (c), i.e. the plateau part of a system’s state

to state dynamics accurately is necessary and sufficient to capture the temporal evolution

at any timescale. By paraphrasing this argument in the context of the present work, we

propose to learn our PIB model for gradually increasing values of the predictive time-

delay ∆t, and stop when the calculated bottleneck variable converges.

2.3.2 Variational inference on unbiased and biased trajectories

I now show how to calculate L′ in practice. For a given unbiased trajectory{
X1, ...,XM+k

}
with large enoughM , we can easily show (See Appendix for derivation):

L′ =
1

M

M∑
n=1

logQ(Xn+k|sn) (2.5)

where χn is sampled from P (s|Xn) and the time interval between Xn and Xn+k is

∆t. For practical rare event systems however, a typical MD trajectory will be trapped
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in the state where it was started. Here we use our current best estimate of the PIB to

perform importance sampling of the landscape, so that the system is more likely to sample

different regions in configuration space, and use this enhanced sampling to iteratively

improve the quality of the RC. However, the data so generated is biased per definition,

and we need to reweight out the effect of the bias. We suppose that along with the

time series
{
X1, ...,XM+k

}
we also have been provided the corresponding time-series

for the bias V applied to the system
{
V 1, ..., V M+k

}
. We can then use the principle of

importance sampling[94] to write our PIB objective function L′ as follows (See Appendix

for derivation):

L′ =

{
M∑
n=1

eβV
n

}−1 M∑
n=1

eβV
n

log Q(Xn+k|sn) (2.6)

where β is inverse temperature. The above equation is however approximate, as it assumes

Pbiased(X
n+k|sn) ≈ Punbiased(X

n+k|sn). This is exact as ∆t 7→ 0, and can be expected to

be reasonably valid for small ∆t, where we expect that the system on average would not

have diffused too far from its starting position at the beginning of that interval. If the bias

varies smoothly enough that its natural variation length scale is smaller or comparable to

this diffusion distance, then for small enough ∆t we can indeed make the aforementioned

approximation. This means that we select the smallest possible ∆t at which the RC

estimate plateaus.

2.3.3 Patching it all

I will discuss our complete sampling algorithm, that accomplishes in a seamless

manner, the identification of the RC together with the sampling of its thermodynamics
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and kinetics. The first step is to perform an initial round of unbiased MD. This trajectory,

expressed in terms of d order parameters {χ1, ..., χd} (where 1 ≪ d ≤ N ), is fed to a

deep learning module (Fig. 2.1). The deep learning module implements the optimization

of L′ in Equation (2.6) through the use of multi-layer feed-forward neural network for

the stochastic decoder Q, and a physically interpretable linear map for the deterministic

encoder P (Fig. 2.1). Unlike the decoder, the encoder has no noise term and always maps

{χ1, χ2, ..., χd} to
∑

i ciχi, where {ci} denote the weights of different order parameters. I

perform this optimization for gradually increasing values of the predictive time-delay ∆t,

and estimate RC s (given by the values of the weights ci) as seen by the first plateau in

terms of when it ceases to depend on choice of ∆t. This value of ∆t is then kept constant

for different rounds of our protocol. At this point we have an initial estimate of s and

also its unbiased probability distribution P u(s). These are both used to construct a bias

potential Vbias(s) for the next iteration of MD:

Vbias(s) = kBT logP u(s) (2.7)

With this bias potential added to the original Hamiltonian of the system, we run a biased

MD simulation. This explores an increased amount of configuration space since we have

applied a bias along our estimated slow degree of freedom, viz. the PIB or the RC. This

next round of MD trajectory is again fed to the deep learning module, but this time each

data point carries a weight w = eβVbias to compensate for the applied bias. This now

identifies an improved RC s and its unbiased probability through the use of importance
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sampling:

P u(s) ∝ ⟨wδ(s− s(t))⟩b
⟨w⟩b

≡ e−βF (s) (2.8)

where the subscript b denotes sampling under a biased ensemble with weight w = eβVbias

and F (s) is the free energy along s. From here, using the bias as −F (s) our algorithm

can now enter into further iterations of MD–deep learning–MD–... This looping continues

until both the RC s and the free energy estimate F (s) along the RC have converged.

We have thus obtained an optimized reaction coordinate and its Boltzmann probability

density, or equivalently the free energy. Through these we can directly demarcate the

relevant metastable states and quantify their relative propensities. Furthermore, we can

also calculate the transition rates for moving between these metastable states. The

central idea is to keep all transition states between the different metastable states, as

identified through the RC, devoid of any bias. As we show in examples, this can be

easily achieved when implementing equation (2.8), by ensuring that any barriers in the

unbiased probability distribution of the estimated RC are completely bias-free. Once we

have done this, we take into account that by virtue of it being the PIB, the RC already

encapsulates any relevant, predictive modes in the system. Thus the hidden barriers

which have invariably been corrupted through the addition of such a bias do not have any

predictive power for the dynamics of the system, and are thus not relevant to the process at

hand. This then implies that (i) the biased dynamics preserves the state-to-state sequence

one would have seen with unbiased dynamics, and (ii) through the use of a simple time

rescaling calculation[83, 95] discussed in Sec.1.3.2, we can calculate the acceleration

of rates achieved through biased simulations. We now demonstrate the use of the PIB
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framework with two biomolecular case-studies, in both of which we simultaneously learn

the RC, free energy and kinetic rate constants. In each case the RC s is constructed as a

linear combination s =
∑

i ciχi, where {ci} denote the weights of different pre-selected

order parameters {χ1, χ2, ..., χd}.

2.4 Application of RAVE to two benchmark systems

2.4.1 Conformation transitions in a model peptide

First we consider the well-studied alanine dipeptide system (Fig. 2.2(a)).

This system, as characterized by its Ramachandran dihedral angles, can exist in

different metastable states with varying stabilities and hard-to-cross intermediate barriers.

However, due to its small size it serves as a reliable benchmark where we can perform

longer than microsecond unbiased MD simulations to benchmark our PIB calculations.

Here we choose {cosϕ, sinϕ, cosψ, sinψ} as our order parameters, where ϕ and

ψ are the backbone dihedral angles. To avoid problems related to periodic boundary

conditions, I take trigonometric functions of dihedral angles, The PIB protocol used here

is shown in Fig.2.2. In the initial round, I perform a short unbiased MD simulation (see

Fig.2.2(a) for trajectory for technical details). As discussed in Sec. 2.3, the RC is then

determined as the linear encoder of the trained neural network with smallest loss function.

In Fig.2.2(b), we show how the weights rapidly converge as functions of predictive time

delay and reach a plateau in less than 2 ps which we set as ∆t. Fig. 2.2(c) shows the RC

s as well as the bias V (s) learnt along it to be used in the next round of MD. With this

biasing potential, I perform biased MD simulation as shown in Fig. 2.2(d). This trajectory
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Figure 2.2: Past–future information bottleneck framework results on alanine dipeptide.
(a) Unbiased simulation trajectory for dihedral angles Φ and Ψ, in blue triangles and
orange pluses respectively. The alanine dipeptide molecule is shown in inset. (b) Absolute
weights for different order parameters in the first training round as a function of the
predictive time delay ∆t. Blue triangles, orange triangles, green circles and red squares
correspond to cosϕ, sinϕ, cosψ and sinψ respectively. (c-f) Free energy along the
adaptively learnt RC along with the corresponding biased trajectories for different training
rounds. (g) Free energy along ϕ, ψ after the RC has converged with energy contours every
4 kJ ·mol−1. (h) Kinetics from the post-training biased runs as well as reference unbiased
runs. The two are essentially indistinguishable. Orange and blue dashed lines denote
unbiased data respectively, while red and black solid lines show corresponding best fits.

through the use of Equation (2.8) leads to a more complicated bias structure as shown in

Fig. 2.2(e) along with the improved RC χ. Biased simulation with this new RC and bias

as shown in Fig. 2.2(f) finally leads to escape from the starting metastable state. The

final obtained RC is: s = 0.02 cosϕ + 0.97 sinϕ − 0.25 cosψ − 0.02 sinψ. It is known

for alanine dipeptide that ϕ is more relevant than ψ for capturing the conformational

transitions, and the PIB based RC estimate agrees with that.

Now that we have achieved back-and-forth motion in terms of the rare event

we intended to study, I use this final RC and bias to perform multiple sets of longer

simulations with no further refinement of the RC. This yields the free energy surface

(defined as −kBT logP (ϕ, ψ) where P is the unbiased Boltzmann probability) as shown

in Fig. 2.2(g). This is in excellent agreement with previously published benchmarks for
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this system[94]. At the same time, I use the acceleration factor to rescale the biased time

back to the unbiased time. In Fig. 2.2(h) we show the cumulative distribution functions

of the first passage time from the deeper basin as obtained through this approach,

and through much longer unbiased MD runs which are feasible given the small size

of this system. The distribution functions and their best-fit Poisson curves are nearly

indistinguishable, and lead to excellent agreement in values of the escape rate constant,

given by k = 5.2 ± 0.8µs−1 and 5.8 ± 0.9µs−1 respectively for biased and unbiased

simulation.

2.4.2 Benzene dissociation from T4-L99A lysozyme

Now I will apply our framework to a very challenging and important test case,

namely the pathway and kinetic rate constant of benzene dissociation from the protein

T4-L99A lysozyme in all-atom resolution[73, 74]. I will also demonstrate how the RC

calculated through our approach can be directly used to perform a sensitivity analysis

of the protein, and predict the most important residues whose mutations could have a

significant affect on the stability of the protein-ligand complex. Such an analysis has

direct relevance to predicting, for instance, the mutations in a protein which could lead to

a pharmacological drug losing its efficacy.

For this problem we choose 11 fairly arbitrary order parameters denoted

{χ1, ..., χ11}. As shown in Fig.2.3 and Table 2.1 , eight of these are ligand-protein

distances while three are intra-protein distances. The RC is learnt as a linear combination

of these order parameters, namely s =
∑

i ciχi.
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Figure 2.3: Definition of Order parameters for Benzene-Lysozyme dissociation: Our 11
order parameters comprise 8 protein-ligand contacts and 3 protein-protein contacts. The
protein-ligand contacts are implemented through the distances between the centres-of-
mass of ligand to different protein atoms labeled in the plot. The protein-protein contacts
are implemented through the distance between the centres-of-mass of ligand to centres-
o-mass of helices l abeled in the plot. Further details are provided in Table 2.1

For this problem as well I start with a short unbiased MD simulation. As shown in

Fig. 2.4, the weights of different order parameters in the RC learnt from this trajectory

change as a function of the predictive time-delay ∆t, but converge quickly. On the

basis of this plot, I set ∆t = 2ps for all further calculations. I then iterate – using the

same neural network architecture as for alanine dipeptide (Fig. 2.1) – between rounds

of learning an iteratively improved RC s1 together with its probability distribution, and
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running biased MD using the iteration’s RC and probability distribution as bias V1(s1)

(Equation (2.7)). After 9 rounds, the bias saturates as a function of training rounds. That

is, no further enhancement in egodicity is achieved by performing additional rounds of the

aforementioned iteration. This corresponds to the system reaching configuration where

the previous PIB ceases to be effective. To learn a new PIB, I use the washing out trick

from [96] to learn a second RC s2 conditioned on our knowledge of the first RC s1.

In the next few rounds of learning–MD iterations, I (a) keep s1 and V1(s1) fixed, and

(b) do not account for V1(χ1) when using Equation (2.8). Through this I construct a

bias V (s1, s2) = V1(s1) + V2(s2). In principle we can lift this assumption and learn

more complicated non-separable V (s1, s2). In a few rounds of training s2, I observed

OP
χ

Type Definition Weight ci in
optimized
s1 =

∑
c2iχi

Weight in
optimized
χ2 =

∑
c2iχi

d1 Protein-ligand Y88CA–ligand 0.4930 0.6524
d2 Protein-ligand A99CA–ligand 0.5059 0.3984
d3 Protein-ligand L133CA–ligand -0.4002 -0.4853
d4 Protein-ligand L118CA–ligand 0.2335 -0.0792
d5 Protein-ligand V111CA–ligand 0.0300 0.0399
d6 Protein-ligand A130CA–ligand -0.4009 -0.3037
d7 Protein-ligand N140CA–ligand 0.1229 -0.1544
d8 Protein-ligand A146CA–ligand 0.2313 -0.2240
hd12 Protein-protein Helix 1 (A82-

S90) – Helix 2
(T115-123Q)

-0.2081 -0.0378

hd23 Protein-protein Helix 2 (T115-
123Q) – Helix 3
(W126-A134)

-0.1114 -0.0073

hd34 Protein-protein Helix 3 (W126-
A134) – Helix 4
(K147-T155)

-0.0204 0.0670

Table 2.1: List of order parameters used to construct RC and their weights in χ1 and χ2.
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spontaneous dissociation of the ligand from the protein. I then use the RC (s1, s2) (shown

in Fig. 2.5) and its bias V (s1, s2) learnt to directly study the pathway and kinetics of

ligand dissociation.
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Figure 2.4: Order parameters weights as functions of time delay for Benzene-lysozyme
dissociation. The scheme shows the absolute value of weights for 11 order parameters in
the first round as a function of predictive time delay.

