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Abstract 

This dissertation advances methodological frameworks for investigating complex systems 

characterized by competing interactions. Structured around three interrelated themes, the research 

develops methods to tackles challenges in water-in-oil emulsions, chemical inhibition in 

asphaltene aggregation, and adsorption energy prediction. While each theme addresses unique 

challenges, they all contribute to quantitative understanding of interactions across scales, 

integrating structural, thermodynamic, and energetic perspectives to establish governing principles 

for system behavior. 

 The first theme elucidates the interplay between asphaltene aggregation and water-in-oil 

droplet coalescence. Molecular Dynamics (MD) simulations conducted in pentane solvents reveal 

the mutual influences of asphaltene and water droplets, highlighting a nonmonotonic trend in 

polyaromatic stacking with increasing droplet sizes. An innovative in-house tool is introduced to 

analyze droplet coalescence modes, demonstrating that droplet growth predominantly occurs 

around a nucleation site, which is the largest droplet.  

 In the second theme, a novel approach for calculating partial molar volumes (PMVs) 

directly from MD simulation trajectories is presented. This approach has been validated against 

experimental data, yielding an average error of 4.41%. When applied to systems containing model 

asphaltenes, organic solvents, and chemical inhibitors, the PMV analysis elucidates molecular-

level inhibition mechanisms. Specifically, it shows that inhibitors enhance solubility by altering 

nanoaggregate size and number, with their polar and nonpolar segments interacting with different 

regions of the asphaltene molecules and the solvent. 

 The third and final theme highlights the critical need for efficient and accurate adsorption 

energy predictions, a fundamental aspect of catalysis, materials design, and a key factor in 

mitigating asphaltene deposition. Traditional methods of calculating adsorption energy such as 

Density Functional Theory (DFT) are computationally demanding, particularly for large, complex 

adsorbates like aromatics. To overcome these limitations, this work applies pretrained graph neural 

networks (GNNs) with a directional message passing architecture. The model is trained to capture 

geometric relationships between small adsorbates and metallic or metal oxide surfaces, linking 
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them to energy and atomic forces. Here, it is fine-tuned to adapt these learned interactions for 

larger molecules, including aromatics. Two curated datasets, a diverse adsorbate-substrate 

collection and a specialized aromatic subset, are employed to balance generalizability with 

specificity. Results indicate that the sheer volume of fine-tuning data has a greater impact on model 

adaptation than using smaller but more domain-specific datasets. Moreover, the results show that 

selectively fine-tuning the early layers, which focus on geometric features, achieves performance 

comparable to full model retraining. This highlights the crucial role of geometric feature 

adaptation. 

 Collectively, these themes contribute to the refinement of data-driven methodologies for 

complex interfacial and amorphous systems, providing actionable insights into structural, 

thermodynamic, and energetic properties that were previously inaccessible. Nano-scale 

simulations with extensive temporal and spatial sampling are essential, as competing interactions 

make it impossible to predict dominant factors without comprehensive analysis. By reutilizing 

existing simulation data, the innovations presented here enhance sustainability and efficiency, with 

broad implications for physical chemistry, materials science, and industrial applications. 
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1. Introduction 

1.1. Janus Systems 

Physical systems often display complex, non-linear behaviors due to being impacted by 

different interactions from their components. These interactions, which may simultaneously act in 

opposing directions, create significant challenges in predicting system outcomes without direct 

experimentation. They can be categorized as conflicting "actors", defined as factors or entities that 

exert opposing effects on a given outcome. The interplay between these actors often results in 

emergent behaviors that are highly sensitive to control variables, such as temperature, 

concentration, or composition. An example of such systems is polymer-water systems, specifically 

polymer hydrogels, which have widespread biomedical applications in drug delivery [1,2], 

biosensing [3,4], and bone regeneration [5,6]. In polymer hydrogels, the gel strength or stiffness 

(outcomes of interest) are influenced by both hydrophilic interactions between polymer and water 

and crosslinking interactions between polymer chains. These two interactions exert opposite 

effects on the gel strength and are sensitive to polymer concentration (control variables). A tipping 

point or threshold of polymer concentrations exists where the dominance of these two interactions 

changes, leading to opposite trends in the gel strength with increasing polymer concentrations.  

We propose the term Janus systems to describe such systems. In Roman mythology, Janus 

is the deity of transitions and dualities, symbolizing beginnings and endings, or dual perspectives. 

By analogy, Janus systems encapsulate the concept of two (or more) principal interactions (actors) 

pulling the system in opposite directions. This metaphor also aligns with the idea of tipping points 

or thresholds, reflecting the sudden, sometimes dramatic, shifts in system behavior when one actor 

overtakes the other. To systemically study and represent Janus systems, this dissertation defines 

four key quantities: A, B, P, and R. Here, A and B are opposing actors influencing a measurable 

outcome P. They are called opposing because actor A seeks to increase P, while B works to 

decrease it. The equilibrium value of P is modulated by a set of control parameters R, which govern 

how A and B influences P. In the polymer-water systems mentioned above, P could represent the 

gel strength or stiffness, actor A could denote hydrophilic interactions, and B could correspond to 
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crosslinking interactions between polymer chains. At low polymer concentrations (a component 

of R), hydrophilic interactions dominate, suppressing gel formation. As the concentration 

increases, crosslinking interactions take over, drastically altering the gel’s properties.  

Another example of a Janus system is the formation and stability of emulsions, such as oil-

water mixtures stabilized by surfactants. These emulsions have diverse applications, including 

their use in enhanced oil recovery [7]. Here, P is the stability of emulsion droplets (e.g., their 

resistance to coalescence). Actor A is surfactant adsorption at the oil-water interface, which 

reduces surface tension and stabilizes droplets (increasing P), while B is van der Waals attractions 

between oil droplets, which promote coalescence and destabilize the emulsion (decreasing P). 

Furthermore, R is the surfactant concentration and temperature, which modulate the strength of A 

and B. At low surfactant concentrations (low R), B dominates, leading to rapid coalescence and 

poor emulsion stability. As surfactant concentration increases (high R), A becomes dominant, 

stabilizing the emulsion by forming a protective layer around the droplets. However, at very high 

surfactant concentrations, micelle formation in the bulk phase can compete with interfacial 

adsorption, reducing the effectiveness of A and potentially destabilizing the emulsion again. 

As demonstrated in the above example, non-monotonic trends are a common feature of 

Janus systems, arising from the alternating dominance of opposing interactions (actors) as control 

variables are varied. Another observation is that P can be very sensitive to even minor changes in 

R, especially in regions where small adjustments in R lead to major shifts in the interplay between 

A and B, resulting in significant changes in P. These intricate interdependencies and divergent 

behaviors characteristic of such systems impose significant challenges on unravelling their 

complexity.  

The classical approach to studying Janus systems begins with designing experiments to 

systematically explore how control parameters (e.g., R, the polymer concentration in the first 

example) influence the system's behavior (e.g., P, gel strength or stiffness). These experiments aim 

to observe how variations in R, shift the balance of influence between competing actors A 

(hydrophilic interactions) and B (crosslinking interactions). By identifying regions of R where 

each actor dominates, empirical data can be gathered to understand the system's dynamics. 

Subsequently, this data is used in conjunction with theoretical frameworks to explain why and how 
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A and B affect P. These insights can further guide the development of mathematical models to 

predict P in unexplored regions of R.  

The classical experimental approach remains essential for investigating complex systems 

such as asphaltene aggregation [8] and hydrogel swelling [9], especially when real-world 

conditions must be accurately replicated. Experiments enable direct measurement of macroscopic 

phenomena, including aggregation and coalescence rates [8,10], viscosity variations [11], and 

swelling behavior [9], under diverse environmental conditions such as temperature, pressure, and 

chemical heterogeneity. However, experimental studies are inherently resource-intensive, 

demanding substantial time, financial investment, and specialized equipment to systematically 

probe even a limited portion of the related R space. 

A major limitation of experimental methods lies in the difficulty to reveal the nano-scale 

interactions responsible for observed macroscopic phenomena. For instance, while experiments 

can measure asphaltene precipitation rates in the presence of chemical inhibitors [12], they cannot 

directly trace the structural interactions, such as how inhibitor molecules disrupt π–π stacking 

among asphaltene molecules. The disconnect between macroscopic outcomes and molecular 

mechanisms complicates the interpretation of results and often necessitates complementary 

approaches. Additionally, experiments are limited to specific parameter ranges, so researchers 

must rely on extrapolation methods that may not be accurate given the sensitivity of Janus systems 

to changes in R. This makes it challenging to apply the findings to untested regions without further, 

time-consuming testing. 

Computational simulations offer a powerful alternative, providing molecular-level insights 

and enabling efficient exploration of broader parameter spaces. For example, in the case of 

chemicals used to inhibit asphaltene aggregation, simulations can model inhibitor’s interactions 

with asphaltenes in unprecedented detail, revealing specific molecular alignments, hydrogen 

bonding patterns, or steric effects that hinder aggregation [13]. The high-dimensional outputs of 

simulations, including atomic-level positional data, can then be analyzed using statistical tools to 

identify dominant interaction mechanisms and extract high-level conclusions. For instance, 

simulations may show how a small number of inhibitor molecules align with asphaltene surfaces 

to disrupt aggregation [14], offering insights that are difficult to obtain experimentally. 
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Additionally, simulations can predict behavior under extreme conditions, such as ultra-high 

temperatures, which pose significant challenges for experimental studies due to safety and 

equipment limitations. 

Simulations are not always preferable to experiments. They can be computationally 

demanding, especially for large systems or long timescales. To make them tractable, researchers 

often use approximations, such as coarse-grained models in MD [15] or RANS models in CFD, to 

simplify complex systems. In some cases, simulations are even more limited than experiments in 

exploring certain regions of the control space. For instance, simulating asphaltene aggregation at 

low inhibitor concentrations necessitates a large number of solute and asphaltene molecules to 

maintain statistical reliability, significantly increasing system size and computational cost. In 

contrast, experimental techniques can directly measure inhibition efficiency at low concentrations, 

providing valuable insights into system behavior within crude oil reservoirs [12]. Additionally, 

simulations struggle to fully capture impurities, multi-scale interactions, and the complexity of 

real-world environments, while these factors are naturally incorporated in experimental setups. 

Despite these limitations, the ability of simulations to resolve molecular interactions with high 

precision and predict behaviors beyond experimental reach makes them an indispensable 

complement to experimental research. 

1.2. Molecular Dynamics and the Role of Data Analysis 

Simulations can replicate experimental conditions and provide a wealth of data on the 

relationships between A, B, P, and R. For instance, molecular dynamics (MD) simulations have 

been widely used to study polymer-water and emulsion systems [16–20]. One major advantage of 

MD simulations is their ability to generate extensive, atomistic datasets, which embed all 

dynamical details of the simulated system. Examining these details could help reveal the time-

dependent effects of A and B on P (system behaviors) at the atomistic levels that are inaccessible 

using experimental techniques. They will allow us to capture the dependence of A and B on 

molecular structures and the associated effects on P (the system outcomes). 

In practice, extracting specific insights from MD data can be challenging because the 

information is embedded in high-dimensional datasets. For example, the systems described in 

Chapter 2 of this thesis are simulated over 100 nanoseconds to ensure that equilibrium is reached. 
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During these simulations, the three-dimensional coordinates of every atom are recorded every 2 

picoseconds, resulting in 50,000 frames. In the case of united-atom modeling for a medium-sized 

system—comprising in excess of 25,000 sites—the simulation produces on the order of 4 × 109 

coordinate data points, corresponding to a storage requirement slightly greater than 15 GB when 

using single-precision (float) representations. 