For this I launch 20 independent biased simulations using (s1, s2) as RC and

V1(s1)+V2(s2) as bias. I calculate the acceleration factor to recover the original timescale

of the first passage time. As shown in Fig.2.6, I fit the cumulative distribution function

to a Poisson process and get an escape rate constant of 3.3 ± 0.8s−1, which are in good

agreement with other methods [20, 97, 98, 98]. I also obtain a range of free energies

viewed as functions of different order parameters. These are in excellent agreement with

previously published results [20, 96, 97, 98].

A comment I would like to make here concerns the magnitude of ∆t especially
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Figure 2.5: The 2-component Predictive Information Bottleneck for benzene-lysozyme
dissociation, where colors red and blue correspond to s1 and s2 respectively. The
optimized weights for different order parameters are illustrated after scaling all weights
to keep c1 = 1 in s1.

in connection to the decorrelation time of the MD thermostat. Here I implemented a

canonical ensemble using the velocity rescaling thermostat [22] with a time-constant of

0.1 ps. The predictive time-delay ∆t is thus at least 20 times longer than the times for

which the history of the thermostat would persist. Interestingly, as can be seen in Fig.

2.4 the estimate of the RC converges with longer time-delays which would be even more

accurate from the perspective of not having thermostat-induced noise, but would be less

accurate due to biasing related errors as explained earlier.

2.4.3 Predicting critical residues

On the basis of the predictive information bottleneck that I have now calculated, we

can directly predict which protein residues have the most critical effect on the system. To

do so, the guiding principle is that the residues which carry higher mutual information

with the PIB are more likely to have an impact on the stability of the system, for instance,
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Figure 2.6: Poisson fit to the 15 independent transition times obtained for the benzene-
lysozyme dissociation constant with net maximum bias V max

1 + V max
2 = 52 kJ ·mol−1.

The koff reported in the main text is calculated as the inverse of the fitted time constant
here, 303± 76 ms.

Figure 2.7: Representative selected free energy surfaces for Benzene-Lysozyme
dissociation obtained from our approach: (a) Free energy along d1 and d2. (b) Free
energy along d2 and d3. (c) Free energy along d1 and d8. All energies are in units of
kJ ·mol−1 with contours every 5 kJ ·mol−1. These surfaces are in excellent agreement
with previous benchmarks on this system [96].

if these residues were to be mutated. I use the backbone dihedral angles to describe the

motion of each residue. Here I denote them as ϕi, ψi, where i is the index of a particular
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residue. We use I(θ, χ) to quantify the correlation between dihedral angle θ (where θ

could be ϕ or ψ) and the unbinding process, where I(θ, χ) is mutual information between

a dihedral angle θ and the RC χ. For each residue, we have two dihedral angles. At the

same time, for one dihedral angle, I calculate its mutual information with χ1 or χ2. So

we have four quantities for each residue( I(ϕ, χ1),I(ψ, χ1), I(ϕ, χ2) and I(ψ, χ2) ). I

rank the importance of each residue by the maximum of the four quantities. Here I only

consider the parts of trajectory that is bias-free(χ1 > 0.4 and χ2 > 0.3). Because we

require that the energy barriers between metastable states should be bias-free to ensure

we can get the correct reweighted dynamics of the unbinding process. However, we CAN

only guarantee that the main energy barrier between bound and unbound state has zero

bias when we perform biased MD simulation while bias can still be added on barriers

between other metastable states. Looking at the unbiased region allows us to reduce

the influence of the biasing potential on the dynamics of the system and focus more on

the transition states. By performing such a scan of the mutual information between the

predictive information bottleneck and the backbone dihedral angles of different residues,

we can rank them as being most critical to least critical. As shown in Fig. 2.8, some of

the important residues are (in order of decreasing relevance): Ser136, Lys135, Asn132,

Leu133, Ala134, Phe114, Val57, Asp20, Leu118 and Val131. These residues can be

classified in two broad groups. Firstly, we have group (a) comprising residues 114, 118,

and 131–136 - together these contribute to breathing movement between the two helices

through which the ligand leaves. Secondly we have group (b) comprising residues 20

and 57, which lie in different disordered regions of the protein, and have no obvious

interpretation. The roles of groups (a) have been hinted at in previous works[20, 99, 100]
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Figure 2.8: Critical residue analysis for benzene-lysozyme complex. The plot on left
shows for every residue the maximal mutual information between the PIB and either of the
Ramachandran angles ϕ, ψ of that residue. The top 10 residues are highlighted through
markers and in the right plot, illustrated relative to the ligand in a typical intermediate
pose.

and are thus yet another validation of our approach. The role of group (b) during the

unbinding process remains to be seen.

In order to demonstrate the robustness of this calculation, I performed the full MD–

deep learning–MD–deep learning iterative protocol with a new set of order parameters

(defined in Table.2.2) that considered new protein-ligand distances and completely

excluded any protein-protein distances, as the selection of latter require a more significant

role of human intuition in anticipating protein breathing for instance. In this new set

of calculation, as shown in Fig.2.9, I again obtained same critical residues, including a

residue from the same disordered region as in group (b) above. Whether the disordered
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Order
parameter

Type Definition Weight ci in
optimized
s1 =

∑
c1iχi

Weight in
optimized
s2 =

∑
c2iχi

d1 Protein-ligand V87CA–ligand 0.0297 0.8604
d2 Protein-ligand N101CA–ligand 0.1448 0.2590
d3 Protein-ligand G110CA–ligand -0.0583 -0.0813
d4 Protein-ligand A119CA–ligand -0.0261 0.2256
d5 Protein-ligand A129CA–ligand -0.4076 0.0282
d6 Protein-ligand Y139CA–ligand 0.8846 -0.3548
d7 Protein-ligand V149CA–ligand 0.1593 -0.0921

Table 2.2: List of order parameters used to construct RC and their weights in χ1 and χ2.

regions are biophysically relevant to the unbinding of the ligand with the existence of a

long-range allosteric communication pathway, or if these residues are picked due to just

noise from calculations, needs more detailed mutagenesis study in the future.

Figure 2.9: (a) Alpha carbons used to define two sets of basis functions. Carbon atoms
used in Table 2.1 are colored in blue and the carbon atoms used in Table 2.2 are colored
in red. (b) The 2-component Predictive Information Bottleneck for benzene-lysozyme
dissociation. Order parameters are defined by Table 2.2. (c) Critical residue analysis
from new set of order parameters.
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2.5 Discussion

In this chapter, I introduced a new framework for the simultaneous sampling of

the reaction coordinate, free energy and rate constants in biomolecules with rare events.

This work is grounded in the Predictive Information Bottleneck framework, which is an

information theoretic approach for building minimally complex yet maximally predictive

models from data. Such a framework has previously been found useful for modeling fruit

fly movement and human vision. Here I exploit the commonality between these diverse

problems and that of sampling complex biomolecular systems, namely the need to quickly

predict the future state of a system given noisy and high-dimensional information. This

method implements this framework through the use of a unique linear encoder–stochastic

decoder model, where the latter is a deep neural network with inbuilt noise. Here I

demonstrated the applicability of the method by studying conformational transitions in

a model peptide in vacuum and ligand dissociation from a protein in explicit water, with

both systems in all-atom resolution. Through extremely short and computationally cheap

simulations, I obtained thermodynamic and kinetic observables for slow biomolecular

processes in excellent agreement with other methods, experiments and long unbiased MD.

Last but not the least, by virtue of having captured the most predictive degrees of freedom

in the system, I could also make direct predictions of how protein sequence can impact

dissociation dynamics - namely, which mutations in the protein would be most deleterious

to the dissociation process.

I would also like to discuss here some limitations of this approach that I will

address in the following chapters. As discussed in Sec. 2.3.2, since I didn’t consider
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the correction for propagator, Eq. 3.8 is a good approximation only when ∆t is small

enough that the system on average would not have diffused too far from its starting

position. But it is also required that ∆t should be taken from the range where RC

reaches a plateau. Though I showed that in the two benchmark systems, we can choose

a relatively small ∆t as the RCs quickly converge to a constant as ∆t increase, we can

still ask the question of whether this is generally true for other systems. In chapter 3,

I will discuss the ∆t dependence of the objective function and drive a new formulation

which also considers that correction to the propagator. In addition to figuring out how

to better approximate the objective function from biased simulation, one other issue that

we will need to address is the choice of input for RAVE. Here I use of a simple linear

encoder which preserves the interpretability of the RC. However this comes at the cost of

using smartly designed non-linear basis functions, or order parameters, which can often

be domain-dependent. For example, different classes of basis functions were needed

here for alanine dipeptide conformation change (namely, torsions) and ligand dissociation

(namely, distances). Using a linear encoder on distances for alanine dipeptide, or torsions

for ligand dissociation, leads to no discernible enhancement in sampling as we iterate

through rounds of deep learning and MD. Thus, bad choices of basis functions for the

protocol can be ruled out at least in a heuristic manner by quantifying whether these led

to more ergodic sampling or not. In Chapter 4, I will show that when applying RAVE to

more challenging systems, we can use method AMINO[101] developed in our group to

automatically select the basis functions.

50



Chapter 3: Understanding the role of predictive time delay and biased

propagator in RAVE

3.1 Introduction

In this chatper, I will take a closer look at the underlying formulation of RAVE

with respect to crucial aspects which were introduced in our past work using intuitive

arguments. Here I am going to put these aspects on a rigorous footing, identifying their

shortcomings and when applicable introducing simple corrections. These are as follows.

RAVE[77] involves learning the PIB through optimization of an objective function that

minimizes model complexity while still maximizing predictive power. Firstly, a key

parameter in constructing the RAVE objective function is the so-called predictive time-

delay ∆t, or how far into the future should the algorithm try to predict. In the previous

chapter, I had shown through numerical benchmarks that the precise choice of ∆t

did not matter, as long as ∆t > 0 and was kept small. That is, the predicted PIB

changed but rapidly plateaued with increase in ∆t. Here, by using a master Equation

based formulation of the system’s dynamics, I will demonstrate rigorously why such a

dependence on ∆t is a direct and simple consequence of Markovianity along the learnt

low-dimensional representation. In fact, the absence of a plateau in how the PIB depends
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on ∆t can even be considered a tell-tale sign of incorrect results from RAVE.

Secondly, at the initial stage of RAVE, when the input trajectory is unbiased, the

RAVE objective function can be computed exactly by sampling over the input trajectory.

However, after the first iteration once the PIB is learnt and used to perform a round of

biased MD, it becomes tricky to calculate the objective function exactly through sampling.

In the application mentioned in Sec.2.4 and, I introduced an intuitive approximation,

namely that at short timescales the propagator of the system along the putative PIB is

invariant between biased and unbiased dynamics. Naturally this statement is exactly true

as ∆t 7→ 0, but its fate for ∆t > 0 is not at all obvious. Here, again by taking recourse

in a master equation formalism, I will derive a framework for using biased sampling

to estimate a reweighted, unbiased propagator needed in RAVE that is valid for small

∆t > 0. I will show how it reduces to the original expression in limiting cases, and how

to compute it. I also demonstrate through numerical examples when such a correction

might matter and when it might not.

3.2 Dependence of predictive information bottleneck on ∆t

Maximizing the mutual information I(s,X∆t) in Eq. 2.1 forces the learnt linear

PIB or RC s to capture features that can be used to build a predictive model. In addition,

introducing a slight time delay in RAVE i.e. setting ∆t > 0 emphasizes the contribution

of not just the features that are related to static distribution of the data, but specifically

of the features that persist with time. As demonstrated for related work on time-lagged

autoencoders[102], this amounts to learning slowly decorrelating aspects of the feature
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space X.

Two questions immediately arise after introducing such a non-zero time delay

∆t. First, what precise value of ∆t should we adopt when constructing the objective

function? Second, how to approximate unbiased estimates of P (X∆t|X) from a biased

MD trajectory which provides us Pbiased(X∆t|X)? The second question arises because

access to unbiased estimates of P (X∆t|X) is critical to calculating the objective function

L in Eq. 2.1.

In this work we answer, with relative rigor, both the questions above. For the first

question, we demonstrate that given markovianity in the higher dimensional space X, the

markovianity of the PIB follows quite naturally. In other words, there exists a range of

non-zero time-delay ∆t values for which the PIB is independent of the exact choice of

∆t. Thus any small enough ∆t can be used to construct the PIB. For the second question,

we propose a new objective function which corrects for the influence of bias on the short-

time propagator P (X∆t|X), and test it on model systems. Reassuringly we find that

the effect of the correction derived here is minimal, and our intuitive approximation of

Pbiased(X∆t|s) ≈ Punbiased(X∆t|s) made in Sec. 2.4 was not a bad one.

As discussed in Sec. 2.3, estimating the PIB, or minimizing the objective function

L in Eq. 2.1 is the same as maximizing the cross entropy L′ between Pθ(X∆t, s) and

Pθ(X∆t|s):

L′ = −
∫
Pθ(X∆t, s) lnPθ(X∆t|s)dX∆tds (3.1)

where θ indicates the parameters of neural network. To understand how this objective

function L′ depends on the predictive time delay ∆t, we need to analyze the ∆t-
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dependence of Pθ(X∆t|s) and Pθ(X∆t, s). To do so we start with a master equation

framework for the propagator in the high-dimensional space X, where we assume

markovianity holds true:

P (X2, t+∆t|X1, t) = δ(X2 −X1)[1− a(X1, t)∆t]

+Wt(X2|X1)∆t+O[(∆t)2] (3.2)

Here Wt(X2|X1) is the transition probability per unit time from X1 to X2 at time t, and

a(X1, t) =
∫
Wt(X2|X1)dX2.

At this point we can make two assumptions: (a) the distribution is stationary so

P (X2, t+∆t|X1, t) can be denoted as P (X∆t|X), and (b) ∆t is small enough so higher

order terms in Eq. 3.2 can be ignored giving:

P (X∆t|X) = δ(X∆t −X)[1− a(X)∆t] +W (X∆t|X)∆t (3.3)

In addition, as a direct consequence of the markovianity assumption in X space, the

following property must hold true:

P (X∆t|s,X) = P (X∆t|X) (3.4)

This property reflects that X contains all the information needed to predict X∆t,

and in addition using knowledge of s can not improve the quality of prediction. With this
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additional assumption and the use of Eq. 3.3, we have:

P (X∆t, s) =

∫
P (s,X)P (X∆t|s,X) dX

= P (s,X∆t)[1− a(X∆t)∆t]

+ ∆t

∫
P (s,X)W (X∆t|X)dX (3.5)

By rearranging Eq. 3.5, P (X∆t, s) can be expressed in terms of W (X∆t|X) and

P (s,X):

P (X∆t, s) =

∫
P (s,X)W (X∆t|X)dX

a(X∆t)

=

∫
P (s,X)W (X∆t|X)dX∫
W (X∆t′ |X∆t)dX∆t′

(3.6)

In Eq. 3.6 both the numerator and denominator have any dependence on the

predictive time-delay ∆t only through the transition probability per unit time W , which

in turn per construction does not depend on ∆t. As such, P (X∆t, s) does not depend on

∆t. As a direct consequence of this, the PIB estimated by maximizing L′ in Eq. 3.1 as

well should not depend on the choice of ∆t, as long as ∆t is small enough that the master

equation formalism of Eq. 3.3 is valid.
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3.3 Correcting the propagator and the information bottleneck when using

biased trajectory

So far the formalism assumes we have access to various unbiased estimates needed

in order to maximize L′ in Eq. 3.1. However, the whole framework in RAVE is based

on iterations between machine learning and progressively biased MD, we need to be able

to construct PIB from biased trajectories as well. I am going to address the question of

how to do so, and develop a corrected form of Eq. 3.1. In Sec.2.4 we worked with biased

trajectories by making the assumption:

Pbiased(X
n+k|sn) ≈ Punbiased(X

n+k|sn) (3.7)

which led to the following L′ for a trajectory with length N + k:

L′ =

{
N∑

n=1

eβV
n

}−1 M∑
n=1

eβV
n

lnQ(Xn+k|sn) (3.8)

Here ∆t equals the time elapsed in k MD steps and Q(Xn+k|sn) is the probabilistic

mapping given by the approximate decoder to approximate the real posterior probability

P (Xn+k|sn). eβV n is a reweighting factor to correct for the bias in stationary probability

density estimate. The need for an approximate decoder arises from the principle of

variational inference wherein L is bounded from below by L′, and L′ will reach its

maximum if and only if Q(Xn+k|sn) = P (Xn+k|sn). This guarantees that maximizing

L′ will also force the approximate decoder be as close to the real posterior probability
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as possible. Thus in the limit that the neural network decoder is flexible enough to

approximate the real decoder exactly, optimizing L and L′ will give the same encoder. As

such we can assume the decoder is exact when deriving the correction for the propagator.

Eq. 3.8 corrects for only one of the two biased aspects of the trajectory: (i) it

reweights out the effect of the bias on the sampling probability at any given moment of

time, (ii) it however ignores the effect of bias on the short-term dynamical evolution of the

system as it assumes Eq. 3.7. Note that in the limit ∆t → 0, Eq. 3.7 becomes exact. But

as ∆t increases, Pbiased(X|s) gradually deviates from Punbiased(X|s) due to the existence

of bias.

To correct for the bias in Pbiased(X|s), we can first consider the relationship

of transition probability between biased and unbiased MD. By discretizing the

Smoluchowski equation along X, the transition probability can be written as [103, 104]:

W (X∆t|X) =
D(X∆t) +D(X)

2||X∆t −X||2
exp{−β[U(X∆t)− U(X)]

2
} (3.9)

where U(X) is the equilibrium, unbiased free energy and D is the diffusion coefficient.

In biased MD with bias V (s(X)) applied as a function of a putative RC s, the underlying

free energy gets replaced by U(X) + V (s(X)). Note that the bias is function of RC

s which itself is a well-defined function of basis functions or order parameters X that

depend on atomic coordinates, so the biasing force added on atoms is continuously

differentiable. Assuming that the diffusivity itself stays unchanged due to the addition

of bias (a common assumption in dynamical reweighting algorithms such as Ref. [105]),

we can then write down a relation between the biased and unbiased transition probabilities
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in terms of the bias:

Wb(X∆t|X) =

√
eβV (s(X))

eβV (s(X∆t))
Wu(X∆t|X) (3.10)

where the subscripts u and b denote unbiased and biased measurements respectively. Eqs.

3.3 and 3.10 together provide the relationship between Pb(X∆t|s) and Pu(X∆t|s):

Pb(X∆t|X) =

√
eβV (s(X))

eβV (s(X∆t))
Pu(X∆t|X) if X∆t ̸= X (3.11)

Pb(X∆t|X) = 1−
∫
X′

∆t ̸=X∆t

Pb(X
′
∆t|X)dX′

∆t if X∆t = X (3.12)

Finally, we can write down the bias-corrected expression for the objective function

L′ :

L′ =
c

N

N∑
n=1

eβV
n

lnQ(Xn|sn)

− c

N

N∑
n=1

eβ
V n+k+V n

2 lnQ(Xn|sn)

+
c

N

N∑
n=1

eβ
V n+k+V n

2 lnQ(Xn+k|sn) (3.13)

where c is an irrelevant constant independent of the neural network parameters.

The last term in Eq.3.13 is similar to Eq.3.8, which only considers the correction

for sampling points and not their dynamical propagation. The summation of the first

two terms can be interpreted as the correction for the propagator. To gain some intuition

into these, let’s consider the effect of the biasing potential on the dynamics. It pushes

the system from high bias region to low bias region, thereby spuriously increasing the
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conditional probability for being found in low bias region, given that earlier the system

was in high bias region. We thus want to reweight out this effect and only learn from

the dynamics induced by the original potential, which is what Eq.3.13 achieves. If the

trajectory goes from a state Xn with higher bias V n to a state Xn+k with lower bias

V n+k, the summation of the first two terms in Eq.3.13 will be positive. Note that in

Eq.3.13 the first two terms together in this regime encourage the decoder to generate

features close to Xn while the third term favors the decoder to generate features closer

to Xn+k. This will negate the spurious enhancement of probability of Xn+k due to the

biasing profile. Similar argument applies for the case V n+k > V n. I will conclude this

section by highlighting that is a rough approximation valid for short ∆t, and it can not

completely correct the effect of bias on dynamics. In the following examples I will discuss

the advantages and limitations of this new formula, and also analyze how valid was the

intuitive approximation Eq.3.7 made in Sec.2.4.

3.4 Results

I am now going to demonstrate the nature and effect of the corrections derived in

the previous section through a simple illustrative numerical example with exact results

pertaining to the true reaction coordinate and its free energy. More specifically, I

generated an unbiased trajectory on a model system and apply RAVE iterations to it.

This system is simple enough that we could generate a long enough unbiased trajectory

with sufficient sampling of different metastable states. RAVE calculations on this perfect

unbiased trajectory serve as our benchmark. In parallel, I add a biasing potential along the
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relevant slow mode of the system to generate a biased trajectory. Both of these trajectories

are then subjected to different treatments as proposed in Sec. 3.3, and as explained in the

remainder of this section, in order to judge how much of a difference our corrections

really make.

3.4.1 System set-up

The model system in this work has three degrees of freedom and a governing

potential energy U given by:

U(x, y, z) = 6(x2 − 1) + 0.0375[(y − z)2 − 8]2 + 45(y + z)2 (3.14)

Fig.3.1 shows the free energy profile along each degree of freedom and the

corresponding trajectory from evolving Langevin dynamics[106] with an integration

time step of 0.01 units at temperature kBT = 1. In agreement with the significantly

higher energy barrier along x, the transitions along x happen much less frequently and it

represents accurately the dominant slow mode in this system.

In this work I will focus on the difference between optimizing Eq.3.8 and Eq. 3.13.

Therefore, I perform the biased MD by using the slow mode x as the reaction coordinate

and constructing the bias potential on the basis of its analytical free energy. The bias

potential is constructed with a maximum bias of 3kT . The sum of the potential energy of

the system and the bias potential is shown as a dashed line in Fig. 3.1 (a) and the biased

MD trajectory can be found in supplementary information.
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Figure 3.1: Free energy profile along each degree of freedom of the model system (a), (c)
and (e) respectively) and the corresponding trajectories from Langevin dynamics ((b), (d)
and (f) respectively). In (a) the sum of underlying and bias potentials are indicated with a
dashed line.

3.4.2 RAVE set-up

The input to RAVE comprised the three-dimensional time-series of {x, y, z} as

obtained from Langevin dynamics. Whitening procedure from Ref. [107] was used to
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reduce artifacts from high variance. The RC or PIB was learnt as a linear combination

of {x, y, z}, thus characterized by corresponding three weights. Due to the possible non-

convex and inherent stochastic nature of the optimization, there is no guarantee that a

single training run gives us the most optimal RC. Indeed, here we trained 16 neural

networks with randomly initialized weights, and found significant run to run variation

in the output weights for {x, y, z}. Out of the 16 choices we selected the run that gave the

smallest loss function. In practice, such a high number of trial runs is not needed, and a

smaller number might very well be sufficient.

3.4.3 Calculated RC under different time-delays and approximation

schemes

We use the unbiased and the biased trajectories as input in RAVE with different

values of the predictive time-delay ∆t. Fig. 3.2 shows the weights of x,y and z in the

RC as obtained for these different set-ups. For the long well-sampled unbiased trajectory,

I use Eq.3.8 setting V n = 0 (Fig. 3.2 (a). This serves as a benchmark. For the biased

trajectory as well, we first use Eq. 3.8 setting V n = 0 (Fig. 3.2 (b). This illustrates

the effect of biasing on the different modes. Next, for the biased trajectory, I use Eq.

3.8 taking the bias into account for reweighting the stationary probability, but not the

propagator (Fig. 3.2 (c). Finally, I use the biased trajectory correcting for the effect of

bias on the stationary density as well as the propagator by making use of Eq.3.13 (Fig.

3.2 (d).

The RAVE solution for unbiased trajectory shown in Fig. 3.2 (a) assigns the highest
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Figure 3.2: Reaction coordinates learned by RAVE as functions of predictive time delay.
(a) RC learned from an unbiased trajectory using Eq. 3.8 setting V n = 0. (b) RC learned
from a biased trajectory using Eq. 3.8 with V n = 0. (c) RC learned from a biased
trajectory with Eq. 3.8 which takes the bias V n = into account for reweighting the
stationary probability, but not the propagator. (d) RC learned from a biased trajectory
correcting for the effect of bias on the stationary density as well as the propagator by
making use of Eq. 3.13.

weight to x, which is in agreement with our expectation that x is the slowest mode. The

weights for y and z always have different signs as they are anticorrelated according to

potential energy U in Eq. 3.14. Here I just want to compare their relative importance

so only the absolute values of the weights are shown all throughout Fig. 3.2. Fig.

3.2 (b) shows results after treating the biased trajectory without taking the bias into

account i.e. through the use of Eq. 3.8 with V n = 0. Due to biasing along x and

subsequent enhancement in fluctuations in this direction, now all 3 modes x, y and z are

comparable in their timescales, and without any reweighting RAVE assigns equal weights
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to the three degrees of freedom. This illustrates why reweighting out effects of bias is

crucial in RAVE, and arguably in general when using inputs from biased simulations

as training data in machine learning. In Figs.3.2(c) and (d) I use Eq. 3.8 and Eq.

3.13 respectively to correct for the effect of bias on the stationary probability and both

stationary probability/propagator. Both Eqs. 3.8 and Eq. 3.13 in Figs. 3.2 (c) and (d)

respectively give a remarkably similar profile to that obtained from the long benchmark

unbiased simulation used as input in RAVE. Thus, at least for this model system, it

appears that our intuitive approximation of Eq. 3.7 made in Ref.[77] was reasonable.