Recently, Machine Learning (ML) methods have been developed to help manage these 

challenges of analyzing MD data. For instance, there have been major advancements in learning 

slow modes associated with the Variational Approach to Conformation Dynamics (VAC) [21], 

Variational Approach for Markov Processes (VAMP), and Time-Lagged Autoencoders (TAE) 

[22]. These methods have enabled the analysis of MD trajectories to identify long-lived states and 

transition pathways. These methods, often implemented using Artificial Neural Networks (ANNs), 

are used to project high-dimensional data from MD simulations into a lower-dimensional space, 

revealing long-lived states and transition pathway. As one example, VAMP principle was used in 

conjunction with ANNs to create VAMPnets [23], a framework for automated construction of 

Markov State Models (MSMs). This framework was specifically applied to study the folding 

dynamics of the NTL9 protein. 

Similarly, enhanced sampling methods like using autoencoders [24,25] help overcome 

time-scale limitations by generating statistically accurate data for slow biological processes. These 

methods are essential for studying events that occur beyond the reach of typical molecular 

dynamics (MD) simulations. Such processes include ligand dissociation [26], where a ligand (a 

molecule that binds to a protein) detaches from its binding site, and slow conformational 

exchanges, where proteins transition between different stable states. Investigating these 

mechanisms is essential for a deeper understanding of both drug interactions and protein 

functionality. 

While the methods discussed above have advanced our ability to extract slow modes from 

MD simulations, they primarily focus on generating abstract, low-dimensional embeddings 

through techniques such as autoencoders. In contrast, the scope of this work is not limited to such 

descriptive embeddings; rather, it aims to address existing gaps in ML advancements by 

incorporating innovative approaches that combine both abstract and heuristic embeddings. Here, 
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“heuristic embeddings” refer to features that are directly constructed based on domain-specific 

knowledge (such as coalescence modes, partial molar volumes, or adsorption energies) that carry 

clear physical interpretations.  

Furthermore, an aspect that remains relatively less unexploited is how to fully exert the 

atomistic details of simulations beyond their equilibrium properties. For instance, standard MD 

simulations, where compositions remain unchanged throughout the simulations, are often 

employed to study atom/molecule distributions. They are often treated as unsuitable for studying 

thermodynamic properties such as partial molar volume. The underlying reason is partially due to 

that the high-dimensional datasets require automated tools to disentangle interplays among 

different dimensions. As a result, thermodynamic properties require perturbations to the system to 

allow the calculation of system responses and further the investigation of thermodynamic 

properties. However, simulating perturbations using MD is often time-consuming and requires 

extensive resources. As one example, free energy perturbation molecular dynamics (FEP/MD) 

simulations can be used to obtain binding free energy of proteins. This is done by calculating free 

energy differences when slowly changing a system from one state to another, which requires 

multiple simulations across a series of intermediate states. Each of these simulations is 

computationally intensive and adds to the overall cost [27]. In this regard, automated tools to 

exploit standard MD simulations could save tremendous amount of simulation time and resources. 

Moreover, recent advancements in adsorption energy predictions have been propelled by 

datasets and models developed under the Open Catalyst challenges [28–30]. These initiatives have 

delivered state-of-the-art predictive frameworks that excel in evaluating adsorption energies for 

small adsorbates—typically molecules containing up to around 20 atoms [31,32]. However, a 

significant gap persists: the current models are not readily applicable to larger molecular systems. 

As the complexity and size of adsorbates increase beyond this threshold, predictive accuracy and 

transferability diminish. 

The above limitations have driven the focus of this dissertation toward developing methods 

that address specific challenges in understanding Janus systems and predicting diverse P outcomes, 

including structural, thermodynamic, and energetic properties. These methods were designed to 

extract new insights from legacy or existing simulation data that are inaccessible by heuristic 
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approaches. They enabled the testing of novel theories without requiring sophisticated experiments 

or simulations. By applying these approaches, the utility of existing data was maximized with 

reduced resource consumption. These approaches were validated using colloidal and interfacial 

systems containing amorphous materials, e.g. surface-active compounds in oil productions. These 

systems were chosen for addressing real-world challenges, such as mitigating pipe clogging and 

improving the efficiency of oil-water separation in the oil industry as described in Section 1.3. 

Three distinct aspects of these materials, structural, thermodynamic, and energy properties, were 

studied to provide a comprehensive understanding of Janus systems.  

1.3. Asphaltenes in the Case Studies 

Asphaltenes, the heaviest and most surface-reactive fraction of non-volatile petroleum, 

pose significant challenges in oil pipelines and processing equipment due to their strong tendency 

to aggregate and adhere to surfaces. Their strong propensity to aggregate and adhere to surfaces 

can lead to deposits that clog pipelines and disrupt production [33]. Moreover, their surface activity 

promotes the formation of layers at the oil-water interface, which stabilizes emulsions and 

complicates separation processes.  

In addition to the importance of asphaltene studies for industrial processing, the inherent 

properties of asphaltenes render them as ideal candidates for investigating size-dependent 

behaviors in Janus systems. Asphaltenes, by themselves, characterized by multiple structural 

features that often introduce competing interaction modes, such as π-π stacking, polar headgroup 

interactions, and tail-tail interactions. These interactions can lead to non-monotonic or multi-stage 

bulk and interfacial behaviors, making their interpretation more complex than that of simpler 

molecules with a single dominant interaction mechanism. For example, asphaltenes can adsorb 

onto water droplet surfaces to facilitate or prevent droplet coalescence depending on control 

variables (conditions). By contrast, smaller molecules with a single dominating feature may 

manifest non-significant effects on the droplet coalescence process. 

Given the complexity of asphaltenes, the selection of asphaltenes for study underscores the 

importance of method compatibility with diverse structural characteristics. This compatibility 

simplifies the adaptation of the methods to similar complex systems that often present analytical 

challenges. Thus, it helps extend the application of the developed methods beyond oil industries. 
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1.4. Objectives of the Dissertation 

The overarching goal of this dissertation is to develop and refine data-driven methods for 

studying Janus systems in the context of amorphous and interfacial physics. A key emphasis is 

placed on leveraging the results of existing, standard Molecular Dynamics (MD) simulation and 

Density Functional Theory (DFT) calculation. By doing so, it eliminates the need for additional 

computationally demanding simulations while retaining insights into nanoscale interactions and 

dynamics. It is worth emphasizing that Janus systems is used here as an umbrella term to describe 

systems governed by two or more competing interactions. However, the focus of this dissertation 

is specifically on Janus systems within interfacial and amorphous physical systems. The 

dissertation is structured around three main themes, each addressing distinct challenges in physical 

chemistry and materials science. The contributions made in these themes are as follows: 

1. Investigating competing interactions in water-in-oil systems and characterizing droplet 

coalescence dynamics 

2. Developing a novel method for calculating partial molar volume (PMV) to examine the impact 

of chemical inhibitors on asphaltene aggregation 

3. Exploring fine-tuning methods in pretrained graph neural networks (GNNs) for predicting 

adsorption energy of aromatic compounds on metallic surfaces 

Through these three themes, the dissertation aims to bridge experimental observations, 

molecular-level understanding, and predictive modeling in systems with competing interactions. 

By taking structural, thermodynamic, and energetic perspectives, it establishes principles that 

dictate emergent phenomena in Janus systems. Below is an overview of each theme and its 

alignment with Janus system framework:  

Theme 1: Investigations on the Coalescence of Water-in-Oil Droplets 

Amorphous systems, such as water-in-oil emulsions, are central to many industrial processes, 

particularly in the oil and energy sectors [34,35]. These systems exhibit complex dynamics driven 

by competing interactions. For instance, in water-in-oil systems stabilized by asphaltenes, the 

degree of asphaltene aggregation and the coalescence behavior of water droplets are strongly 
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influenced by the delicate balance between adsorption at interfaces and aggregation among 

asphaltene molecules. In this theme, the control parameter (R) is the concentration of water. It 

explores:  

• The aggregation of asphaltenes, quantified as the average size of clusters (P). 

o Actors A and B are the interactions between asphaltene and water surface 

(adsorption), and asphaltene’s polyaromatic cores with each other (aggregation), 

respectively. 

• The coalescence rate (P’) and coalescence mechanisms of water droplets 

o Here, actor A’ is again adsorption, which causes P’ (coalescence rate) to go down, 

and B’ is the intermolecular attractions between water molecules causing the P’ to 

go up. 

Theme 2: A novel method for calculating partial molar volume from a standard molecular 

trajectory 

The aggregation of asphaltenes in oil is a significant challenge in the oil industry, often leading 

to precipitation and blockages. Chemical inhibitors are widely used to address this issue [16,36], 

but their molecular-level mechanisms remain inadequately understood. A novel approach is 

proposed to calculate the Partial Molar Volume (PMV) of system components directly from MD 

simulation data, using techniques such as linear regression and small-volume sampling. Recalling 

the Janus systems framework, this theme focuses on: 

• Assessing the effects of inhibitor concentration (R) on asphaltene aggregation, initially 

measured as the average size of clusters (P). 

• Presenting PMV as a more thermodynamically meaningful parameter (P) for assessing the 

solubility of asphaltene-inhibitor mixtures, compared to the initial use of average cluster 

size. 
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• Investigating the interplay between 3 actors: A, inhibitor-asphaltene interactions (which 

can either disrupt or stabilize clusters), B, inhibitor-inhibitor interactions (which vary with 

concentration), and C, asphaltene-asphaltene interactions (which promote aggregation). 

Theme 3: Fine-Tuning Equivariant Graph Neural Networks for Adsorption Energy 

Prediction 

Accurate prediction of adsorption energies for compounds on surfaces is critical for 

applications ranging from catalysis to CO2 capture and materials design to asphaltene deposition. 

Adsorption energies are traditionally calculated using first-principles methods like Density 

Functional Theory (DFT), which provides high accuracy but is computationally intensive. This 

limits its practicality for large systems, complex adsorbates, or extensive high-throughput 

screenings. While significant progress has been made using machine learning models, particularly 

3D-equivariant graph neural networks (GNNs), their application to large, complex adsorbates 

remains underexplored. 

Here, the emphasis is on extending the application of 3D-equivariant graph neural networks 

(GNNs) to aromatic molecules, which have historically been underrepresented in existing datasets 

and models. The competing interactions in this framework are not physical but captured by two 

properties of the training dataset: actor A, representing fine-tuning on a specialized aromatic 

dataset that accentuates the nuanced aromatic interactions essential for accurate adsorption 

modeling, and actor B, representing training on a broader, more diverse dataset that promotes 

overall generalizability with more training data. The control parameter (R) in this scenario includes 

factors such as dataset composition and fine-tuning strategy, both of which influence the predictive 

performance (P) of the model as measured by specific evaluation metrics. 

By systematically exploring various fine-tuning methods, this theme seeks to better capture 

the energetic and geometric nuances governing adsorbate–substrate interactions, thereby 

advancing our ability to predict adsorption energies for industrially relevant systems. 

1.5. Outline of the Dissertation  

The rest of the dissertation is structured as follows: Chapter 2 covers the first theme, which 

presents a series of MD simulations examining the simultaneous aggregation/adsorption of a 
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model asphaltene and the coalescence of water-in-oil droplets, revealing the simultaneity of 

asphaltene aggregation/adsorption and water droplet growth. This theme emphasizes the 

development of analysis methods that uncover new insights into droplet coalescence modes and 

their dependence on molecular interactions. Such insights are crucial for improving the design of 

water-in-oil emulsions and mitigating issues like pipeline clogging. 

In Chapter 3, a novel method is introduced for calculating partial molar volumes (PMV) from 

molecular simulation trajectories, validated against experimental data. Its application was 

demonstrated using asphaltene-containing with the presence of inhibitors to probe molecular-level 

mechanisms of inhibition. This would conclude the second objective of the dissertation. The PMV 

method offers a quantitative tool for evaluating solubility changes. This approach enhances our 

understanding of how molecular positioning within aggregates influences the extent of aggregation 

and offers a predictive framework for optimizing inhibitor formulations. 