3.5 Conclusion

In this chapter, I have revisited the parameter time delay in RAVE. Specifically,

I first discuss the role of predictive time delay in RAVE demonstrating why its specific

value is not relevant as long as a small non-zero value is taken. Secondly, I introduced a

correction for the objective function in RAVE that corrects the effect of biasing potential

on the dynamical propagator of the system. Our work is grounded in the master equation

framework for the dynamics of the system in the true high-dimensional space. I prove that

the RC learned from RAVE should not depend on the choice of time delay, as long as time

delay is small enough that the master equation formalism of Eq.3.3 is valid. This explains

why in 2.4, the RC converged quickly as a function of predictive time delay. Also, by

introducing the correction for the transition probability in biased MD, I derive a new

objective function, which not only reweights the static distribution as in Sec. 2.4, but also

gives a better estimation of the transition probabilities. I find that apart from reducing
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the number of outlier solutions, the correction does not significantly improve upon the

intuitive approximation introduced in Sec.2.4. It remains to be seen if this holds true in

more complex systems, but given that the correction Eq. 3.13 involves no computational

overhead relative to Eq.2.6, I will use it as a default in the following chapters.
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Chapter 4: Interrogating RNA-small molecule interactions with RAVE

4.1 Introduction

RNA regulates diverse cellular processes, far beyond coding for protein sequence

or facilitating protein biogenesis[3]. In this role, RNA can interact with protein[108] or

small molecule factors [109, 110] to directly or indirectly impact gene expression and

cellular homeostasis[4]. For example, riboswitches are sequences found primarily in

bacterial mRNAs that contain aptamers for small molecules and regulate transcription

or translation[111]. In humans, mutations in noncoding RNAs can directly impact

neurodegenerative diseases and cancer[112, 113]. The regulatory role of bacterial

riboswitches, coupled with the broader link between RNA and human disease has also led

to interest in RNA as a therapeutic target for small molecules[114, 115, 116]. However, in

comparison to proteins, methods to computationally and experimentally interrogate RNA

structure are relatively less mature[117, 118]. Thus, more robust tools are needed to better

understand RNA structure, dynamics, and recognition of small molecules. In spite of its

clear relevance to fundamental science and drug discovery efforts, the highly dynamic

nature of RNA makes it difficult to study due to the diverse conformational ensembles it

adopts.[119, 120, 121] Luckily, riboswitches represent a valuable model for RNA-small

molecule recognition. When ligands bind to riboswitch aptamers, the RNA undergoes
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a conformational change that modulates gene expression[122, 123]. The cognate ligand

for a riboswitch is typically associated with its upstream gene, often part of the ligand’s

biosynthetic pathway.[123, 124] This feedback mechanism, paired with well-established

structural analyses, make riboswitches excellent models for RNA-ligand binding since

the target ligand is known and often highly specific[123].

Although we can use riboswitches to model RNA-small molecule interactions,

visualizing riboswitch-ligand dissociation pathways with high spatiotemporal resolution

remains a challenge for in vitro and in silico experiments. Such a femtosecond and all-

atom resolution is hard to directly achieve in in vitro experiments, while the associated

timescales are several orders of magnitude too slow for molecular dynamics (MD)

simulations performed even on the most powerful supercomputers. Previously, Ref. [125]

used Gō-model simulations of PreQ1 riboswitches, specifically transcriptional Bacillus

subtilis (Bs) and translational Thermoanaerobacter tengcongensis (Tt) aptamers.

Their work suggests that in respective cases the ligand binds at late and early stages

of riboswitch folding, indicating that perhaps these riboswitches respectively fold via

mechanisms of conformational selection and induced fit. Since Ref. [125], RNA force-

fields have become more detailed and accurate, but the timescales involved in RNA-small

molecular dissociation continue to stay beyond reach[126].

Encouraged by the success of applying RAVE on the two benchmark systems,

I explore the possibility of using RAVE to better understand the ligand-riboswitch

dissociation process. Particularly, in my collaboration with experimentalists, we combine

(i) enhanced sampling methods combining statistical physics with artificial intelligence

(AI)[47, 77, 101, 127] and (ii) experimental techniques to measure RNA flexibility
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Figure 4.1: Conformational change of the PreQ1 riboswitch and chemical structures of
PreQ1 and synthetic dibenzofuran ligands.

and ligand binding[128, 129, 130]. The computational sampling techniques allow

us to study the dissociation process in an accelerated but controlled manner, while

the Seletive 2’ Hydroxyl Acylation analyzed by Primer Extension and Mutational

Profiling (SHAPE-MaP), microscale thermophoresis (MST) and fluorescence intensity

assay (FIA) provide a rigorous validation of the computational findings. Specifically,

I study the Tt-PreQ1 riboswitch aptamer interacting with its cognate ligand PreQ1 (7-

aminomethyl-7-deazaguanine) and a synthetic ligand (2-[(dibenzo[b,d]furan-2-yl)oxy]-

N,N-dimethylethan-1-amine)[131]. See Fig. 4.1 for an illustration of the riboswitch and

chemical structures of the two ligands.

4.2 Ligand binding induces flexibility change in riboswitch aptamer

The first test is to compare the nucleotide-specific flexibility from all-atom

simulations to those from SHAPE-MaP measurements. I perform 2 µs unbiased MD

simulations (4 independent sets of 500 ns each for both ligands) each for PreQ1

riboswitch bound with the cognate and synthetic ligand respectively. See Appendix

for details of simulation set-up. While these simulations are not long enough to
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observe ligand dissociation, they can still give a robust measure of how the flexibility

varies between the two different ligand-bound systems and provide nucleotide-level

insight into how specific ligand binding induces different conformation changes in the

riboswitch. Specifically, I compare the fluctuations of the distances between consecutive

C2 atoms obtained from these simulations with SHAPE-MaP measurements. Our

experimental collaborators performed SHAPE-MaP analyses using a PreQ1 riboswitch

construct consisting of the entire riboswitch (both the aptamer domain and expression

platform). Probing was performed using a recently reported SHAPE reagent, 2A3,

that provides improved mutagenesis rates during reverse transcription[132]. I analyze

data in the absence of any ligand, and in the presence of either cognate ligand (PreQ1)

or synthetic ligand. The results is in good agreement with previous studies reporting

SHAPE-MaP on PreQ1 riboswitches using different SHAPE reagents and a slightly

shorter construct[133]. As discussed previously[134], base pairing interactions are the

most important determinant of RNA structural constraints, and thus base-base distance

fluctuations are a crucial metric of RNA backbone flexibility. Indeed, as shown in

Fig. 4.2, we obtain good agreement between C2-C2 distances from unbiased MD

and experimentally measured SHAPE flexibilities for all 3 systems: ligand-free PreQ1

aptamer, cognate-ligand-bound PreQ1 aptamer and synthetic-ligand-bound aptamer. I

would like to note that though unbiased MD simulations capture most of the fluctuations

measured by SHAPE, some of the peaks showed by SHAPE are not observed in MD,

which might be due to the time scale limitations of unbiased simulations or the kinetic

regime measured by SHAPE reactivity. In addition to the agreement between MD and

SHAPE, Fig. 4.2 also shows that, for all three systems, nucleotides in the ranges A13-
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C15, U21-A24, and A32-G33 are more flexible than other regions of the riboswitch[133].

The agreement between MD and SHAPE approaches provides solid validation that our

simulations using classical force-fields[135] accurately model the behavior of complex

RNAs.

4.3 Ligand binding affinity with riboswitch aptamer

Next I aim to calculate the free energy profiles and reaction coordinates for ligand

dissociation from PreQ1. As these timescales are far beyond unbiased MD, here I use

RAVE to learn the dominant slow degrees of freedom and simulate the whole dissociation

event.

I use AMINO[101] as a pre-processing method to reduce the number of order

parameters fed to RAVE. AMINO achieves the goal of reducing the redundancy of

the OP set by using the idea of clustering. AMINO uses a mutual information-base

distance metric to quantify the distances between OPs, i.e., those OPs that share similar

information will be closer to each other. With this distance metric, k-medoids clustering

is used to group each OP into different clusters and the OP from the center of each group

is selected as output to represent other OPs in the same group. The number of groups is

determined by measuring the rate–distortion functions.

To describe the relative position of ligands to the riboswitch, I choose the pairwise

distance between each heavy atom from ligand and the center of mass of each ribose of

individual nucleotide. Four 500 ns unbiased trajectory is used as the input to learn the

reduced set of OPs. The reduced set of OPs for riboswitch bound with cognate ligand and
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Figure 4.2: SHAPE reactivities for the Tt PreQ1 riboswitch aptamer obtained using
the 2A3 reagent (red circles joined by solid lines) are compared with the fluctuations of
C2 − C2 distances (blue triangles joined by dashed lines) for the PreQ1 riboswitch (a)
in the absence of ligand, (b) bound to cognate ligand, and (c) bound to synthetic ligand.
Pearson correlation coefficients R are shown in upper left corners.

riboswitch bound with synthetic ligand are indicated in Fig. 4.3

After four rounds of such iterations, I obtain converged RCs for both systems,
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Figure 4.3: Weights for different order parameters (OPs) learned by RAVE in the
corresponding RC for riboswitch aptamer with (a) cognate ligand and (b) synthetic ligand.
The OPs are named in the format “ligand atom-residue name”. Ligand structures and atom
names are shown in insets.

expressed as a linear combination of different riboswitch-ligand heavy atom contacts. Fig.

4.3 shows different contacts and their weights as obtained from RAVE simulations. It is

interesting to note that the RC for the cognate ligand has many more components than the

RC for synthetic ligand, highlighting differences between the molecules. Most of these

contacts in the RC are present also in the crystal structure (PDB 6E1W, 6E1U), except

carbon 5–U2, carbon 5–A23 for the cognate ligand and carbon 1–A23 for the synthetic

ligand (ligand atom numbering corresponds to numbering in PDB files). I then used this
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Figure 4.4: Free energy profiles of riboswitch with different ligands. Coordination
number 0 (see Eq. 4.1) indicates ligand fully dissociated from riboswitch. The error
bars are shown by the highlighted colors. The approximate range of coordination number
corresponding to the unbound pose is highlighted in light green color (C ≲ 5.6).

optimized RC and ran 10 independent biased MD simulations each using well-tempered

metadynamics[47] to sample the free energy profiles of the systems. The probability

distribution was estimated by using the reweighting technique introduced in Ref.[136]. In

Fig. 4.4 I show the free energy profiles as functions of the ligand-riboswitch coordination

number for both systems. Note that for both systems there were 2 predominant pathways

as indicated through arrows in Fig. 4.5. A key difference between the two paths is that in

the first path, the ligand unbinds through the space in between stem 2 and the backbone

connecting stem 1 and loop 1 (Fig. 4.5, blue arrows). In the second path, the ligand

unbinds through the space in between loop 2 and stem 2 (Fig. 4.5, red arrows). In

order to compare the binding free energies of the two systems, I combine the information
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from both the pathways by plotting the free energy as a function of the ligand-riboswitch

shared coordination number C. During the dissociation process, the coordination number

gradually decreases to 0 irrespective of which path is adopted during dissociation. We

can define the coordination number C as:

C =
1

N

N∑
i=1

M∑
j=1

1

1 +
(

rij
r0

)4 (4.1)

where N and M are the number of ligand and riboswitch atoms respectively. rij is

the distance between ligand atom i and riboswitch atom j and r0 is set to be 3 Å. It

can be seen from Fig. 4.4 that when bound to the riboswitch, the cognate ligand has

higher C relative to when the synthetic ligand is bound to it, illustrating that the synthetic

ligand makes overall fewer contacts per ligand atom with the riboswitch, as also observed

in crystal structures (PDB 6E1W and 6E1U). Though I was not able to simulate the

rebinding of ligands to get a converged free energy profile, the probability distributions

used to construct these free energies are obtained by averaging over multiple independent

dissociation events. This leads to the relatively small error bars shown in Fig. 4.4, which

indicate that we can use the free energy profile to give a rough estimation of the strength

of binding affinity. By considering C ≲ 5.6 as the unbound states, we can calculate that

the binding affinity difference between bound and unbound state is 2∼4 kcal/mol higher

for the cognate ligand than that for the synthetic ligand. This is in quantitative agreement

with relative affinity measurements (3.0 ± 1.4 kcal/mol) through fluorescence titrations

as reported in Ref.[131].
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Figure 4.5: Dissociation pathways for (a)-(b) cognate ligand and (c)-(d) synthetic ligand.
Stem 1 (S1), stem 2 (S2), loop 1 (L1), loop2 (L2), and loop (L3) are colored green, cyan,
magenta, gray, and orange respectively. During the dissociation processes, the ligands
at different time frames are colored from white to dark blue and white to red, for the
top pathway and bottom pathway respectively. The dissociation pathways are indicated
with arrows. The predicted mutation sites U22 and A32 are highlighted in red and blue
respectively.

4.4 Predicting critical nucleotides for mutagenesis experiments

Mutations in noncoding RNA can have disastrous consequences on the human body,

leading to diseases such as cancer, dementia, and Alzheimer’s[137]. An explosion of
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Figure 4.6: Critical nucleotides prediction. Change in RMSD for nucleotides U22 and
A32 during the dissociation process, relative to RMSD variation in the apo state. RMSD
profiles as function of coordination number are shown by blue dashed line and orange
solid line for systems with cognate ligand and synthetic ligand separately. The change in
RMSDs is calculated by subtracting the mean RMSDs of the corresponding nucleotide in
apo system from the RMSDs measured in the biased simulations.

research exploring the functionality, sequencing, and regulation of noncoding RNA has

been published in recent years[138, 139]; however, uncovering the specific nucleotides

76



involved in target-ligand binding remains a mystery. In addition to its fundamental

biochemical relevance, the discovery of nucleotide mutations can also shift the focus of

drug design from small molecule therapeutics to highly specific, target-based therapies

with lower side effect profiles and higher efficacy.[140] We are interested in not just

nucleotides we could have predicted from looking at the static structures of ligand-bound

complexes, but also in nucleotides distal from the binding site. Those nucleotides might

play an essential role in determining the structural ensemble of a riboswitch. Thus,

changing the properties of those nucleotides can alter the interaction between ligand and

other nucleotides. Such critical nucleotides are hard to predict from a purely structural

perspective, but our all-atom resolution dissociation trajectories are ideally poised to make

such predictions. I analyze 10 independent dissociation trajectories each obtained for the

synthetic ligand bound and cognate ligand bound systems to predict critical nucleotides

in the riboswitch that play a role in the dissociation process. Predictions made in this

section are then validated through mutation experiments reported in Sec. 4.5.