Finally, Chapter 4 explores the prediction of adsorption energies for large aromatic adsorbates 

using Equivariant Graph Neural Networks, detailing challenges such as data availability and model 

scalability, and showcasing how advanced machine learning techniques can enhance our 

understanding of adsorption energy. 
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2.1. Introduction 

Asphaltenes have been known for a long time to play a major role in stabilizing emulsions 

[34,35,37]. For instance, Mclean et al. [38] identified asphaltene as the primary agent in stabilizing 

water-in-crude oil emulsions. Correspondingly, asphaltene behaviors at the oil-water interface, as 

well as the stabilizing mechanisms, have drawn considerable attention in the literature. 

In the work of Yu et al. [39], it was found that asphaltenes are more active at seawater/oil 

interfaces compared to pure water/oil interfaces, and these interfacial activities are inversely 

correlated with the molecular weight of asphaltenes. Alvarez et al. [40] correlated the turning point 

of interfacial tension with the breakage of asphaltene layers formed on the oil-water interface. 

Poteau et al. [41] showed that high or low water pH can enhance the interfacial activity of 

asphaltenes by inducing electric charges to functional groups in their molecular structures. Using 

microfluidic experimental setups, Lin et al. [42] and Zhang et al. [10] revealed that increasing 

asphaltene concentrations can decrease the coalescence rate of water-in-oil emulsions. Yarranton 

et al. [43] also showed that interfacial behaviors of asphaltenes depend on concentrations. 

Specifically, at low concentrations, asphaltenes reversibly absorb as molecules and form a film 

with low elasticity that cannot stabilize emulsions, and in contrast, at high concentrations, 

asphaltenes irreversibly adsorb as nanoaggregates that can resist compression and stabilize 

emulsions. To overcome these phenomena, microwave heating [36] and chemical inhibitors [16] 

have been used to diminish the emulsification caused by asphaltenes.  

Generally, asphaltenes consist of diverse components [44] and not all components are 

interfacially active [45,46]. Instead, it was proposed that asphaltenes can be separated into 

interfacially active asphaltenes (IAA) and remaining asphaltenes (RA) [45,47]. Rahham et al. [48] 

compared the structures of IAA and RA, and showed that they have a similar molecular weight, 

but IAA have smaller aromatic cores with more functional groups (such as sulfuric or carboxylic 

groups). Similar results have also been reported in the work of Ballard et al. [49] These differences 

lead to the different interfacial structures formed by asphaltenes. Yang et al. [45] showed that IAA 

forms rigid layers and irreversibly adsorbs to the oil−water interface that become thicker and more 

rigid over time. On the other hand, interfacial films formed by RA are softer and exhibit reversible 

adsorption [45].  
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To fundamentally understand effects of asphaltene molecular structures on their behaviors 

and properties, computational studies have also been carried out at the atomistic levels. Due to the 

complexity of asphaltenes, various model compounds have been proposed as proxies [50–53], such 

as Violanthrones [54], perylene bisimides [55],  Hexabenzocoronenes [56], “average” model 

structures representing specific experimental data [57], etc. These models aimed to reveal the 

effect of diverse molecular moieties, and were first employed to investigate asphaltene 

aggregations that simultaneously accompany asphaltene interfacial activities. In this regard, 𝜋 − 𝜋 

interactions between the cores [58,59], hydrogen bonds between heteroatoms [17,51], hydrophobic 

interactions [60], etc. have all been observed to favor asphaltene aggregation, and the aggregated 

structures range from parallel stacking to T-shaped stacking depending on the driving forces [61]. 

Following these works, significant amounts of simulation works have been further performed on 

the interfacial properties of asphaltenes.  

Using molecular dynamics (MD), Teklebrhan et al. [62] studied the effect of the terminal 

moiety structure and aromaticity of the organic solvent on the partition of asphaltene molecules at 

the interface. Their results showed hydrophobic aromatic moieties can hinder the adsorption 

process, while carboxylic functional groups on the side chains will promote asphaltene adsorption. 

Kuznicki et al. [19] employed MD to investigate the configurations of asphaltene molecules at 

water/toluene interfaces and showed that asphaltenes that absorbed onto interface prefer to be 

parallel to each other but perpendicular to the planar interface. This configuration was also 

observed on curved interfaces, for instance, in the works of Liu et al. [63] and Jian et al. [20]. In 

those two works, asphaltenes were reported to form a steady protective film wrapping the water 

droplets, which is responsible for the stabilization of water-in-oil emulsions. In addition, Jian et 

al. [20] found that unabsorbed asphaltene aggregates that are floating around can also introduce 

barriers to impede droplet coalescences and thus stabilize emulsions.  

From the above, a fair amount of research has been done on the interfacial behaviors of 

asphaltenes in conjunction with their aggregation activities. However, the mutual effects of droplet 

coalescence and asphaltene activities are relatively less discussed in the literature. In fact, for all 

the MD works reviewed above [19,20,61–63], either planar interfaces or pre-formed water droplets 

were used to represent emulsions. Planar interfaces [15,19,61,62,64–66] directly prevent the 

investigation of droplet coalescences. In the works where pre-formed droplets were adopted 
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[20,63], the maximum number of droplets is no more than 2, and asphaltene molecules were 

directly placed near the interface, diminishing the simultaneity of droplet coalescences and 

asphaltene aggregation/adsorption. From computational perspectives, this is due to the difficulties 

in extracting and quantifying collective behaviors of interests from the multi-dimensional space in 

a simulation system. As one example, for a typical MD system containing ~50,000 atoms, a total 

of 150,000 coordinates will be generated at each time frame. This is, to identify collective 

behaviors among 50,000 atoms (e.g., the aggregation pathways of these 50,000 atoms), 150,000 

points are being considered at each time frame. Common analyses of MD trajectories typically 

need to be performed over multiple frames, which would involve significantly more data points. 

One way to tackle this challenge is to use machine learning tools such as diffusion map to reduce 

the dimensions of the system [67]. However, these tools abstract features that may not have 

physical meanings [23,68].   

  To bridge the above gap, in this study, both water and asphaltene molecules are 

randomly distributed in the simulation box (see section 2.2), leading to simultaneous 

aggregation/adsorption and droplet coalescences. We then reported detailed analysis on the 

behaviors of both asphaltene and water molecules, with a major focus on water molecules to reveal 

coalescence pathways. A data map was developed to investigate growth modes from atomistic 

levels. The remainder of this chapter is organized as following: simulation methods are introduced 

in section 2.2, results are presented in section 2.3, and final conclusions are given in section 2.4. 

2.2. Method 

2.2.1. Simulated Systems 

The asphaltene model simulated here is based on Violanthrone-79 (VO-79, C50H48O4), 

which has been widely used in the literature as a surrogate for asphaltenes [19,69–71]. The 

molecular structure of VO-79 (see Figure 2-1) consists of one large polyaromatic region and two 

long aliphatic side chains; with 9.0 wt% of oxygen contents, it can represent asphaltene fractions 

that are responsible for stabilizing water-in-oil emulsions [72]. Pentane was chosen as the oil phase 

to promote asphaltene aggregation and adsorption [73], and thus allow us to probe the simultaneity 

of aggregation and the affected coalescence. It also needs to be pointed out here that at nanometer 
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scales, the precipitation effect of pentane is insignificant due to the negligible presence of 

gravitational forces.  

 

Figure 2-1 Chemical structure of asphaltene model compound (VO-79) 

Adopting VO-79 as a model compound for asphaltenes, a total of 6 systems were built to 

investigate asphaltene aggregation and water-in-oil coalescence. The details of these systems are 

listed in Table 2-1. The first system (A16-W0) in Table 2-1 serves as the control system, which 

doesn’t have water molecules in it. The following 3 systems were designed to study the effect of 

number of water molecules. Each of these systems has 16 VO-79 molecules, and a certain number 

of water molecules. For instance, system A16_W300 consists of 16 VO-79 molecules and 300 

water molecules. During the construction of initial configurations, the 16 asphaltene molecules 

were first inserted at random positions inside the simulation box (Figure 2-2), followed by 

randomly adding water molecules. Then, the box was filled with pentane solvents. Following these 

systems, to study the effect of asphaltene concentrations, two additional systems (A80_W600 and 

A160_W600 in Table 2-1) were then built using the same procedure. Both systems are of 600 

water molecules but a larger number of VO-79 molecules (80 and 160, respectively, for system 

A80_W160 and A160_W160).  
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Table 2-1 Properties of the simulated systems 

System 
Asphaltene 

Molecules 

Pentane 

Molecules 

Water 

Molecules 

Initial 

Dimension 

(nm) 

Final 

Dimension 

(nm) 

A16_W0 16 4800 0 103 9.8083 

A16_W300 16 4800 300 103 9.8453 

A16_W600 16 4800 600 103 9.883 

A16_W900 16 4800 900 103 9.9133 

A80_W600 80 8677 600 103 12.153 

A160_W600 160 7964 600 103 12.053 

 

 

 

Figure 2-2 Construction of initial configurations: (a) asphaltene molecules were randomly 

distributed in the simulation box, (b) water molecules were added, and (c) pentane molecules 

were added. 

2.2.2. Simulation Details 

The topology of VO-79 molecule was first obtained using PRODRG [74]. Then, it was 

modified by manually adjusting the partial charges and charge groups in order to be compatible 

with the force field parameter set 53A6 of GROMOS96 [75]. This approach has been showed to 

be suitable for probing the molecular dynamics of polyaromatic cores [76]. The simple-point-

charge model was chosen here for water molecules, which has been shown to be suitable for 

emulsion simulations [20,77]. For pentane molecules, the topology was generated from 

dipalmitoylphosphatidylcholine in the GROMOS96 force field parameter set 53A6 [75], through 

the gmx pdb2gmx routine available in GROMACS[78]. 
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  All simulations were performed using the MD package GROMACS (version 2018.6) [78]. 

For each system, static energy minimization was first performed to ensure that the maximum force 

is less than 1000.0 kJ/(mol·nm). Then, while restraining VO-79 molecules, water and pentane 

molecules were allowed to relax for 1 ns at 300 K and 1 bar. This relaxation helps to remove close 

contacts that may exist in the systems when building initial configurations, and thus solvate VO-

79 molecules and stabilize the simulation systems. In addition, it also helps to obtain a distribution 

of droplet sizes (see section 3 for detailed results). Finally, all restraints were removed, and an 

NPT ensemble simulation was performed for 100 ns for each system. To compute electrostatic 

interactions, the particle-mesh Ewald method [79] was adopted, and a cut-off distance of 1.4 nm 

was imposed for van der Waals interactions. Periodic boundary conditions, the SETTLE algorithm 

[80] to constrain all bonds for water molecules, the LINCS algorithm [81] to constrain all bonds 

for VO-79 and pentane molecules, and a timestep of 2 fs were used for all dynamics simulations. 

Trajectories are saved per 10 ps, leading to consecutive frames being separated by 10 ps.  

2.2.3. Droplet Analysis 

To probe coalescence, water molecules in each system were first mapped to vertices of a 

graph called G. Then, an edge was created between any two vertices (water molecules), if the 

distance between the corresponding oxygen atoms is smaller than 0.32 nm. This distance criterion 

was chosen based on the plot of radial distribution function (RDF) for water oxygens (see section 

7.1.1).  Thus, the interconnected vertices of graph G represent water molecules in the same droplet. 

Examining graph G at different frames can thus provide an effective way to understand the 

coalescence of water-in-oil droplets (details in section 2.3). However, while we are focusing on 

water molecules here, the number of atoms involved during building graph G still exceeds that can 

be handled by heuristic search and direct visualization. Taking system A16_W300 as one example, 

which has the smallest number of water molecules, there are 300 × 3 = 900 coordinates for 

oxygen atoms. For such a system, to analyze 100 frames, 90,000 coordinates should be handled. 

We also note that for systems of 600 and 900 water molecules, the coordinates that need to be 

analyzed are doubled and tripled, respectively.   

To perform the above analysis in an automated way, a customized method for data mining 

was developed. Briefly, this method inputs the trajectory of water molecules (more precisely the 

oxygen atom in each molecule) and simulation dimensions over time, and constructs graph G based 
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on the pairwise distances at each frame along the simulation trajectories. To address periodic 

boundary conditions, the convention of minimum image distance is applied. By assigning an ID 

number to each water molecule, changes in each droplet (i.e., interconnected components of G) 

are monitored by tracking ID variations (see section 7.1.2 for implementation details). To validate 

this method, we compared the number of droplets obtained with that calculated using the 

GROMACS module gmx clustsize. Our results almost overlap with those from the standard routine 

(see Appendix 7.1.3). Beyond tracking numbers of droplets, the superiority of our method is to 

pinpoint molecules in the same droplet (emulsions) and thus allow us to track the coalescence 

pathways. Given the large number of molecules involved, our method provides a simple, yet 

efficient way for visualization and quantification (details in section 2.3).  

2.3. Results and Discussion 

In this section, we will first present our results on asphaltene aggregation and adsorption, 

followed by coalescence studies using in-house developed tools.  

2.3.1. Asphaltene Aggregation and Adsorption.  

To probe the effect of water on asphaltene behaviors, Figure 2-4 shows the RDF (g(r)) 

plots for the separation of center of masses (COM) between polyaromatic cores during the last 5 

ns of the 100 ns NPT production. We note that this last 5 ns (95-100 ns) is where our simulations 

have achieved equilibrium, given that the number of water droplets already approaches 1 within 

30 ns of the simulation time (see Figure A1-3 in the Appendix 7.1). Furthermore, as long as 

equilibrium is attained, the trends presented below will remain the same irrespective of the time 

periods that the analyses were performed over. As can be seen in Figure 2-4, clearly, RDFs have 

the most significant peak around 0.45 nm in all systems. This is, adjacent polyaromatic cores have 

formed 𝜋 − 𝜋 stackings, consistent with the results from literature [59,82,83]. However, the peak 

heights are evidently different among these systems. In fact, the following order is observed for 

the first RDF peak: A16_W0 > A16_W900 > A16_W300 > A16_W600. Additionally, at a larger 

COM separation distance (> 0.6 nm), system A16_W0 has two more evident peaks at ~0.7 nm and 

~1.1 nm, respectively; among systems with water molecules, only system A16_W900 presents 

evident peaks at ~0.7 nm and ~1.1 nm. Thus, the presence of water indeed can affect the 
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aggregation patterns of VO-79 molecules. To further probe this, we further quantified VO-79 

aggregates as presented below. 

 

Figure 2-3 RDFs for systems containing 16 asphaltene molecules during the last 5 ns of the NPT 

production 

To identify parallel stacking pairs, we calculated the COM distance (𝑑𝑖𝑗), as well as the 

angle 𝜎𝑖𝑗, between any two VO-79 cores (see Figure 2-5 (a) for a schematic). Following our 

previous works [59], a parallel stacking (PS) pair, including both direct parallel stacking and 

shifted parallel stacking, is formed between two VO-79 molecules, if COM distance is ≤ 0.75 nm 

and cos 𝜎 ≥ 0.9. Based on this, we further define a stacking block (see Figure 2-5 (b) for a 

schematic) as the structure consisting of consecutively stacked VO-79 molecules with their 

polyaromatic cores parallel with one another.  The size of a stacking block was then quantified by 

the number of VO-79 molecules involved. As can be seen, this definition essentially describes the 

persistency of parallel stacking. By averaging over the last 5 ns of the production runs, the numbers 

of PS pairs and sizes of stacking blocks are plotted in Figure 2-5 (c) for systems A16_W0, 

A16_W300, A16_W600, and A16_W900.  
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Figure 2-4 (a) The distance and angle measurements between 2 VO-79 molecules. Here, the 

distance was measured between the COMs of the cores, and 3 atoms were selected to represent 

the polyaromatic plane in each VO-79 molecule for measuring the angle. (b) A schematic to 

represent a stacking block of asphaltene molecules. (c) The effect of water molecules on 

aggregation in 16 VO-79 systems. 

From Figure 2-5 (c), water molecules show non-monotonic effects on the number of PS 

pairs and the size of the largest stacking blocks. Specifically, with increasing the number of water 

molecules, the number of PS pairs, as well as the size of stacking blocks first decreases, and then 

increases. This observation is consistent with the peaks of RDFs shown in Figure 2-4, suggesting 

that the presence of water molecules will disrupt stackings at low concentrations, and help with 

stackings at high concentrations (more information on the stacking blocks is available in the 

section 7.1.4) To visualize the overall aggregation patterns under the aforementioned influence, 

Figure 2-6 shows the corresponding snapshots for aggregated structures formed in each system. 

Here, the aggregated structures are determined by distance only. In other words, two VO-79 

molecules were defined to be in the same aggregate if the distance between COMs of their 

polyaromatic cores is less than 0.75 nm.  As can be seen from Figure 2-6, while stacking is formed 

in all systems, distinct differences exist in the aggregated shapes.  
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Figure 2-5 Bending effect of the water droplet on VO-79 aggregates visualized by snapshots 

taken near the end of the simulation: (a) system A16_W0, (b) system A16_W300, (c) system 

A16_W600, and (d) system A16_W900. 

Without water molecules (system A16_W0, Figure 2-6 (a)), the aggregate renders a 

straight, rod-like geometry. With the addition of water molecules, model asphaltene molecules 

migrate to the water/pentane interface due to the interfacial activities of VO-79 molecules. As can 

be seen in Figure 2-6 (b)-(d), VO-79 molecules absorbed onto the droplet with their aromatic cores 

perpendicular to the interface, consistent with literature results [82]. This particular adsorption in 

conjunction with 𝜋 − 𝜋 stacking has created different shapes of stacking blocks, depending on the 

size of the water droplet in each of the simulated systems.  Specifically, in system A16_W0 during 

the time 95-100ns of the production phase, 15 out of 16 asphaltene molecules have stacked with 

at least one of the other asphaltenes, which is the highest fraction in all systems and corresponds 

to the largest stacking block shown in Figure 2-5 (c). In system A16_W300 (Figure 2-6 (b)), with 

the presence of water molecules, the tendency of polyaromatic cores to be perpendicular to the 
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water/oil interface causes the aggregate to bend, and further deviates the adjacent polyaromatic 

cores from the parallel configuration. Furthermore, it seems that limited by the size of the droplet, 

there is no sufficient surface area for the entire aggregate to be completely adsorbed. With 

increasing the number of water molecules (system A16_W600, Figure 2-6 (c)), all the VO-79 

molecules adsorbed onto the water droplet, leading to evident bending of the aggregate. With 

further increasing the number of water molecules (system A16_W900, Figure 2-6 (d)), the increase 

in the droplet diameter results in less bending in the aggregate and meanwhile provides sufficient 

surface areas for VO-79 adsorption. This is, the aggregation patterns of VO-79 cores are resultant 

from two competing factors, parallel aggregation driven by interactions among polyaromatic cores, 

and bended shapes driven by adsorption to be perpendicular to the interface. The synergistic effects 

of these two factors lead to the non-linear behaviors in the number of PS pairs as well as the size 

of the largest stacking block (Figure 2-5 (c)). Considering our simulation length (100 ns), it may 

also be possible that the combined water-asphaltene interactions slow down the diffusion of VO-

79 molecules, leading to that parallel stacking in systems A16_W300 and A16_W600 would need 

much longer time to be formed compared to that in system A16_W0. Nevertheless, with 900 water 

molecules, the diffusion barrier could be overcome by sufficiently large water-asphaltene 

interactions.  

 For systems (A80_W600 and A160_W600) with an increased number of VO-79 

molecules, the final configurations are shown in section 7.1.4 of the Appendix. As can be seen, 

unlike Figure 2-6 where each system only has one droplet, these two systems are having more than 

1 droplet by the end of the 100 ns simulation. To understand the effect of VO-79 molecules on 

droplet coalescences, we will present detailed analysis on the droplet coalescence using our in-

house developed tool.  

2.3.2. Water Droplet Growth. 

To probe the effect of VO-79 molecules on the coalescence of water-in-oil droplets, the 

number of water droplets at each simulation frame was first determined using the method described 

in section 2.3. The corresponding results were plotted in Figure 2-7 as a function of simulation 

time for systems A16_W300, A16_W600, and A16_W900. Figure 2-7 (a) shows the equilibrations 

stage, where the positions of VO-79 molecules were restrained. Therefore, the time interval for the 

equilibration phase was selected to cover the first half of this phase (for water droplet sizes, see 
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section 7.1.5). Figure 2-7 (b) represents the production stage of the simulation, where all molecules 

are allowed to freely move. Here, t = 6.14 ns was chosen, since it is the first moment at which a 

single droplet can be observed (see section 7.1.4 in the Appendix). 

 

Figure 2-6 Number of water droplets during: (a) the first 0.5 ns of the equilibration phase and (b) 

the first 6.14 ns of the production phase. The thicker lines represent fitted curves. 

Following above, a double exponential function, equation (2-1) is then employed to fit 

these curves in the equilibration phase. For the production phase, since the number of water 

droplets is smaller, a single exponential function (equation (2-2)) was used for fitting. The average 

values of the derivatives (defined in equation (2-3)) of the fitted function are then calculated to 

represent the average coalescence rates, and equations (2-4) and (2-5) are the specific forms for 

equilibration and production phases, respectively. 

 𝑓1(𝑡) = 𝑎1 𝑒
−𝑏1𝑡 + 𝑎2 𝑒

−𝑏2𝑡 + c (2-1) 

 𝑓2(𝑡) = 𝑎 𝑒
−𝑏𝑡 + c (2-2) 

 (
𝑑𝑓

𝑑𝑡
)

̅̅ ̅̅ ̅̅ ̅
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∫
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𝑑𝑡
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(
𝑑𝑓1
𝑑𝑡
)
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=

1

𝑡2 − 𝑡1
[𝑎1( 𝑒

−𝑏1𝑡2 −  𝑒−𝑏1𝑡1)

+ 𝑎2( 𝑒
−𝑏2𝑡2 −  𝑒−𝑏2𝑡1)] 
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 (
𝑑𝑓2
𝑑𝑡
)

̅̅ ̅̅ ̅̅ ̅̅
=

1

𝑡2 − 𝑡1
[𝑎( 𝑒−𝑏𝑡2 −  𝑒−𝑏𝑡1)] (2-5) 

In the equations above, 𝑓1(𝑡) is the double exponential function with coefficients 

𝑎1, 𝑎2, 𝑏1, 𝑏2 and 𝑐 to be fitted to the data from the equilibration phase, while 𝑓2(𝑡) represents the 

single exponential function that was fitted to the production data. It needs to be pointed out here 

that while experimentally, the coalescence rate is measured using the decrement in the surface area 

of the droplet covered by the medium [10], the decrement in the total number of water droplets is 

used here to calculate the coalescence rate. This is due to the fact that the droplets studied here are 

in the initial stage of formation, meaning that each water droplet only consists of a few molecules. 

Nevertheless, the rates obtained here (see Table 2-2) show an increasing trend with increasing the 

number of water molecules, consistent with experimental works reported in the literature [84]. 