From the collection of dissociation trajectories, we can observe that dissociation

mainly happens through two pathways (Fig. 4.5) and that for the cognate ligand, 7 out of

10 simulations went through the top/blue pathway, while for the synthetic ligand, 6 out of

10 simulations went through the bottom/red pathway. To more rigorously quantify the role

played by different nucleotides, I monitor the change in the RMSD of every nucleotide

during the dissociation process, relative to how the respective nucleotide is in the bound

complex. My motivation here is that the nucleotides showing greatest relative movement

during the dissociation process are the ones most likely to be impacted once mutated.

As shown in Fig.4.7, every nucleotide’s RMSD changes with the coordination number C
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which captures the extent of dissociation. These changes indicate different conformations

the riboswitch adopts during ligand dissociation. Through this procedure I identify U22

and A32, highlighted in Fig. 4.5, to be two such critical nucleotides for the cognate and

synthetic ligands respectively. Fig. 4.6 shows the changes in the RMSDs of these two

selected nucleotides during the dissociation process. For U22, in RAVE simulations the

RMSD increases much more for the cognate ligand-bound system, than for the synthetic

ligand-bound system. However, the reverse is found to be true for the nucleotide A32,

which displays more enhanced movement during the dissociation of the synthetic ligand

bound complex relative to the cognate ligand bound complex.

On the basis of the above observations, we can predict that for the cognate ligand,

mutating U22 should display more tangible effects on the strength of the complex than

mutating A32. For the synthetic ligand, we predict an opposite trend – mutating A32

should have a more pronounced effect on the interaction relative to mutating U22.

4.5 Validating predicted critical nucleotides through mutagenesis

experiments

In Sec. 4.4 I predicted on the behalf of the dissociation trajectories that mutating

nucleotides U22 and A32 will have differing effects on the cognate ligand-bound and

synthetic ligand-bound systems. Also, we would like to note that, as we can see from

Fig. 4.6, the RSMD changes appear in the range of coordination number that corresponds

to the bound state. These changes imply the role of these nucleotides in determining

the bound state interactions and suggest that the effects of mutations can be reflected by
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Figure 4.7: The change of RMSD of each nucleotide during the dissociation process.
RMSD as a functions of coordination number are shown by blue dashed line and orange
solid line for systems with cognate ligand and synthetic ligand separately.

changes in binding affinity. Here I report in vitro tests of our predictions. As shown in

Fig.4.8, our experimental collaborators measure the equilibrium dissociation constantKD

for six different complexes, namely the two wild-type complexes, U22A-cognate ligand,

U22A-synthetic ligand, A32U-cognate ligand, and A32U-synthetic ligand.

To experimentally test whether the A32U and U22A mutations impacted KD

values, we used microscale thermophoresis (MST). KD values were measured using

fluorescently labeled wild type, A32U, and U22A PreQ1 riboswitch aptamer constructs
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Figure 4.8: Affinity measurement of PreQ1 (cognate) and dibenzofuran (synthetic)
ligands binding to WT Tte riboswitch and U22A and A32U mutants. MST of 5’-cy5-
labelled (a) WT Tte, (b) U22A, and (c) A32U mutants in the presence of PreQ1 ligand.
FIA of 5’-cy5-labelled (d) WT Tte, (e) U22A, and (f) A32U mutants in the presence of
dibenzofuran. Error bars represent the standard deviation of three replicate experiments.

for the cognate ligand. For PreQ1, we observed a KD of 11.7 ± 0.35 nM for the WT

construct. In contrast, the A32U mutant had a KD of 22.5 ± 0.42 nM while the U22A

mutant had a KD of 49.4 ± 1.5 nM. For the synthetic ligand, changes were observed in

80



fluorescence of the labeled RNA upon incubation with the ligand, and thus a fluorescence

intensity assay (FIA) was used to measure KD values rather than MST. Using FIA we

observed a KD of 1.6 ± 0.7 µM for the wild type aptamer. In contrast, both the U22A

and A32U mutant constructs displayed significantly weaker KD values (150 ± 1.3 µM,

and ≥ 100 µM respectively). These KD measurements directly validate the findings from

Sec. 4.4. There we had predicted that mutating U22 will effect the cognate ligand-bound

system more than mutating A32, and indeed we find that KD for U22A is 5 times weaker

than WT, while only 2 times weaker for A32U. At the same time, we had predicted that

mutating A32 will effect the synthetic ligand-bound system more than mutating U22,

and indeed we find that while the KD for U22A is 75 times weaker than WT, there is

effectively no tangible association at all for A32U with the synthetic ligand.

The in silico experiments also support that the mutations alter the bound state

ensemble and give more insights into the interaction change in the bound state after the

mutations. I performed MD simulations with the mutated systems to validate that the

mutations changes the bound state ensemble of both systems. I first used PyMOL[141] to

generate the mutants U22A and A32U for riboswitch with cognate or synthetic ligands. I

then performed four independent unbiased simulations for each system, with each 500ns

long. The structures were saved every 10 ps. In the 500 ns simulations, the ligands stay in

the bound pose. The statics of samples from these simulations can be used to illustrate the

influence of mutations on the bound state ensemble. Fig.4.9 shows the free energy profiles

of these systems and clearly indicates the changes in the bound state ensemble brought by

the mutations U22A and A32U. I also study the hydrogen bond occupancy between ligand

and nucleotides from riboswitch in 2µs long unbiased MD simulation. This captures the
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bound state ensemble better than just the crystal structure and shows how the mutations,

even though distal, disrupt the hydrogen binding patterns. The number of hydrogen bonds

is calculated by VMD[142] with an angle cutoff of 30 degrees and a distance cutoff 3.5Å.

The hydrogen bond occupancy is defined as ρ̄ =
∑n

i=1Ni/n where n is the number of

total frame and Ni is the number of hydrogen bonds in frame i. Fig.4.10 shows that

different hydrogen bonds between ligand-nucleotide pairs are formed in the bound state

ensemble before and after the mutations. For example, the hydrogen bonds between

cognate ligand and C16 disappeared after the mutation and the hydrogen bonds between

cognate ligand and A28 mainly showed up in the A32U mutant. Also, for synthetic ligand,

the hydrogen occupancy with U6 largely increases after the mutations while that with G4

decreases. So even though nucleotides 22 and 32 do not directly form hydrogen bonds

with both ligands in the bound pose as seen in the crystal structure, interactions between

ligands and other nucleotides are still altered when they are mutated

Figure 4.9: Free energy profile from 2µs unbiased simulation for wild tpye and mutated
systems with (a) cognate ligand and (b) synthetic ligand. The error bars are indicated by
the shaded region around each curve.
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Figure 4.10: Hydrogen bond occupancy for wild type and mutated systems calculated
through 2µs long unbiased MD simulation with (a) cognate ligand and (b) synthetic
ligand. The labels on the x-axis define the hydrogen bond pairs with the format “donor-
acceptor”.

4.6 Discussion

In this chapter, I showed how one can obtain detailed and robust insights into RNA

structural dynamics through AI-augmented molecular simulations that maintain all-atom

resolution for RNA, ions and all water molecules. All my predictions are validated

through a gamut of complementary and experimental techniques that measure RNA

flexibility and ligand binding. I specifically focused on the Tt-PreQ1 riboswitch aptamer

system in its apo state and bound to two different ligands, where I first showed that 2

µs long unbiased MD simulations with classical all-atom force-fields for RNA and water
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can provide the same flexibility profile as measured in SHAPE experiments. Since the

timescales for ligand dissociation are far slower than MD can typically access, I used the

RAVE simulation method[77] that enhances sampling along a low-dimensional reaction

coordinate learned on-the-fly through the past-future information bottleneck framework.

Through RAVE we obtain multiple independent dissociation trajectories for both cognate

and synthetic liganded systems, demonstrating how the cognate and synthetic ligands

invoke different aspects of the riboswitch’s flexibility in order to dissociate. On this

basis, I were able to predict pairs of mutations which would be expected to show

contrasting behaviors for the cognate and synthetic ligands. The ability to make such

predictions accurately and efficiently is of vital importance, as mutations that can disrupt

RNA structural dynamics and ligand recognition processes have been linked to numerous

human diseases[143, 144]. My predictions for the Tt-PreQ1 aptamer were validated by

designing mutant aptamers and performing affinity measurements.

This work thus demonstrates a pathway to gain predictive insights, as opposed

to retrospective validation, from enhanced molecular dynamics RAVE simulations

that maintain femtosecond and all-atom resolution while directly observing processes

as slow as ligand dissociation. While the focus in this work was on predicting the

thermodynamically averaged aspects of riboswitch flexibility, in future work it should

also be possible to directly calculate rate constants using complementary approaches and

for more complicated RNA systems. More broadly, this work indicates that long time

scale MD simulations can accurately model ligand dissociation from RNA, and provide

validatable hypotheses about structural features that impact small molecule recognition

of RNA. Thus, this strategy will be widely applicable not only to study natural systems
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such as riboswitches, but to more completely understand the structural features and

dynamics that govern how synthetic small molecules interact with RNA.
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Chapter 5: Mixing physics across temperatures with generative AI

5.1 Introduction

Using simulations or experiments performed at some set of temperatures to learn

about the physics or chemistry at some other arbitrary temperature is a problem of

immense practical and theoretical relevance. Here I develop a framework based on

statistical mechanics and generative AI that allows solving this problem.

Specifically, this framework uses generative AI that learns to efficiently sample

such high-dimensional, complex probability distributions forN−body molecular systems

valid across temperatures. There are two central ideas guiding this framework. Firstly,

I do not treat the temperature T as just a control parameter. By noting that the

temperature is a measure of the average kinetic energy, I instead work directly with

the fluctuating kinetic energy, using equipartition theorem to define an instantaneous,

effective temperature which we still call T . For finite N not yet in the thermodynamic

limit, T so defined will display significant fluctuations proportional to 1/
√
N . Secondly,

if we have experiments or simulations performed at temperatures T1, T2, ...TK , we can

view them all together as being sampled from the same, but unknown, joint probability

p(x, T ) for N−body configurations x. I then use a generative AI method, specifically

denoising diffusion probabilistic models (DDPM)[145, 146] to generate many more
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samples from p(x, T ), given the spare, high-dimensional dataset.

By learning p(x, T ) I am referring to the ability to generate many more samples

from p(x, T ) given the data set we have from simulations. DDPM has been shown to

possess the ability to infer and learn the underlying relationship from complicated data

i.e. high-dimensional and with complex correlations, but also noisy and sparse[145, 146].

DDPMs learn two diffusion processes expressed through stochastic deep neural networks,

which are called noising and denoising. The forward diffusion or noising converts the

samples from high-dimensional, structured and unknown probability distribution into

simpler and analytically tractable white noise. The backward diffusion or denoising

learns the mapping back from noise to meaningful data. The central idea is that it is easy

to generate numerous samples from the noisy distribution, which can then be denoised

back to structured data. The process has been demonstrated to be comparable or even

outperform other generative AI models for generating high quality samples, and in its

ability to model in an unsupervised way the underlying semantics behind meaningful

data[145, 146].

Here I focus on REMD[38, 147] introduced in Sec.1.3.2. REMD uses information

generated at a ladder of temperatures to swap configurations across temperatures. REMD

has been extremely powerful over the decades for the study of molecular systems with

rough energy landscapes for fundamental science and practical applications[148, 149].

Numerous advances have been introduced over this basic idea in order to make it more

efficient computationally[39, 40, 150, 151, 152, 153, 154, 155] and it continues to be an

area of very active research.

I will demonstrate how DDPM applied to all-atom, femtosecond resolution REMD
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simulations of a small peptide and a RNA nucleotide very significantly improve

the quality of data generated across temperatures, including temperatures at which

the simulation was never performed and even at temperatures outside the ladder of

temperatures, significantly improves the estimates of free energies made through REMD

and providing accurate sampling in parts of configuration that were not previously visited

in the lowest temperature replica during REMD. These could be metastable states or

transition states. I also show how this can be used to generate samples at temperatures not

included in the ladder of replicas. The samples the model generate have thermodynamic

relevance and correspond to correct Boltzmann weights as opposed to being just wild

hallucinations[146, 156].

5.2 Temperature as a random variable

Here let’s consider the equivalent p(x, β) where inverse temperature β = 1
kBT

and kB is Boltzmann’s constant. MD or Monte Carlo (MC) methods allow sampling

configurations x as per the equilibrium probability pβ(x) ≡ e−βU(x)/Z, where U(x)

is the potential energy of the N−body system and Z =
∫
dxe−βU(x) is the partition

function. For systems of practical interest in biology, chemistry and materials science,

if T is not large enough, it becomes nearly impossible to sample reliably from pβ(x)

as many regions of interest in configuration space will have e−βU(x) ≈ 0. To deal

with this problem, in REMD one simulates K+1 replicas of the system at temperatures

β = β0 > β1 > ... > βK . For low enough βK or equivalently high enough temperature

TK , the sampling from pβK
(x) ≡ e−βKU(x)/ZK is expected to be more ergodic. One

88



then periodically exchanges conformations between consecutive pairs of replica with a

Metropolis-type acceptance probability that depends on the potential energies of the two

replicas and their temperatures. This way even the low-temperature β0 replica can explore

configurations that it would not have otherwise visited.

I would argue that by treating the temperature just as a control parameter REMD

is not making full use of the information gathered across the ladder of temperatures. In

most current incarnations of REMD (excluding exceptions such as Ref.[157]), all that the

higher temperatures do is to help the lower temperature replicas discontinuously appear

in different locations of the configuration space. Here I take a slightly different view

of the temperature in REMD. I would like to point out that this prospective can also be

easily generalizable to other thermodynamic variables which show fluctuations for finite

system size. By working with an approximate, effective temperature, we can treat it as a

random variable instead of a control parameter. To do so we can work with an effective,

instantaneous temperature of the system associated with its kinetic energy instead of the

temperature of the heat bath that we expect the thermostat to enforce on average. More

rigorously thus, we are sampling the joint p(x, κ) where the per-particle kinetic energy κ

is related through its ensemble average to the temperature, i.e. ⟨κ⟩ = 3
2β

. I would like

to emphasize that the effective temperature is not the true thermodynamic temperature -

however for the sake of simplicity I still use the symbol T or β to denote this effective

temperature or its inverse respectively.

The motivation in doing so is that all replicas across different temperatures can

be viewed as being sampled from the same joint probability p(x, β) – as opposed to

different replicas sampling from respective pβK
(x). This change of perspective allows us
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to combine together the data collected from different temperatures as having arisen from

the same, although intractble, probability distribution p(x, β).

5.3 Denoising diffusion probabilistic model

Our task at hand now is to learn the joint probability p(x, β) given sampling that

has already been performed in REMD across x−space and temperatures β = β0 > β1 >

... > βK . There are two main challenges in this. The first challenge comes from the

curse of dimensionality: the memory or computational resources needed to track a very

high-dimensional distribution function increase exponentially as the number of degrees of

freedom increases. For instance, for REMD of a small 9-residue peptide in explicit water,

which we study here, we exchange all 4749 atomic coordinates between the replicas, but

for the purpose of analysis we set x as 18 Ramachandran dihedral angles. This means we

already have a 19-dimensional space where binning procedures are out of the question.

The second challenge comes from the sparsity of the data. Most of our samples come

from high probability regions p(x, β) and we have very few samples for low-probability

states due to inefficient exchange betweem replica. In summary we have sparse sampling

of data points in very high-dimensional (x, β)−space and wish to construct p(x, β) from

this information so that one can create many more samples at any temperature of interest.

DDPM can generate many more samples from p(x, β). The main idea behind the

use of DDPM here is to learn a simple and easy-to-sample-from distribution Psimple(x, β)

that approximates the true p(x, β). For notation simplicity, we denote s = {x, β} and

refer to Psimple(s) henceforth. DDPM does this by learning to reverse a gradual, multi-
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Figure 5.1: Lower panel shows the neural network architecture used in this work. It
has the basic structure of the U-Net model[158]. During the diffusion process, which is
indicated by the direction of blue arrows in the upper panel, noise is gradually added to
the sampled data, in this case the picture of a very good boy, through a diffusion process
labeled with diffusion step ti. This changes the sampled distribution (for example, more
pictures of dogs) to a simpler isotropic Gaussian distribution from which one can easily
generate more samples. An AI model is then trained to reverse such a diffusion process
and starting from sampled noise, learn to generate images similar to the input image by
following the direction indicated by the orange arrows. It takes an 1-d array s′, which
is the noisy sample at diffusion step ti, as input and outputs the parameterization of a
Gaussian distribution to get the reversed transition kernel q(s, ti−1 | s, ti). Each residue
block consists of three components: two 1-d convolution operations with kernel size 3
and a group normalization[159] between them. The diffusion step ti is added to each
convolutional block after being transformed by the sinusoidal position embedding[160].
The final conv label denotes the convolution operation with kernel size equal to 1. Max-
pooling reduces size of the features by half, while up-sampling uses the transposed
convolution to expand the size of features.

step noising process that starts with the relatively limited number of samples generated

from the distribution p(s) and diffuses to the simpler distribution Psimple(s) that is easy-

to-sample. For instance, Psimple(s) could be an isotropic Gaussian. In addition to learning

this noising process, DDPMs also learn the reverse denoising process which allows us

to go back from samples generated using Psimple(s) to samples that would have been

generated from the underlying P (s). Both the noising and denoising processes are

modeled using diffusion processes that convert probability distributions to one another,
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and are implemented using the architecture shown in Fig. 5.1, which is based on the

standard architecture for DDPMs as described in Ref.[146].

Figure 5.2: (a) AIB9 in left-handed (L) and right-handed (R) conformations in explicit
TIP3P water. (b) Free energy profile of residues (with residue 5 as an example) with two
stable states labeled as L, R and two excited state labeled as La, Ra. When all residues
are in L states, the peptide chain is in left-handed state and similar for right-handed state.
Free energies in (b) here as well as all through the manuscript and Supporting Information
are provided in units of kBT .

The noising diffusion process carried out in the space s = {x, β} that converts

p(x, β) to the simpler Psimple(x, β) can be decomposed into M discrete steps denoted

by corresponding transition probabilities p(s′, ti+1|s, ti) where i ∈ [0,M ], P (s, t0) ≡

p(x, β), and P (s, tM) ≡ Psimple(x, β). In DDPM, this noising diffusion process that

converts sampled data to essentially noise, is set to be an Ornstein–Uhlenbeck (OU)

process in which the transition probability follows an simple Gaussian form. One can

then easily generate samples from P (s, t0) ≡ p(x, β). The tricky bit now is to convert

these samples back to the original distribution. In Ref.[145], it was shown that this

transition reversed diffusion kernel P (s, ti|s′, ti+1) can also be written in a Gaussian

form. A deep neural network (Fig.5.1) is then trained using variational inference to

learn the approximate reversed transition kernel Q(s, ti|s′, ti+1) ≈ P (s, ti|s′, ti+1). Thus

by generating samples from a normal Gaussian distribution, which we can easily do in
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large numbers, and then passing these through the reversed transition kernel, we can

generate samples that follow the target distribution p(x, β) as desired. Note that instead of

learning the joint probabilities P (s1, s2), it can be advantageous to learn the conditional

probability P (s1|s2). This can be done through the protocol in Ref.[145] by adding a delta

function to allow only a subset of s to change during the nosing and denoising process,

i.e. δ(s2 − s′2)P (s1, s2, ti|s′1, s′2, ti+1). This is very useful when for instance we are

interested in generating samples only at a certain temperature or only in certain regions

of the configuration space. In the most general form of diffusion probabilistic models

(DPM)[145], the reversed transition kernel Q(s, ti|s′, ti+1) is considered as Q(s, t − 1 |

s′, t) = N (s; µ̃(s′, t), σ̃t(s
′, t)) and the neural network is trained to learn the mean µ̃(s′, t)

and variance σ̃(s′, t). In practice, however, there are many different ways to choose the

Gaussian distribution parameterization. In Ref.[146], DDPM was introduced with a new

parameterization approach to reduce the complexity of the training task. DDPM got its

name because such a design makes the learning task resemble a denoising score matching

procedure[161]. In Ref.[146], it was shown that with such a design, DDPM can generate

samples of a quality that are comparable or even better than other generative models.

5.4 Results

I going to demonstrate how the above protocol can be applied to mix data collected

from different temperatures and configurations in REMD and significantly improve the

quality of sampling. Specifically, I consider the following two challenging tasks:

1. Can we improve the sampling quality for the lowest-temperature replica with more
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accurate probability estimates than directly seen after REMD? This includes being

able to generate samples in low probability regions such as transition and metastable

states, and reliably estimating their free energies.

2. Can we generate samples at temperatures that are not even included in the replica

ladder? This would include temperatures within the range of the replica ladder and

also extrapolation to temperatures outside the range.

5.4.0.1 Peptide conformational transitions

To demonstrate the performance of DDPM, we first study a small peptide chain

Aib9 in explicit TIP3P water[162] using CHARMM36m force-field[163]. This 9 residue

system (Fig.5.2) (a) displays rich and complex conformational dynamics[164] including

the transitions between fully left-handed and right-handed helices. However, even in 4

µs unbiased MD at 400K, one can see only around 2–3 transitions between these two

dominant equiprobable conformations, and even fewer, if any, transitions to the higher

energy metastable states. To improve the sampling of this system, I perform REMD

with 10 replicas at geometrically spaced temperatures ranging from 400K to 518K, with

temperature increased by 3% for each replica. The attempt of exchanging configurations

was made every 20 ps, with acceptance rate around 1% ∼ 2% between neighboring

replicas, which is intentionally kept lower than what one usually has in REMD. This

is because I want to show that even in the extreme cases where the number of atoms

N is so large that replicas do not have enough overlap, or if one wants to reduce the

number of replicas to save computational resources, our DDPM can still do a decent
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job of complementing REMD and reconstructing the true probability distribution at any

temperature of interest. To benchmark our results, I ran unbiased MD at 400 K for 4 µs

and at 500 K for 0.6 µs.

Figure 5.3: Samples (dots) from REMD (left) and DDPM (right) at 400K. The Boltzmann
weights for different samples are indicated through their free energy (contour lines,
separated every 0.74 kbT ). (a) Samples generated from DDPM and free energy profile
projected on dihedral angles of residue 5. (b) Samples generated from DDPM and free
energy profile projected on dihedral angles of residue 8. DDPM was able to generate
samples in states that are not present in the training dataset for both residues, indicated
with thick black arrows in the right panels.

To quantify the quality of sampling, we can focus on the 18 dihedral angles

corresponding to all 9 residues (Φ1,Ψ1,Φ2,Ψ2, · · ·Φ9,Ψ9). As shown in the
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Ramachandran plot in Fig. 5.2 (b), the free energy surface along any pair of dihedrals

is mainly characterized by four metastable states: two equiprobable low-energy ground

states (L, R) and two excited states (La, Ra). The Ramachandran plots for all nine

residues in the system look qualitatively similar but the middle residues of the peptide

are known to be less flexible with higher energy barriers.[165, 166] I thus focus on

the sampling for residues 5 and 8 as shown in Fig.5.3. I train the DDPM on a

REMD trajectory. At the lowest temperature of interest (400K), this trajectory has

not yet achieved sufficient sampling. As shown in Fig.5.3, DDPM successfully mixes

information from all temperatures and configurations, and generates samples in states

that are not present in the training dataset for both residues, indicated with thick black

arrows in the right panels of Fig.5.3. Specifically, for residue 5 we can see that the

transition states between state R and state La, which were not being sampled in the 400K

replica, are populated in samples from DDPM. For residue 8 the improvement is even

more striking as the state Ra which was simply not sampled in REMD now gets populated

after DDPM. To further quantify the improvement gained due to DDPM, I compare the

free energy differences between different configurations from both REMD and DDPM

against much longer reference unbiased MD at 400K. As shown in Fig.5.5, the free energy

difference calculated from samples generated by DDPM are much closer to the that from

the reference MD. Thus, DDPMs are able to accomplish the first task highlighted above. I

also want to highlight that while some spurious samples are generated, seen through dots

outside the free energy contours in Fig. 5.3, their Boltzmann weights are very low. Thus,

our model “dreams” new configurations without hallucinating spurious configurations.

I am now moving to the second task from the list above, and test DDPM’s
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Figure 5.4: Comparing ∆G calculated from samples of REMD, DDPM and long unbiased
MD. See the text for precise definitions of various states. The free energy difference
between the ground state L (orange box) and excited state Ra (green box). Green empty
crosses are reference values from 4 µs long unbiased MD at 400 K. Green filled plus
signs show values after REMD and DDPM, while orange circles show values after REMD
without DDPM.
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Figure 5.5: Comparing ∆G calculated from samples of REMD, DDPM and long
unbiased MD. See main text for precise definitions of various states. The free energy
difference between the ground state L (orange box) and the transition state (purple box)
at 2 different temperatures, 400K and 500K

.

ability to generate samples by interpolating or even extrapolating across temperatures not

considered in the ladder of replicas. In the first example, I use it to generate samples at 500

K, as in the training set with 10 replicas at geometrically spaced temperatures between

400 and 518K, there is no replica with temperature 500 K. As shown in Fig.5.5, the ∆G

calculated from samples of DDPM is in good agreement with that from the reference MD

at 500 K. In the second example, I completely removed the samples from 400 K replica

in the training set and use it train a new model, which is then used to generate samples

at 400 K. Even though in the training set, the lowest temperature is 412K, the model can
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make good prediction of free energy difference between states as shown in Fig. 5.6. This

finding is particularly encouraging as in general, sampling at lower temperatures tends to

be harder than at higher temperatures.
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Figure 5.6: Free energy differences between different metastbale states ∆G calculated
from samples from DDPM by extrapolating to a temperature at 400 K, which is lower
than any temperature included in the dataset. The DDPM model was trained with REMD
trajectories with 9 replicas starting at the lowest temperature 412K. Green empty crosses
and purple empty triangles are reference free energy differences ∆G from 4 µs long
unbiased MD at 400 K. Green filled plus signs and purple diamonds show the energy
differences from DDPM. ∆GL-Ra is the free energy difference between ground state L
(−2.2 < Φ < −0.1, −1.6 < Ψ < 0.9) and excited state Ra (−1.6 < Φ < −0.2,
1.4 < Ψ < 3.14); and ∆GL-TS is the free energy difference between the ground state
L (−2.2 < Φ < −0.1, −1.6 < Ψ < 0.9) and a transition state (−1.8 < Φ < −0.8,
0.8 < Ψ < 1.5)

RNA conformational transitions.