Following the same method, we also calculated the coalescence rate in the production stage of the 

simulation, where all molecules are allowed to freely move. Again, an overall increasing trend is 

observed in the coalescence rate.   

Table 2-2 Coalescence rates in systems with fixed number of asphaltene molecules 

System 
Coalescence Rates (

𝟏

𝒏𝒔
) 

Equilibration Phase Production Phase 

A16_W300 519 1.57 

A16_W600 1103 2.02 

A16_W900 1620 1.83 

To show the effects of asphaltene concentrations on coalescence rates, we performed 

similar analysis on systems A80_W600 and A160_W600. In conjunction with system A16_W600, 

the plots obtained are shown in Figure 2-8, and the average coalescence rates are shown in Table 

2-3. First, for the equilibration stage, with increasing the number of VO-79 molecules, the 
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coalescence rate shows a decreasing trend, consistent with literature results that increasing 

asphaltene concentration can decrease coalescence rates [10,85]. However, in the production stage, 

the trend is reversed, in that with increasing the number of VO-79 molecules, an increasing trend 

is observed in the coalescence rate. This is due to the reason that at the start of the production 

phase, because of faster coalescences in the equilibration phase, system A16_W600 has already 

reached to a state that not too many water droplets were left around, while systems A80_W600 

and A160_W600 still have a fair amount of droplets and thus can maintain a higher rate (referring 

to the later stage of  Figure 2-8 (a) and the earlier stage of Figure 2-8 (b)). 

 

 

Figure 2-7 Number of water droplets during: (a) the first 0.5 ns of the equilibration phase, and 

(b) the first 6.14 ns of the production phase, for systems containing 600 water molecules. The 

thicker lines represent fitted curves. 

Table 2-3 Coalescence rates in systems with fixed number of water molecules 

System 
Coalescence Rates (

𝟏

𝒏𝒔
) 

Equilibration Phase Production Phase 

A16_W600 1103 2.02 

A80_W600 973 3.73 

A160_W600 943 5.41 

 

To probe whether water and asphaltene concentrations can affect the coalescence modes, 

we categorized the growth of water droplets into different modes by comparing the largest droplets 
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at two consecutive frames (time interval: 10 ps). The following scenario was named as the growing 

mode, where the largest droplet absorbs distinctly smaller ones and merges with them to create an 

even larger droplet at the next frame. The criteria used to determine the growing mode are: 1) the 

largest droplet at the current frame must belong to the largest droplet at the next frame, and 2) the 

largest droplet at the current frame must account for more than 50% of molecules in the largest 

droplet at the next frame. The two criteria were implemented by comparing the IDs of water 

molecules contained in the largest droplets at two consecutive frames being analyzed (see section 

2.3 about how water molecules are grouped based on the droplet analysis). This is, criterion 1) is 

set to be met, if molecular IDs found in the largest droplet at the current frame are also present in 

the largest droplet at the next frame; criterion 2) is set to be met, if molecular IDs from the largest 

droplet at the current frame represent more than 50% of the total IDs in the largest droplet at the 

next frame. The rationale behind these definitions is to identify the prevalence of the case where 

the largest droplet serves as nucleus sites to promote coalescence. In other words, unlike in the 

calculation of coalescence rates, all water droplets were taken into consideration, for the analysis 

on coalescence modes, we are focusing on the largest droplet in each system. The scenario, where 

the largest droplet remained the same at consecutive frames, was named as the stalling mode. This 

is, the largest droplets at the current frame and the next frame contain the same water molecules. 

This is implemented, again, by comparing molecular IDs. Figure 2-9 shows the growing mode 

observed in systems A16_W600, and the stalling mode in A16_W900 as representatives. Note that 

in the stalling mode, while smaller droplets can collide in this scenario, this collision doesn’t 

surpass the size of the largest droplet that is already in existence. Since molecular IDs are recorded 

during implementing our criteria, the stalling mode also confirms that the composition of the 

largest droplet remains unchanged.  
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Figure 2-8 (a) and (b): growing mode observed in system A16_W600. At t = 2.19 ns shown in 

(a), the largest droplet contains 392 molecules, and growing from t = 2.19 ns, this largest droplet 

merged with the second largest droplet (123 molecules) and absorbed a single water molecule. 

This leads to that the largest droplet at t = 2.2 ns shown in (b) contains 516 molecules. (c) and 

(d): stalling mode observed in system A16_W900.  At both timesteps (t = 2.59 ns shown in (c) 

and t = 2.6 ns shown in (d)), the largest droplet remained the same size, while smaller droplets 

merged from t = 2.59 ns to t = 2.6 ns. Noe that in the stalling mode, while smaller droplets can 

collide in this scenario, this collision doesn’t surpass the size of the largest droplet that is already 

in existence. 

Using the above definitions, Figure 2-10 summarizes these modes observed in the initial 

stages of equilibration and production phases for systems A16_W300, A16_W600, and 

A16_W900. Figure 2-10 (a) and (c) plots the stalling and growing modes as a function of 

simulation time. In these two figures, the coalescence mode at each frame is determined, classified, 

and colored according to the legend; blank means coalescence modes other than stalling and 

growing are in presence. Meanwhile, Figure 2-10 (b) and (d) summarize the total percentage of 

these modes, which defined as the total time, where stalling or growing modes are observed, over 
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the total time periods, 500 ps and 6140 ps for equilibration and production phases, respectively. 

Here, the total time of stalling or growing modes being observed is determined by the total length 

of the corresponding streaks (details on these calculations and streak lengths are available in 

Appendix, section 7.1.6).  

 

Figure 2-9 Coalescence mode analysis for systems A16_W300, A16_W600, and A16_W900. (a) 

and (c) show the distribution of coalescence modes in equilibration and production phases, 

respectively; (b) and (d) plots the percentage of different modes. 

As can be seen from Figure 2-10, stalling modes dominate in both phases. This is due to 

the presence of VO-79 molecules, which would act like walls to impose barriers on the diffusion 

of water droplets as well as reduce the related collision probability. At the equilibration stage, with 

increasing the number of water molecules, while the percentage of the stalling mode shows a non-

monotonic trend, the percentage of the growing mode exhibit an increasing trend. The latter is due 

to the fact that increasing the number of water molecules would increase the probability of collision 
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and merging that can lead to growing modes. Entering the production phase, while the percentage 

of growing mode in system A16_W300 system remain approximately the same in both 

equilibration and production, for systems A16_W600 and A16_W900, the percentage of growing 

modes is evidently reduced compared to that in the equilibration stage. Contrarily, for the same 

system, the stalling mode is more prevalent in the production phase compared to that in the 

equilibration phase. More interestingly, the consecutive nature of the growing mode is more 

diversified in the production phase (see Appendix, section 7.1.6 for quantitative comparisons). In 

the production stage, all systems have reduced number of droplets with, on average, larger droplet 

sizes compared to the equilibration stages (see Figure 2-7 and section 7.1.5 in Appendix). This is, 

the collision probability is intrinsically limited by the smaller number of water droplets, regardless 

of the number of water molecules. Furthermore, VO-79 molecules start to aggregate, which would 

further prevent the collision of water droplets (note that coalescence rates in the production stage 

is much smaller than those in the equilibration stage, see Table 2-2). Correspondingly, the growing 

mode is reduced, and the stalling mode is increased.  

We also performed mode analysis for systems A80_W600 and A160_W600, and plotted 

the corresponding results in Figure 2-11 together with system A16_W600 to probe the effect of 

asphaltene concentrations. Similar to the observations in Figure 2-10, stalling modes dominate in 

both equilibration and production phases, and for all systems, the percentage of stalling mode is 

increased in the production phase compared to that in the equilibration phase, with an opposite 

trend observed in the population of growing modes. Furthermore, in the equilibration stage, 

increasing asphaltene concentrations leads to a decrement in the percentage of the “nucleus” mode 

(stalling plus growing). More specifically, the percentage of stalling modes is marginally reduced, 

while the percentage of growing modes is slightly increased. This seems to contradict with the 

analysis on the decreasing trend in the coalescence rate by increasing the number of VO-79 

molecules, where it was proposed that more VO-79 molecules would create more barriers to 

impede coalescence. However, as mentioned earlier, when calculating coalescence rates, all water 

droplets were taken into consideration, while for the analysis on coalescence modes, we are 

focusing on the largest droplet at each frame in each system. This is, the increment observed in the 

percentage of the growing mode might be resultant from the fact that increasing number of VO-

79 molecules would create much more droplets with much smaller sizes (see Tables A7.1.2 and 

A7.1.3 in the Appendix). Overall, these abundant, small droplets have lower coalescence rates due 
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to the presence of more VO-79 molecules, but the presence of extremely small water droplets (e.g., 

the ones with less than 10 molecules) in system A80_W600 and A160_W600 may actually collide 

with others more easily (note that in the equilibrations stage, VO-79 molecules are restrained). In 

the production phase, as the number of asphaltene molecules increases, the growing mode exhibit 

a decreasing trend while the stalling mode has an increasing trend. This trend could be caused by 

the aggregation of floating VO-79 molecules, which brings in dynamic barriers to impede 

collisions among the water droplets, and thus promote the stalling mode. In addition, the protective 

layers formed by VO-79 on the droplet surface can also prevent droplet coalescence (see section 

7.1.5 in the Appendix). We also note that systems A80_W600 and A160_W600 have more than 

one water droplet by the end of the 100 ns production simulation, confirming the impeding role of 

VO-79 molecules.  

 

Figure 2-10 Coalescence mode analysis for systems A16_W600, A80_W600, and A160_W600. 

(a) and (c) show the distribution of coalescence modes in equilibration and production phases, 

respectively; (b) and (d) plots the percentage of different modes. 
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To further validate the above observation, we adjusted the criterion in the definition of the 

growing mode presented earlier. Specifically, the criterion was further increased in that the largest 

droplet at the current frame must account for more than 70% of molecules in the largest droplet at 

the next frame. Figure A1.7 in the Appendix (section 7.1.7) shows the effect of this adjustment on 

the abundances of growing modes in all systems for both equilibration and production phases. As 

it can be seen, almost all trends observed before still hold, confirming the dominant role of the 

largest droplet as the nucleus site.  

To probe other modes existing in the system, we took a detailed look at the “blank” parts 

in the streak plots. The following mode is identified: small droplets from the current frame collide 

and merge into a larger one at the next frame, and this newly formed droplet surpass the size of 

the largest droplet at the current frame. This scenario is plotted in Figure 2-12 using system 

A80_W600 as a representative. Figure 2-12 (a) shows the largest droplets at t=0.05 ns, and (b) 

shows the largest droplets at t=0.06 ns. From (a) to (b), small droplets (colored in yellow) at (a) 

merged into a larger one at (b), which exceeds the size of the largest droplet observed at the frame 

shown in (a). In other words, the largest droplet is not the nucleus site for this particular frame. 

Similarly, (c) shows the largest droplets at t=2.46 ns, (d) shows the largest droplets at t=2.47 ns. 

From (c) to (d), small droplets (colored in yellow and cyan) at (c) merged into a larger one at (d), 

which exceeds the size of the largest droplet observed at the frame shown in (c). Again, this means 

the largest droplet is not the nucleus site. It needs to be pointed out that the mode shown in Figure 

2-12 could be easily found in other A16 systems (see section 7.1.8 in the Appendix). 
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Figure 2-11 Non-nucleus mode observed in the production phase of system A80_W600: (a) 

shows the largest droplets at 𝑡 = 0.05 ns, (b) shows the largest droplets at 𝑡 = 0.06 ns. (c) shows 

the largest droplets at 𝑡 = 2.46 ns, (d) shows the largest droplets at 𝑡 = 2.47 ns. See the main 

text for detailed analysis. 

2.3.3. Implications 

From aggregation perspectives, asphaltenes belong to the family of polyaromatic 

compounds that are of wide applications in electronics. For instance, aggregates consisting of 

polyaromatic compounds have been used in organic thin-film (or field-effect) solar cells [86,87], 

conductive organosilica films [88], and photovoltaics liquid crystals [89]. These applications 

require polyaromatic aggregates to be of specific geometries, i.e., one-dimensional, rod-like, 

parallel stacked, etc.[90]. Our results reported here suggest that water droplets can serve as an 

effective medium to tune the aggregate shapes. From emulsion perspectives, compared to similar 

computational works in literature where the droplets are preformed [20,63,91,92], our work here 

started with dispersed water molecules. While number of molecules studied are still incomparable 
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with the length scale used in experiments, the coalescence mode analysis provides direct 

observations of the coalescence process that may be inaccessible from experiments. Indeed, the 

growth of water droplets is dominated by using the larger ones as the nucleus site, confirming 

experimental postulations reported in the work of Nowbahar et al. [93]. 

From method perspectives, our work can provide a new approach to quantitatively study 

coalescence phenomena in colloidal systems. It needs to be pointed out here our method is 

automated, in that the only inputs needed are atomistic trajectories with predefined criteria. Thus, 

the method here can provide a platform for analyzing cluster/coalescence of nanoscale emulsions 

for use in food industries [94], fuel systems[95], and pharmaceutical applications [96]. For 

instance, in the work of Moghaddasi et al. [96], the oil-in-water nanoemulsions were studied in the 

absence and presence of curcumin, and our methods can directly help to enable an automated 

review of simulation trajectories, and more importantly reveal the binding modes among oil, 

surfactant, and curcumin. In addition, the cluster analysis on water molecules can also help to 

address aggregation pathways in broad areas, such as the binding of drugs and carriers in drug 

delivery [97]. We also emphasize that for analyzing coalescence modes, our method is focusing 

on the largest droplet in each system to emphasize its prevalence and effects. While this method 

omits coalescence happening among smaller droplets, it can still identify them (see blank parts in 

Figures 2-10 and 2-11). It is also extendable to simultaneously track the stalling mode of 

coalescence and the collision among small droplets. 

The classification of droplet dynamics into 'growing' and 'stalling' modes serves as a 

powerful quantitative tool to connect microscopic coalescence events with macroscopic system 

properties like emulsion stability. By defining a proxy for nucleation-driven growth, this method 

allows for a direct, comparative analysis of how different system components, such as asphaltene 

and water concentrations, impact the underlying mechanisms of phase separation. The utility of 

this framework is demonstrated by its ability to produce trends consistent with physical intuition; 

for example, correctly identifying that asphaltenes promote 'stalling' modes, thereby acting as 

emulsifying agents. 

However, it is important to acknowledge the limitations of this approach. The classification 

is inherently dependent on the chosen time interval for analysis (Δt = 10 ps). While this window 
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was selected to balance the observation of meaningful dynamic events against thermal noise, the 

absolute frequencies of the identified modes would change with a different Δt. Nonetheless, the 

relative trends observed when comparing different systems are expected to be robust. Furthermore, 

this analysis simplifies the complex dynamics into a binary classification and does not explicitly 

capture other possible events, such as the simultaneous merger of multiple large droplets or droplet 

fragmentation. Despite these limitations, the method successfully fulfills its intended purpose as a 

robust indicator for tracking the prevalence of the dominant coalescence mechanism within the 

simulated systems. 

Additionally, we note that using a single model compound such as VO-79 to represent 

complex asphaltenes may intrinsically have some limitations. For instance, our results may 

overemphasize the importance of parallel stacking, considering that polydisperse compounds may 

have a smaller extent due to the presence of dissimilar molecular structures [44]. Furthermore, the 

adsorbed configuration reported here may only represent one of the possible structures formed by 

asphaltenes at the oil/water interface [61]. This is, the usage of a single model may omit other 

information that can only be accessible by polydisperse models. However, adopting a simplified 

model is a standard approach in MD to unentangle complexity and gradually understand different 

factors [98]. In our current work, VO-79 is a proxy that can mimic the interfacial activities of 

asphaltenes, and thus allow us to probe the simultaneity of emulsion formation and asphaltene 

aggregation under the influence of asphaltene adsorption. Inclusion of other models is entirely 

feasible, but may obscure the synergistic effects of emulsion, adsorption, and aggregation because 

of the entanglement among asphaltene proxies. Similarly, adopting model compounds from a 

different source (e.g., the ones proposed in [99]) may lead to different stacking extents as well as 

adsorbed configurations. However, since parallel stacking is commonly observed among all 

asphaltene molecules [53], provided that the model asphaltene can mimic interfacial activities of 

asphaltenes, we expect similar modes to be observed for coalescence, and the synergistic effects 

of aggregation, emulsion, and adsorption should stay the same. 

2.4. Conclusions 

In this work, we probed the mutual effects of asphaltene aggregation/adsorption and water-

in-pentane droplet coalescence. To simultaneously capture those phenomena, water and model 

asphaltene (VO-79) molecules were both randomly distributed in the simulation box. By the end 
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of the production run, it was confirmed that VO-79 molecules would absorb to water/oil interface 

with their polyaromatic cores perpendicular to water surface. This specific orientation competes 

with the parallel stacking among polyaromatic cores, leading to the non-monotonic trends 

observed in the preference of parallel stacking with increasing the concentration of water 

molecules. Specifically, to achieve the aforementioned perpendicular orientation at the interface, 

droplets of small radii would bend the aggregates of VO-79, and thus disrupt the parallel stacking 

among VO-79 molecules. With increasing the radii of water droplets, the bending extents needed 

to achieve perpendicular orientation are decreased, which helps to restore the parallel stacking 

among polyaromatic cores. We then employed in-house developed tools to investigate the 

coalescence of water-in-oil droplets. Coalescence rates were first obtained by fitting exponential 

functions to simulation data, and it was found that increasing the number of water molecules would 

increase the coalescence rate, while VO-79 molecules could impede droplet coalescence rates, 

consistent with literature results. More importantly, in all systems simulated, the droplet growth 

was dominant by using the largest droplet as the nucleus site, through stalling (where the largest 

droplet retains its sizes) and growing (where the largest droplet adsorbs smaller ones) modes. We 

emphasize again that for stalling modes, while smaller droplets may merge, the largest droplet 

remains unchanged. Thus, it is still the nucleus site from the perspective of tracking the largest 

droplet. The dynamic barriers introduced by floating VO-79 molecules promote the stalling mode, 

compared to the scenario where VO-79 molecules were restrained. Subtle differences also exist 

among those systems, in that both large (induced by more water molecules, see systems 

A16_W600 and A16_W900) and abundant small (induced by more asphaltene molecules, see 

systems A80_W600 and A160_W600) water droplets would help with growing mode in the 

equilibration stage of the simulation, where VO-79 molecules are restrained and only impose static 

barriers. The results reported here provide quantitative insights into the simultaneity of VO-79 

(asphaltene) aggregation/adsorption and the coalescence of water droplets, and the automated 

method developed can also help to reveal nucleation mechanisms for nanoemulsion systems in 

broad areas. Altogether, this work is of both practical and fundamental importance. It can not only 

help to understand and further control emulsions in, for example, food, cosmetic, and petroleum 

industries, but also shed lights on how synergistic effects can be revealed and extracted in a 

quantitative way. 
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3.1. Introduction 

The definition of partial molar properties pertains to the components of a mixture, where 

changes in a particular property occur as the quantity of that component is altered while keeping 

pressure and temperature constant [100]. These partial molar properties can be defined for a range 

of thermodynamic properties, including volume. Out of these properties, the partial molar volume 

(PMV) of mixture components has significant implications in various fields as reviewed below. 

In biophysics, Le Chatelier's law has significance in explaining the pressure-induced 

denaturation of proteins, where the PMV plays a crucial role [101]. Upon applying pressure, 

proteins undergo structural transformation to a lower PMV state [102]. The PMV of proteins has 

also been utilized as an order parameter in protein folding, as demonstrated by Kitahara et al. [103] 

Furthermore, Kawama et al. [104] have investigated the PMV of proteins during the hydration 

process of 27 different proteins, which controls biophysical phenomena such as folding and ligand 

binding. In the food industry, the PMV of sugars is related to their sweetness response [105]. 

Additionally, Ivanov et al. [106] have demonstrated that investigating volume characteristics such 

as PMV in multi-component solutions can aid in studying the quality of interactions between 

solutes. Specifically, their work focuses on the impact of urea and tetramethylurea on the structure 

of water and formamide solvents. It was found that the effects of urea and tetramethylurea on the 

solvent structure are more pronounced at lower temperatures. 

Examining molecular interactions through Partial Molar Volume (PMV) reveals valuable 

insights, particularly when isolating a solute molecule from interactions with other solute 

molecules. At infinite dilution, solute-solute interactions become negligible. The determination of 

partial molar volume (at infinite dilatation) becomes instrumental in providing clear information 

about various interactions in solutions, including ion-solvent, solute-solvent, and ion-ion 

interactions. For example, Kaur et al. [107] conducted experiments with propylene and hexylene 

glycols in methanol solutions of chlorhexidine. They obtained density value and calculated 

apparent molar volume (AMV) and then utilized linear regression to approximate the PMV value 

at infinite dilatation. Their findings reported positive PMV values at all temperatures and 

concentrations, indicating robust solute-solvent interactions. Similarly, Yan et al. [108] observed 

positive PMV (at infinite dilatation) values, when experimenting with a mixture of some amino 

acids and a pharmaceutically active ionic liquid, noting an increase with rising temperature. They 
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attributed this trend to the thickness of solvation layers enveloping the terminal groups of 

zwitterions at different temperatures. 

As Liu et al describe in their work [109] the deviation between the volume of the solution 

from the ideal behavior was resultant from two mechanisms acting simultaneously. First, it is the 

interaction of solute and solvent molecules. Second, smaller molecules filling the void of larger 

molecules tend to shrink the volume. These two mechanisms can act in the same direction, or they 

can compete, and the result of competition can be investigated from the excess molar volume. 

While PMV provides information about the volume change associated with adding one 

mole of a component to a solution, excess molar volume (EMV) Vm
E  gives insights into the overall 

volume behavior of a mixture compared to an ideal solution. The link between them lies in 

understanding how the interactions at the molecular level, as reflected by PMV, contribute to the 

overall deviation from ideal behavior observed in Vm
E . Therefore, while PMV is a property of 

individual components in a solution, EMV is a property of the entire mixture, and it describes the 

variation in volume when two components are mixed to form a solution from the volume that 

would be expected if the mixture followed ideal behavior.  

The EMV values are mainly affected by physical, chemical and structural factors. The 

physical factors consist of dispersion forces and other non–specific physical interactions that 

increase the value of EMV. On the other hand, the chemical and structural contributions like 

disruption of H–bonding, charge–transfer (donor–acceptor) complexes, and strong dipole–dipole 

interactions among the unlike molecules, mostly decrease EMV [110–112]. For example, Verma 

et al. [111] obtained volumetric properties of mesitylene and alkanol mixtures. They observed 

positive values for EMV across the whole composition range for mesitylene (1) + alkanol (2) 

mixtures, which they explained by the rupture of H-bonding in self-associated alkanol as well as 

dipole–dipole interactions in monomers and dimers of alkanol and due to a change in favorable 

orientation in mesitylene. On the other hand, in their other work [110], where the intermolecular 

interactions between the mixture of p–chlorotoluene and alkanol was studied, they reported that 

the structural contribution such as formation of H–bonding, charge–transfer (donor–acceptor) 

complexes, and strong dipole-dipole interactions among the unlike molecules, led to negative 

EMV. An interesting observation arises when connecting EMV with PMV. In these studies, 
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positive EMVs correlated with a decrease in the PMV of the non-alkanol component as its molar 

fraction increased. Conversely, negative EMVs were associated with an increase in the 

component's PMV with molar fraction. Notably, the PMV of alkanol showed a slight increase in 

both cases when its molar fraction decreased. 