As a second example to illustrate the general applicability of our DDPM+REMD

approach, I test this framework on the sampling of RNA conformational ensemble. Rare

RNA structures have been previously shown to be biologically relevant [167, 168, 169],

but estimating the conformational ensemble still remains computationally intractable

using traditional sampling techniques [170]. RNA dynamics may occupy a wide range

of timescales - from several hours for conformational changes that require breaking

base pairs, to picoseconds for more continuous deformations [169]. As a consequence,

identifying rare transient structures and estimating their contribution to the RNA ensemble
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Figure 5.7: Projection of samples and free energy profile on dihedral angles ζ and γ of A2
in GACC at 325 K. The Boltzmann weights for different samples are indicated through
their free energy (contour lines, separated every 0.74 kbT ). (a) The structure of GACC.
(b) Samples from REMD. (c) Samples from the benchmark 5µs long unbiased MD. (d)
Samples from DDPM. The metastable states that are not present in the training dataset
are indicated with thick black arrows.

has proved to be difficult. In this example, I consider a GACC tetranucleotide as our

model system (Fig. 5.7(a)). As a single-stranded RNA consisting of four nucleotides

labeled G1, A2, C3 and C4, GACC has been previously used as a challenging test system

for REMD based sampling methods for its conformational flexibility [171] Despite the

fact that GACC has been widely studied, it still remains challenging to effectively sample

possible configurations and is a good system to test new methods[170]. For example, in
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a previous study, in order to get the converged structural populations, a multidimensional

replica exchange molecular dynamics (M-REMD) simulation was performed with 192

replicas with around 1 µs of simulation time per replica, thus totalling almost 192

microseconds of all-atom simulations.[171] Here we show that with DDPM, we can

better estimate the free energy landscape using fewer computational resources, totalling

only 12 microseconds of all-atom simulations adding all replicas. I trained our DDPM

Figure 5.8: DDPM outperforms direct reweighting (Eq. 5.1). Free energy surface (FES)
in kBT along dihedral angles ζ of (a) A2 and (b) C3 from GACC calculated from REMD
trajectories after direct reweighting (orange dash line) and DDPM samples (blue solid
line) at 277 K. Similarly, (c) and (d) show respective plots at 297K for A2 and C3
respectively. (c) and (d) also shows benchmark results from 5 µs unbiased MD (red
dots) at 297 K. Unbiased MD at 277K was far too slow to provide any information.

model on 250 ns REMD trajectories from 48 replicas with temperatures ranging from

277 K to 408 K (see Appendix A.1.4 for MD simulations setup for details). In each

frame of the trajectory, the structure of GACC is characterized by 6 dihedral angles for
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dihedral definition
α P (H5T) - O5’ - C5’ - C4’
β C4’ - C3’ - O3’ - P (H3T)
γ O4’ - C1’ - C2’ - C3’
δ C1’ - C2’ - O2’ - HO’2
ϵ C5’ - C4’ - C3’ - O3’
ζ O5’ - C5’ - O4’ - C3’

Table 5.1: Definition of dihedral angles

each nucleotide (defined in Table5.1). In these REMD simulations, the sampling is not

sufficient, especially for replicas at very low temperatures. Fig.5.9 and Fig.5.10 shows the

free energy profiles of GACC projected on the γ and ζ angles of A2 and C3 at different

temperatures. We can see that expected high energy metastable state indicated by black

arrows in Fig.5.9 and Fig.5.10 were not sampled in REMD. In contrast, as shown in

Fig.5.7 and Fig.5.11 for different target temperatures, DDPM successfully generates the

ensemble of such high free energy states that were never even visited at low temperatures.

Here as well, any spurious configurations can be seen through dots outside the free energy

contours in Fig. 5.7 with negligible Boltzmann weights.

It is also natural to ask if information at different temperatures could be combined

through a Boltzmann-type reweighting where samples from any temperature β and

potential energy U(x) can be treated using weight to esitimate the free energy at

temperature β0,:

wβ0 = e(β−β0)U(x) (5.1)

The reference point of potential energy U(x) is determined such that the minimum of

potential energy in each replica is equal to 0. This way we can estimate the free energy

by simply mixing samples from different temperatures without the use of any generative

101



Figure 5.9: Projection of REMD samples and free energy profile on dihedral angles ϵ and
ζ of the A2 in GACC at each replica.

AI. Fig 5.8 shows the results for such an operation and compares them with results from

DDPM and long unbiased MD when possible. For ζA2 at 297 k, the direct reweighting

method gives a good estimation of the free energy of metastable state around ζA2 = 1 but
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Figure 5.10: Projection of REMD samples and free energy profile on dihedral angles ϵ
and ζ the C3 in GACC at each replica.

almost entirely misses out on any sampling of the barriers, thereby heavily overestimating

their heights. For other dihedral angles, even the free energy of the metastable states is

overestimated from the direct approach. In conclusion, such a reweighting operation
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Figure 5.11: Free energy profiles of all dihedral angles in GACC calculated from 4µs
unbiased MD (in blue dash line), 250ns REMD (in green solid line) and samples
generated from DDPM (in orange solid line)

very significantly overestimates free energy difference between metastable states, thus

unequivocally demonstrating the usefulness of the DDPM approach. At the temperature

where long unbiased MD is possible, the use of direct reweighting (Eq. 5.1) gives an

energy scale a least 10 kBT higher than DDPM or unbiased MD, while there is near

perfect agreement between the latter two.

5.5 Discussion

I have presented a generative AI-based approach that combines physics from

simulations performed at different temperatures to generate reliable new molecular

configurations and accurate thermodynamic estimates at any arbitrary temperature even

if no actual simulation was performed there. The central idea is to not work with the
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thermodynamic temperature β of the system as a parameter set by the heat bath, but

instead work with an effective temperature, calculated from the instantaneous kinetic

energy of the system. This effective temperature shows non-trivial fluctuations for a finite

size system, and on an average equals the thermodynamic temperature. Given sparse

sampling from the high-dimensional space comprising configurational space coordinates

and the effective temperature, we train a generative AI model that generates countless

more samples of configurations at any temperature of interest. While the idea is generally

applicable, here I demonstrate its usefulness in the context of the widely used replica

exchange molecular dynamics (REMD) framework to improve the sampling of REMD

through a post-processing framework. I show how this significantly improves the quality

of sampling at low temperatures and even generate samples in states where have not even

been visited in the replicas, and at temperatures not considered in the ladder of replicas.

I also show that this approach is far superior to direct reweighting scheme as we

do not compute weights involving exponentials of the full system’s kinetic or potential

energy, thereby avoiding well-known issues with the convergence of exponentially

averaged quantities [172].

The generative AI framework of DDPM used here belongs to the broad class of

flow-type methods, which have been shown to have the ability to generate samples from

high dimensional space with many interdependent degrees of freedom. Compared with

other flow type models such as normalizing flow[65, 173] that use deterministic functions

to map from an easy-to-sample distribution to target distribution, the stochastic nature of

DDPM avoids the restriction of preserving the topology of configuration space and thus

allows the learning of significantly more complicated distributions. At the same time the
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design of the transition kernels in DDPM reduces the learning task to just learning means

of Gaussian kernels. This makes the training easier compared to other methods[68] while

at the same time being able to learn more complicated transition kernels.

I also believe that the generative AI model, while “dreaming” thermodynamically

relevant structures at different temperatures, avoids the so-called hallucinations suffered

by other generative AI models, i.e. the model do not generate meaningless, unphysical

structures with significant thermodynamic weights [156]. I believe this is through the

use of relatively simple transition kernels, which avoids overparameterization of the

model, and through utilizing molecular basis functions instead of all-atom coordinates,

which reduces the space that needs to be sampled. The issue of generating out-of-

distribution samples that has been problematic in other methods attempting to generate

molecular structure, such as the Boltzmann generator, is usually avoided by discarding

the translational and rotational degrees of freedom and reweighting the samples[65, 68].

However, calculating the weight of each sample requires knowledge of all the coordinates

of a system which may also become an issue when the system contains explicit water

molecules; in such a configuration space the samples will again become sparse. Finally, I

would point out that this work shows the possibility of learning generative models in the

space of generic thermodynamic ensembles, by following the simple recipe that control

parameters can also be viewed as fluctuating variables. As long as one is not in the

thermodynamic limit – something we do not have to worry about in molecular simulations

– this should be thus a practical and useful procedure for problems far beyond replica

exchange molecular dynamics.
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Chapter 6: Summary and future directions

6.1 AI-augmented MD simulations

I presented in this thesis two AI-based computational methods to solve the time

scale problem in MD simulation study of biomolecular systems.

In the first method RAVE, I showed that based on the framework of information

bottleneck, we could use a neural network to learn the system’s RCs. By enhancing

the fluctuation of RCs, we could accelerate the transition between meta-stable states

and thus sample the system better with limited computational power. One significant

advantage of this method is that it doesn’t require much prior knowledge. By combing

OP preselection methods like AMINO[101], RAVE only requires an initial structure as

input and automatically learns the optimal RCs by iterating between machine learning

and enhanced MD.

In the second method, I used a generative model to address the problem of

using high temperature simulations to infer observations about low temperatures. I

demonstrated how using generative artificial intelligence to mix information from

simulations conducted at a set of temperatures and generate molecular configurations

at any temperature of interest, including temperatures at which simulations were never

performed. Particularly, the numerical results on a small peptide chain and a nucleotide
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chain show that if we treat the instantaneous temperature T as the random variable and

learn its joint distribution with CVs, we can use the learned generate configurations with

correct Boltzmann weights at the target temperatures. Since the model can infer the

underlying relationship between samples from different temperatures, they can infer the

distribution of data in poorly sampled regions, thus significantly enhancing the sampling

of REMD. As a method that doesn’t require much prior knowledge, REMD can be

easily applied to a wide range of systems. The combination of DDPM and REMD

can further reduce the computational cost and make it possible to study systems with

a bigger size. And it is very suitable to be applied to biomolecular systems where the

dynamics are complicated, and simple RCs could not be found. Such as intrinsically

disordered proteins. It also has potential in studying conformational ensemble or structure

optimization. I also believe the framework is extensible to generic simulations and

experiments for mixing control parameters other than temperature.

6.2 Study of ligand dissociation from RNA

With the AI-augmented sampling method RAVE, I investigated the dissociation of

two ligands from PreQ1 riboswitch. Unlike ligand dissociation from protein which is

widely studied with MD simulation, there are few computational studies of dissociation

of ligand from nucleotide due to the lack of solved structure and relatively poor force

field parameterization. In this collaborative study with experimentalists, I used MD

simulation to provide a high spatiotemporal resolution description interaction between

ligands and PreQ1 riboswitch both in its bound pose and during the dissociation pathways.

108



The MD simulation successfully compares the stabilization of different regions of PreQ1

riboswitch, which is also in good agreement with experimental SHAPE measurements.

From the dissociation trajectories simulated by RAVE, I found that the existence of

two unbinding pathways also gets affinity estimation that is in good agreement with the

experiment. Analyzing the trajectories provided insights on how different nucleotides

interact with the ligands, and I made prediction mutations that could change the binding

affinity based on these observations. Both in vitro and in silico mutagenesis experiments

validated the prediction and revealed how the mutations change the binding ensemble of

ligand-RNA complexes. This study indicates the potential of using MD simulations to

model and study the interplay between structural features and small molecule recognition

of RNA. Such a protocol is also transferable to studying features and dynamics that govern

how small synthetic molecules interact with RNA.

6.3 Future work

Based on the studies mentioned in this thesis, there are many directions worth

exploring in the future. These include improving methods themselves and applying them

to more challenging problems, and I will summarize them as follows.

Firstly, there is ample need and space for improvement if we want RAVE to

be a method that the broad scientific community can apply to generic systems with

arbitrary complexity. One potential improvement might be designing new structures for

the encoder to enable the learning of more complicated features. A linear encoder has

the advantage that we can directly use the linear combination coefficients to interpret

109



how different OPs contribute to the RC. Also, the success of applying RAVE to different

systems indicates that these linear RCs can give a relatively good approximation of the

underlying reaction process. However, this might not be true for more complicated cases.

We need multiple linear RCs or a nonlinear RC to capture more complex features in such

cases. But I would like to note that introducing a more complicated encoder might also

come at the cost of losing both the interpretability and stability of the solutions. One

possible solution to this dilemma requires us to develop a strategy to address carefully

when one or even two reaction coordinates are insufficient to describe the process of

interest. This will allow us to gradually add complexity to the encoder to capture only the

essential physics.