These findings highlight the capability of PMV to dissect interactions related to each 

component independently. In contrast, EMV is shown to reflect the overall collapse or expansion 

of the entire system. This observation underscores the distinct roles of PMV and EMV, 

emphasizing their complementary nature in elucidating the intricate interactions within complex 

mixtures. 

In experiment, PMV is measured by numerical differentiation. That is, numerically 

differentiating the total volume while changing the amount of substance of interest and maintaining 

the temperature and the pressure of the system. For example, Cadena et al. conducted an 

experiment to measure the partial molar volume of CO2 in two imidazolium-based ionic liquids 

[113]. The experimental setup employed was previously described in their published works [114]. 

To maintain a constant temperature throughout the experiment, they utilized a constant 

temperature bath, while the pressure was monitored with a capacitance manometer [115]. Several 

methods have been developed to predict PMV in numerical simulations. Hypothetically, the 

method of numerical differentiation, as described in experimental settings, can also be applied to 

simulations. However, it demands multiple independent systems to be simulated, and then the total 

volume to be measured and numerically differentiated with respect to the number of molecules of 

the specific component [116]. This prerequisite renders the method inefficient for numerical 

simulations. Moreover, the imprecision in measuring the total property has a substantial influence 

on the value of PMV [117]. The Kirkwood-Buff (KB) integrals can also be used to measure PMV 

and offer an advantage over other techniques in that they can be employed for closed systems with 

constant composition [118]. This is accomplished by implementing the KB integrals for a specific 

portion of the entire system [119]. An alternative set of techniques relies on a mathematical 

approach that centers on the partition function of a binary mixture in the isobaric-isothermal 

ensemble [120]. The partition function is a statistical function that characterizes the 

thermodynamic state of a system and can be represented as a sum of contributions from each 
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component in the mixture [121]. The methods used in the work of Widom [122] and Sinzingre et 

al. [120] are examples from this category. 

Here we developed a novel method to calculate PMV of the components from the existing 

trajectories, outputted by molecular dynamics and as a demonstration, this novel method was tested 

on asphaltenes to illustrate its applications in understanding aggregation. Asphaltene has been 

chosen as the system to test due to its propensity for aggregation, which poses significant 

challenges in clean oil production [33]. Precipitation resulting from asphaltene aggregates can 

obstruct transportation pipelines [46]. To mitigate asphaltene aggregation, microwave heating [36] 

and chemical inhibitors [16] have been explored. Inhibitors are specifically designed to interact 

with asphaltenes and inhibit their aggregation [123,124]. Among these inhibitors, dodecylbenzene 

sulfonic acid (DBSA) has garnered significant attention due to its excellent performance as an 

asphaltene inhibitor. It has been demonstrated that even a low dosage of 5%wt of DBSA can 

completely reverse the aggregation effect [125] and improve the rheology of bitumen [126]. The 

complexity of asphaltene-inhibitor systems provides a platform to test the applicability of our 

novel method in providing physical insights. As presented in sections 2 and 3, the PMV serves as 

a valuable thermodynamic descriptor, providing insights into the molecular interactions and 

volumetric changes occurring within a system [106]. 

Current methodologies for determining or computing Partial Molar Volume (PMV) exhibit 

limitations, with some being constrained to specific molecular interactions, as exemplified by 

Widom's method [122]. Alternatively, computationally demanding techniques, such as numerical 

differentiation, pose challenges, especially in the context of post-processing legacy simulation 

datasets. Recognizing this gap in the literature, Josephson et al. [116] proposed a method that 

leverages molecular trajectories to derive PMV values for simulated systems. Building upon this 

foundation, our work introduces an efficient method for PMV calculation, which can also be 

applied to legacy simulation trajectories. 

The remainder of this chapter is organized as following: In the following section, we 

introduce and discuss the methodology used in this work, along with its implementation. 

Additionally, we provide an overview of the properties of the systems that were analyzed in this 

study in section 3.3. These systems can be categorized into two groups: one group comprising a 
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solvent and asphaltene, and the other group including DBSAs as well. In section 3.4, we conclude 

the chapter, summarizing the findings and implications drawn from the study. 

3.2. Method 

3.2.1. Formulation 

For a thermodynamical property like volume 𝑉, the parameter 𝑉̅𝑖 can be defined as PMV 

of component 𝑖 in a mixture. Equation (3-1) is the formal definition of the PMV [127], where 𝑁𝑖 

is the amount of substance 𝑖 in the mixture. 

 𝑉̅𝑖 = (
𝛿𝑉

𝛿𝑁𝑖
)
𝑇,𝑃,𝑁𝑗≠𝑖

 (3-1) 

By integrating the total volume over the PMV of all components, one can write the integral 

form of the definition in equation (3-2). 

 𝑉 =  ∑𝑁𝑖𝑉̅𝑖
𝑖

 (3-2) 

To determine the PMVs of an N-component system, one can create a system of equations 

using the total volume and the quantities of all components for 𝑛 independent instances. Although 

this approach is mathematically sound, it is difficult to implement numerically due to the 

requirement that the instances be independent, or else the system becomes ill-conditioned. This 

approach shares similar challenges with the numerical differentiation method. In addition, 

simulating multiple independent systems incurs a significant computational cost. Furthermore, 

since PMVs depend on the system’s composition, the obtained values would represent the mean 

of the sampled state points. This creates a trade-off, as noted in [116]: if the sampled instances are 

too distant, the average value becomes highly uncertain, while if they are too close, the system is 

prone to ill-conditioning. 

To avoid the need of simulating multiple systems, we choose to generate 𝑛 instances of 

equation (3-2) by utilizing the fluctuation of state parameters within a single simulation. If the 

ensemble allows for significant fluctuations in 𝑁𝑖 and 𝑋, it is possible to identify independent state 

points for the system to build equation (3-2). The primary source of inaccuracy in this setup arises 
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from measuring the total property (i.e., volume), which is susceptible to numerical noise in the 

simulation.  

One approach to handling this noise is to acquire more than n instances and use linear 

regression, as outlined in the work of Josephson et al. [116] In solving equation (3-2), if the values 

of 𝑋 and 𝑁𝑖s for more than 𝑛 instances are available, multivariate linear regression can be applied 

to obtain 𝑋̅𝑖 is, i.e., solving for the left-hand side vector in equation (3-3). Here, the subscript 𝑖 

indicates the relationship to component 𝑖 of the mixture, and the superscript 𝑗 shows the 

relationship to instance 𝑗. It is important to note that this method can only be employed under the 

assumption that the partial molar properties (PMV in this work) remain invariant when the 

composition changes. 
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3.2.2. Implementation 

The molecular trajectories outputted by molecular dynamic simulations provide an 

opportunity to setup equation (3-3). That is, for simulation of a system containing 𝑛 compounds, 

𝑚 > 𝑛 instances with the number of all components and the value of total property are needed. 

Here, the focus is on PMV and for this value the total volume should be measured at all instances. 

To alter the number of molecules one could simulate the system in ensembles where the number 

of molecules is not constant, although the control over the number of molecules is still limited. 

The work of Josephson et al. [116] introduced the method of linear regression for partial molar 

properties uses systems in which the composition changes by chemical reaction or phase 

transform. Our systems are not susceptible to chemical reactions; hence, there will be no variations 

in the number of molecules for the components. As a result, it is not feasible to sample instances 

throughout the simulation period that are linearly independent concerning 𝑁𝑖s. This implies that 

the method utilized in the original paper cannot be directly implemented in this case. 
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Here, that method is modified so it can be applied on systems simulated in ensembles where 

system compositions are not changed. The sampling that produces the rows of the matrix and the 

left-hand side vector of equation (3-3) is done by inserting cubic control volumes inside the 

simulation domain. As shown in Figure 3-1, instead of using the whole simulation box volume as 

the total property, the volume of the sub-system (control volume) is used. The trajectories are 

compiled to count the number of molecules of each substance that is located inside the control 

volume. To introduce variance to the total property the dimension of the control volumes randomly 

changes between the values in the interval of  [0.6,0.8] and  [0.1,0.9] times the simulation box 

dimensions for the test systems and the validation systems, respectively. Since there are molecules 

on the edges of the control volumes that are partially inside them, non-integer is allowed for the 

values of 𝑁𝑖
𝑗
s, which for every molecule is determined by the fraction of its atoms that are inside 

the control volume to the total number of atoms of that molecule. In each snapshot, a certain 

number of identical control volumes is generated. The dimension of these control volumes is such 

that they overlap and cover the whole simulation box. Then, the number of molecules of all 

components in the system is counted in all control volumes. Based on those numbers, a certain 

number of control volumes are selected to provide their samples (more details in Figure A7.2.1 

and section 3.4.1). 

 

Figure 3-1 Sampling the data by control volumes for calculating partial molar volumes of all 

components. The control volumes used in the actual setup overlap with each other. 
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The final step is averaging the numbers provided by the samples for each of the components 

forming one row of matrix of equation (3-3) for the related snapshot. The volume of the identical 

control volumes is then written on the element of total property vector (right hand side of equation 

(3)) corresponding to that snapshot. This process is done for as many snapshots as needed to 

provide the m rows of the matrix. As said before the control volumes are identical in each instance 

but randomly change at different instances. 

3.2.3. Validation Systems 

To validate the method, it was applied on the 2 systems discussed in the work of Verma et 

al[111]. The properties of the systems are brought in Table 3-1. The systems are binary mixtures 

of mesitylene and isopropanol with 2 different compositions. 

Table 3-1 The properties of simulated validation systems. 

System Mesitylene (1) 
Isopropanol 

(2) 
𝒙𝟏 

Simulation box 

length [nm] 

Mesit_20 750 2868 0.21 7.892 

Mesit_80 2000 500 0.8 8.066 

 

In a study by Verma et al [111], the temperature-dependent density of both pure 

components and the mixture was measured across various compositions. Subsequently, excess 

molar volume (EMV) values were computed using equation (3-4). Following this, a Redlich-Kister 

polynomial was employed to fit the EMV values, and the resulting coefficients were utilized to 

derive partial molar volumes (PMV) through equations (3-5). Further details on these calculations 

are elucidated in Section 7.2.2 of the Appendix. 

 𝑉𝑚
𝐸 =

𝑀1𝑥1 +𝑀2𝑥2
𝜌

−
𝑀1𝑥1
𝜌1

−
𝑀2𝑥2
𝜌2

 (3-4) 

 

{
 
 

 
 𝑉̅1 = 𝑉𝑚

𝐸 + 𝑉1 + 𝑥2(
𝜕𝑉𝑚

𝐸

𝜕𝑥1
)𝑃,𝑇

𝑉̅2 = 𝑉𝑚
𝐸 + 𝑉2 − 𝑥1(

𝜕𝑉𝑚
𝐸

𝜕𝑥1
)𝑃,𝑇

 (3-5) 
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In equations (3-4) and (3-5), 𝑉𝑚
𝐸 is the excess and 𝑉̅𝑖s are the partial molar volumes, while 

𝑀𝑖s represent molar masses, 𝑥𝑖s denote mole fractions, 𝑉1 and 𝑉2 represent the molar volumes of 

the pure components. 

3.2.4. Test Systems 

As mentioned in the introduction, asphaltene plays a pivotal role in various challenges 

within the oil industry, such as pipeline blockages and the stabilization of water-in-oil emulsions. 