Secondly, with the abundant data generated from these enhanced sampling methods,

new analysis tools are required for us to interpret the mechanism hiding behind the high

dimensional data. The strength and mechanism of the ligand-receptor interaction are

the consequence of many features of these molecules. Only a small subset of those

features is studied in my study of the dissociation events. Many other features such as the

geometry properties of the ligands and receptors, the presence of stacking interactions,

and solvent effects are also crucial in determining how ligand and receptor react with

each other. Being able to dig information from a long list of such features will help us

to understand their different contribution better or even learn new mechanisms. Machine

learning is an ideal tool for such an analysis and has already been used to guide human

intuition.[174, 175, 176] At the same time, the involvement of enhanced sampling method

further enriches this analysis by allowing us to look a the distribution of different features

or adding the dimension of time. Moreover, MD simulations can also serve as a flexible
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but powerful experimental platform to validate the relationship learned by AI model.

Finally, the power of DPPM in learning complicated distribution and making

physical interpolation can also be applied quite generally to data coming from simulations

or experiments at different temperatures. It should also be extensible to mixing data from

control parameters other than temperatures - possibly including concentration, pressure

and volume. Also, it can be extended to learn the system’s kinetic from biased simulation.

For example, we can apply DDPM on learning a distribution P (Xt+1|Xt+1, β) where the

β is the control parameters such as the temperature or the magnitude of external potential.

Such a learned model can then generate a new trajectory under desired conditions.

Moreover, in an ongoing project, I use DDPM to build a model which can convert the

time series of one observable to the time series of another observable. More specifically,

DDPM is train to learn the conditional distribution P (s2N |s1N , s1N−1 · · · s10) where s1 and s2

are two variables and the subscripts denote the time steps. This method is grounded on the

Takens delay embedding theorem[177] and its probabilistic counterpart[178]. It will be

particularly useful in experiment as we can use this model to predict the hard-to-measure

variables by measuring the time series of easy-to-measure variables. For example, we

can use the fluorescence resonance energy transfer (FRET) signal[179], which reflects

the distance between too ends of a molecule, to estimate other quantities that are more of

interest but can not be directly measured in experiment.
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Appendix A:

A.1 MD setups

A.1.1 Alanine dipeptide

I follow [63] to set up our simulation for alanine dipeptide in vacuum. The

simulations are performed with the software GROMACS 2016/GROMACS 5.0[180, 181],

patched with PLUMED 2.4[182]. I constrain bonds involving hydrogens using the LINCS

algorithm[183] and employ an integration time-step of 0.002 ps. The temperature is

kept constant at 300K using the velocity rescaling thermostat (relaxation time of 0.1

fs)[106]. I employ no periodic boundary conditions and no cut-offs for the electrostatic

and non-bonded Van der Waals interactions. The integration time step was 2 fs and order

parameters were saved every time step.

In each round, four independent simulations with different initial randomized

velocities as per Maxwell-Boltzmann distribution were performed to improve the quality

of the free energy sampling.

112



A.1.2 L99A T4L-benzene

I follow [96] to set up our simulation for L99A T4L-benzene. The simulations

are performed with the software GROMACS 2016/GROMACS 5.0[180, 181] patched

with PLUMED 2.4[182]. The simulations are done with the constant number, pressure,

temperature (NPT) ensemble with temperature 298 K and pressure 1.0 bar. Constant

pressure is maintained using Parrinello-Rahaman barostat while the constant temperature

is maintained using the v-rescale thermostat (modified Berendsen thermostat)[22]. The

simulation box with periodic boundary condition is filled with TIP3P water. The side

lengths of the box are 10Å and there are around 10, 000 water molecules. The interaction

is described by the force field CHARMM22*. The integration time step here as well was

taken to be 2 fs.

Similar to the the study of alanine dipeptide, in each round, four independent

simulations with different initial randomized velocities as per Maxwell-Boltzmann

distribution were performed to improve the quality of the free energy sampling.

A.1.3 AIB9

The simulation of AIB9 was setup by following a previous study[166]. The PDB

file was taken from the authors with permission, and the simulations are done with

the CHARMM36m all atom force field [184] using TIP3P water molecules[162], a

Parrinello-Rahman barostat[185], and a Nose-Hoover thermostat[21, 186] under the NPT

ensemble. Simulations were performed using GROMACS 2016.[180] The structures of

AIB9 were saved every 0.2 ps and the dihedral angles were calculated using PLUMED
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2.4[187].

A.1.4 GACC

The simulations of GACC were done with the AMBER ff12 all atom force field,

using TIP3P water molecules[162], a Parrinello-Rahman barostat[185], and a Bussi-

Parrinello velocity rescaling thermostat[106] under the NPT ensemble. The simulations

were performed using GROMACS 2016[180]. The AMBER force filed was chosen

because it exhibits more conformational variability compared with CHARMM force filed

in a previous study[188]. The structures of GACC were also saved every 0.2 ps and the

dihedral angles defined in Table S1 were calculated using PLUMED 2.4[187].

The PDB file of the GACC structure that served as the starting point for our

simulation was generated using PyMOL. The initial structure was assumed to be at a

temperature of 10K, and the systems energy was minimized with positional restraints

of 25 kcal mol−1Å−2 in a two step process - first the steepest descent algorithm was

applied for 1000 steps followed by the conjugate gradient algorithm for another 1000

steps. Next, the system was equilibrated to 150K over 100ps under the NVT ensemble

with positional restraints of 25 kcal mol−1Å−2. Then, the GACC was equilibrated from

150K to 277K at 1 atm under the NPT ensemble for 100 ps with positional restraints of 5

kcal mol−1Å−2. Finally, a long 5 ns equilibration was performed over 5ns at 298K under

the NPT ensemble with positional restraints of 0.5 kcal mol−1Å−2, after which the system

was copied to 48 replicas, and each replica was equilibrated to its target temperature under

the NPT ensemble with positional restraints of 0.5 kcal mol−1Å−2.
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The replica temperatures were geometrically spaced temperatures ranging from

277K to 408K, with temperature increased by 1% for each replica. The attempt of

exchanging configurations was made every 10 ps, which is determined by checking the

time correlation function of the potential energy.

A.1.5 Architecture of RAVE

A densely-connected layer without activation function was used to linearly encode

the order parameters X to reaction coordinates s. Gaussian noise was added to s before

being passed to the decoder. Decoder consisted of 2 hidden layers and an output layer

which were all densely-connected. ELU was used as the activation function for hidden

layers. We assume Qϕ(X∆t|s) = N (X∆t; fϕ(s), σ
2). fϕ(s) corresponds to the decoder

part of the neural network, which maps states on the reaction coordinate to states in order

parameter space. With this assumption, maximizing the objective function is equivalent

to minimizing the mean square error between X∆t and network prediction fϕ(s).

Hyper-parameters in RAVE included the variance of Gaussian noise, the number

of neurons in hidden layers, initializer of weights of each layer, and the learning rate

for the RMSprop algorithm [90]. In all three case studies, all these hyper-parameters

are set to be the same. The variance of Gaussians was kept 0.005. Each hidden layer

had 128 neurons. The leaning rate was set to be 0.003. Initial weights of each layer were

randomly picked from a uniform within range [−0.005, 005]. The transferability of hyper-

parameters between different systems without much tuning reflects that this method is not

very sensitive to the choice of neural network hyper-parameters. From our experience, we
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suggest that the choice of the variance of Gaussian should not be too big as it will wash

out meaningful features. For more complicated systems, a deeper (more layers) or wider

(more neurons in each layer) decoder might be needed. The tuning of learning rate was

done by looking at how order parameter weights change during the training process. If

the learning rate was too high, order parameter weights did not converge.

Independent simulations often explored different configurations due to the finite

and small simulation time. We considered the trajectory with the highest variance to

have maximum ergodic exploration and used it to train the reaction coordinate for the

next round. Similar to other non-convex optimization problems, the results could have

converged to a local minimum or even a saddle point. To safeguard against such spurious

solutions learnt by the neural network, we performed independent training runs with

random initial weights in layers. The RC was then determined as the linear encoder of the

trained neural network with smallest loss function. We will be refining this procedure in

future work as strictly speaking a lower loss function is no guarantee of reaching a better

solution.

A.2 Definitions of quantities in information theory and variational lower

bound

In this section I will define various terms introduced this thesis. In all of these I use

P (X), P (X,Y) respectively to denote the probability distribution of a random variable

X and the joint probability distribution of two random variables X and Y. Other variables

are the same as defined in the main text.
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A.2.1 Mutual information

This is a commonly used information theoretic measure to describe how much

information is shared between two random variables X and Y . It is defined as:

I(X,Y) =

∫
P (X,Y) ln

P (X,Y)

P (X)P (Y)
dXdY (A.1)

A.2.2 Shannon entropy

The Shannon entropy for a random variable X is defined as:

H(X) = −
∫
P (X) lnP (X)dX (A.2)

A.2.3 Cross entropy

The cross entropy between two probability distributions P (X) and Q(X) is given

by:

C(X,Y) = −
∫
P (X) lnQ(X)dX (A.3)

A.2.4 Kullback-Leibler Divergence

The Kullback-Leibler (KL) DKL(P ||Q) divergence between two probability

distributions P (X) and Q(X) is given by:

DKL(P ||Q) =
∫
P (X) ln

P (X)

Q(X)
dX (A.4)
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A.2.5 Exact decoder definition

The exact decoder can be defined as the the conditional probability distribution of

X∆t given a RC s. It can be calculated by using Bayes theorem:

P (X∆t|s) =
P (s,X∆t)

P (s)
=

∫
P (s|X)P (X,X∆t)dX∫ ∫

P (s|X)P (X,X′
∆t)dXdX′

∆t

(A.5)

A.2.6 Gibbs’s inequality and variational lower bound

Here I will provide the missing details of various derivations given in the Sec. 2.3.

The bottleneck function L defined in the main text for our neural network

architecture is given by a difference of two Shannon entropies[82]:

L = I(s,X∆t) = H(P (X∆t))−H(Pθ(X∆t|s)) (A.6)

Gibbs’s inequality[82] guarantees that that the KL-divergence between two probability

distributions is always larger than 0. We thus have:

DKL(Pθ(X∆t|s))||Qϕ(X∆t|s)) ≡
∫ ∫

Pθ(X∆t, s) ln
Pθ(X∆t|s)
Qϕ(X∆t|s)

dX∆tds

=

∫ ∫
Pθ(X∆t, s) lnPθ(X∆t|s)dX∆tds−

∫ ∫
Pθ(X∆t, s) lnQϕ(X∆t|s)dX∆tds

=−H(Pθ(X∆t|s)) + C(Pθ(X∆t|s), Qϕ(X∆t|s)) ⩾ 0 (A.7)

Only in the limit that our approximate decoder is exactly the same as the exact inverse-

Bayes decoder, DKL(Pθ||Qϕ) equals 0. By combining Eq.A.6 and Eq.A.7 , we get the
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relationship:

L ⩾ L −DKL(Pθ(X∆t|s))||Qϕ(X∆t|s))

= H(P (X∆t))− C(Pθ(X∆t|s), Qϕ(X∆t|s))

≡ H(P (X∆t)) + L′ (A.8)

Here, H(P (X∆t)) only depends on the data set and is independent of the parametrization

of the encoder and the decoder. Thus the term H(P (X∆t) can be completely ignored

while optimizing the parameters θ and ϕ. Maximizing the objective function L′ =

−C(Pθ(X∆t|s)) is then equivalent to maximizing the lower bound of L, which is the

expression stated in Eq.4 in the main text.

A.3 PIB objective L′ for unbiased trajectory

For a unbiased trajectory
{
X1,X2, ...,XM+k

}
, for given θ, we can get

corresponding
{
s1, s2, ..., sM

}
using si =

∑
i cisi. We also have a sampling of the states

of the system after corresponding ∆t intervals:
{
X1+k,X2+k, ...,XM+k

}
. Together the

pair (si,Xi+k) sampled from the dataset follows the distribution Pθ(X∆t|s). With this,

we have:

L′ = −C(Pθ(X∆t|s), Qϕ(X∆t|s))

=

∫ ∫
Pθ(X∆t, s) lnQϕ(X∆t|s)dX∆tds

=
1

M

M∑
n=1

log Q(Xn+1|sn) (A.9)
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A.4 PIB objective L′ for biased trajectory

For a biased trajectory
{
X1,X2, ...,XM

}
with corresponding biasing potential

values
{
V 1, V 2, ..., V M

}
, the unbiased probability distribution of X can be calculated

by:

P (X) =

∑
i δ(X

i −X)eβV
i∑

i e
βV i (A.10)

The encoder P (s|X) and decoder P (X∆t|s) are taken to be independent of the bias. The

first assumption is strictly true, while the second is valid for small enough ∆t as explained

in the main text. Therefore

L′ =

∫ ∫
Pθ(X∆t|χ)P (χ) lnQϕ(X∆t|χ)dX∆tdχ

=

{
M∑
n=1

eβV
n

}−1 M∑
n=1

eβV
n

log Q(Xn+1|χn) (A.11)
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[52] Stefan Klus, Feliks Nüske, Péter Koltai, Hao Wu, Ioannis Kevrekidis, Christof
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Richard A Cunha, Alejandro Gil-Ley, Giovanni Pinamonti, Simón Poblete, Petr
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