To gain insights into their properties, researchers employ model molecules as proxies for 

asphaltenes in numerical simulations, and since asphaltenes possess significant aromatic 

components, these model molecules are designed to reflect this characteristic [51–53]. Based on 

the positioning and distribution of aromatic parts, these model molecules can be categorized into 

two main types: the island or continental type, where a single polyaromatic core (PAC) is 

surrounded by various functional groups, and the archipelago type, where smaller polyaromatic 

groups are connected with aliphatic chains or similar groups [128,129]. The presence of polar 

aromatic parts [58], polar functional groups, and heteroatoms is identified as a crucial factor 

contributing to the self-aggregation of asphaltenes [17,51], mediated by interactions such as 

hydrogen bonding, acid-base interactions, and π-π stacking. Particularly, in the continental-type 

model molecules, π-π interactions play a significant role in attracting adjacent PACs of 

asphaltenes, facilitating their aggregation [59]. The stacking process through π-π interactions 

initiates when a few molecules come into contact with each other, aligning their polyaromatic 

cores in parallel configuration, forming a group of molecules known as parallelly stacked (PS) 

clusters. One of the common model molecules that is frequently used as a continental type 

asphaltene proxy is Violathrone-79 (VO-79) [70,71]. 

The systems studied here contain a mixture of VO-79 and solvents. To study the effect of 

inhibitors, 4-Dodecylbenzenesulfonic Acid (DBSA) was adopted here, since it has demonstrated 

exceptional performance and has drawn considerable attention from researchers [13,14,130]. 

Asphaltenes are represented using Violanthrone-79 (VO-79) and their chemical structures are 

shown in Figure 3-2. 
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Figure 3-2 The chemical structures of violanthrone 79 (a) and 4-dodecylbenzenesulfonic acid 

(b). 

Table 3-3 shows the composition of the systems studied. One of them is named A16_Wt 

and contains 50301 water and 16 V0-79 molecules. The inclusion of water and asphaltene in one 

of the systems is due to the fact that water is a polar solvent, while asphaltene is hydrophobic 

[131]. This difference in polarity can significantly affect the arrangement of water molecules 

around asphaltene molecules compared to organic solvents. Therefore, the next system A16_Wt 

contains 16 Vo-79 molecules solvated in n-Pentane. The components of A16_Pn, are set to make 

its output comparable to A16_Wt. The study can investigate how the presence of water affects the 

aggregation behavior of asphaltene molecules and more importantly how PMV changes with 

altering solvents. 

The systems Hn0, Hn60, Hn120 and Hn180 contain 24 Vo-79 molecules and n-heptane as 

the solvent, and 0, 60, 120 and 180 DBSA molecules respectively. The composition of the systems 

that are simulated in this study has been selected with the aim of investigating the effect of varying 

inhibitor concentrations on the aggregation of asphaltene molecules in organic solvents. 

Specifically, the systems have the same amount of VO-79 but different amounts of DBSAs, 

allowing for a comparison of the effect of inhibitor concentration on asphaltene aggregation as 

well as PMV values.  

Similarly, Pn0, Pn60, Pn120 and Pn180 were composed with 24 VO-79, n-pentane and 0, 

60, 120 and 180 DBSA molecules. Incorporating different solvents in addition to varying inhibitor 

concentrations in the simulations can help to increase the confidence of the analysis by providing 

a more comprehensive understanding of how asphaltene aggregation is influenced by different 

solvent environments. By simulating the mix of VO-79 and DBSA in both n-heptane and n-



 49 

pentane, the study can investigate how variations in solvent properties and inhibitors affect the 

stability of asphaltene molecules through the PMV analysis. 

Table 3-2 The properties of simulated test systems. 

System Violanthrone 

79 

n-

Pentane 

n-

Heptane 

Water 
4-

Dodecylbenzenesulfonic 

Acid 

Simulation 

box length 

[nm] 

A16_Wt 16 0 0 50301 0 11.607 

A16_Pn 16 4800 0 0 0 9.811 

Hn0 24 0 6637 0 0 11.807 

Hn60 24 0 6360 0 60 11.722 

Hn120 24 0 6107 0 120 11.645 

Hn180 24 0 5883 0 180 11.582 

Pn0 24 8420 0 0 0 11.813 

Pn60 24 8146 0 0 60 11.750 

Pn120 24 7903 0 0 120 11.709 

Pn180 24 7638 0 0 180 11.655 

Similarly, Pn0, Pn60, Pn120 and Pn180 were composed with 24 VO-79, n-pentane and 0, 

60, 120 and 180 DBSA molecules. Incorporating different solvents in addition to varying inhibitor 

concentrations in the simulations can help to increase the confidence of the analysis by providing 

a more comprehensive understanding of how asphaltene aggregation is influenced by different 

solvent environments. By simulating the mix of VO-79 and DBSA in both n-heptane and n-

pentane, the study can investigate how variations in solvent properties and inhibitors affect the 

stability of asphaltene molecules through the PMV analysis. 

The VO-79 molecule's initial topology was created with PRODRG [74] and refined by 

manually adjusting partial charges and charge groups to align with GROMOS96 forcefield 

parameter set 53A6 [75]. This method, known for exploring polyaromatic core molecular 

dynamics [76], was chosen for compatibility. Topologies for n-pentane and n-heptane molecules 

were derived from dipalmitoylphosphatidylcholine in the GROMOS96 forcefield parameter set 
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53A6 using the gmx pdb2gmx routine in GROMACS [78], This method has been validated in our 

previous works [58,59,132]. 

For validation system components, topology files were obtained from the 54a7 force field 

[133] using the Automated Topology Builder [134]. This tool automatically refines topologies for 

small molecules. All simulations were conducted using the MD package GROMACS (version 

2018.6). 

For each system, an initial static energy minimization ensured a force below 1000.0 

kJ/(mol·nm). The systems underwent a 1 ns relaxation period at 300 K (for test systems) and 298 

K (for validation systems) under a pressure of 1 bar. This process effectively eliminated close 

contacts, ensuring thorough solvation, and stabilizing the system. All restraints were then removed, 

and NPT ensemble simulations ran for 30 ns for validation systems and 100 ns for the test system. 

Electrostatic interactions used the particle-mesh Ewald method [79], with a 1.4 nm cutoff for van 

der Waals interactions. Periodic boundary conditions, the SETTLE algorithm [80] for water 

molecule bond constraints, the LINCS algorithm [81] for general bond constraints, and a 2 fs time 

step were employed in all dynamic simulations. 

3.2.5. Calculation Methods for Apparent Molar Volumes 

To illustrate the unique implications of PMV, we also calculated apparent molar volume 

(AMV), which is another thermodynamic property used to describe the change in the volume of a 

solution when a certain amount of solute is added. It is defined as the change in the volume of the 

solution per unit change in the amount of solute added, while keeping the pressure and temperature 

constant. The AMV method considers the volume alteration caused by both the solute and the 

interactions between the solvent and solute. However, it attributes the entire volume change to the 

solute and assumes a constant molar volume for the solvent pre- and post-solvation [100]. 

Nonetheless, the AMV value serves as a valuable tool for investigating solution behaviors in 

comparison with PMV. 

 𝑉𝑖
𝜃 = 

𝑀𝑖

𝜌
−
𝜌 − 𝜌0
𝑚𝑖𝜌𝜌0

 (3-6) 
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In equation (3-6), 𝑀𝑖 and 𝑚𝑖 are molar mass and molality of component 𝑖 respectively. 

Also, 𝜌 is the density of the solution and 𝜌0 is the density of the pure solvent. The use of AMV 

has been used to evaluate solute-solvent interactions and aggregate formation in oil systems [135] 

as well as the critical aggregation concentration of liquid surfactant [C(12)mim]Br in different 

organic solvents [136] In this work, we compared AMV and PMV (details in section 3.4). 

3.3. Results and Discussion 

3.3.1. Validation of the Method 

As mentioned in the method section, two systems were simulated to assess the accuracy of 

our approach. Due to the challenge of replicating identical systems during composition 

construction, the concentrations of components differ slightly from the corresponding 

experimental systems by Verma et al. [111]. We utilized the experimental results to interpolate the 

Partial Molar Volumes (PMVs) at the compositions of our validation systems. Figure 3-3 

illustrates the fitted curve and interpolated points. 

 

Figure 3-3 The interpolation of the experimental partial molar volumes at the compositions 

corresponding to the simulated validation systems. Purple markers represent experimental 

results, while red and green points denote concentrations in low and high mesitylene, 

respectively (Mesit_20, Mesit_80). The values for mesitylene are depicted in the left plot, while 

the right plot pertains to isopropanol. 

In Figure 3-4, we present a comparative analysis of our calculation results for the validation 

systems listed in Table 3-1, juxtaposed with values interpolated from the experimental findings of 
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Verma et al. [111]. Our calculations involved the insertion of 64 control volumes at equidistant 

snapshots extracted from the simulation of binary mixtures. The dimensions of these control 

volumes were randomly selected between 0.1 and 0.9 of the simulation box dimensions at each 

sampled snapshot. 

 

Figure 3-4 The validation of the method by comparing the calculated results with the 

experimental partial molar volumes of two binary mixtures. The diamonds are the interpolated 

values from the experimental results and the error bars show the mean and standard deviation of 

calculated values using different time samplings. 

For each time step, 16 out of the 64 control volumes were strategically chosen and averaged 

to yield the quantities of molecules corresponding to that specific time step. The selection criteria 

were based on ensuring that the 16 control volumes closely matched the composition of the entire 

system. Time sampling was performed at intervals of 20, 50, 100, 200, and 250 ps. The resultant 

averages and standard deviations from these methods are depicted as circles and error bars in 

Figure 3-4. A notable observation is that, in each system, the Partial Molar Volume (PMV) of the 

component with a larger quantity is calculated with higher precision, as evidenced by the 

noticeably smaller error bars associated with it. 

Table 3-4 presents a comparison between the values obtained through each time sampling 

method and those derived from the interpolation of experimental results. A notable observation 
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from the table is that the errors exhibit no correlation with the time sampling steps. This lack of 

correlation arises from the fact that, while decreasing the time sampling step provides more 

samples, it also results in snapshots that are closer in states to each other. Consequently, the rows 

in equation (3) become more linearly dependent. Another noteworthy observation is a significant 

error of 27.14% within the calculated values, specifically associated with the PMV of isopropanol 

in the Mesit_80 system using 200 ps time sampling steps. Its magnitude, nearly twice as large as 

the next highest error in all calculations, identifies it as an outlier. This underscores the importance 

of employing multiple time sampling methods and averaging their outcomes rather than relying 

on the results of a single time sampling. A further refinement post-averaging could involve 

eliminating results that deviate beyond a certain threshold from the average value. 

In summarizing the data from Table 3-4, across all time samplings, we obtained a 6.33% 

error for mesitylene PMV in Mesit_20 and a 2.49% deviation in Mesit_80. For isopropanol, the 

average deviation was 11.09% in Mesit_20 and 13.96% in Mesit_80. Once again, it is worth 

emphasizing that these errors are more prominent for components with smaller quantities in each 

system. However, by excluding values that diverge by more than 20% from the average, the 

deviation for the PMV of isopropanol in Mesit_80 can be reduced to 9.06%. 

Table 3-3 The value and relative error compared with the experimental results in different time 

sampling methods, for both mesitylene (1) and isopropanol (2) 

Time 

Sampling 

Steps 

20 ps 40 ps 100 ps 200 ps 250 ps 

Mesit_20 Mesit_80 Mesit_20 Mesit_80 Mesit_20 Mesit_80 Mesit_20 Mesit_80 Mesit_20 Mesit_80 

𝑽̅𝟏 [𝒄𝒎
𝟑

𝒎𝒐𝒍⁄ ] 139.486 143.561 122.038 137.883 137.794 141.634 130.110 145.823 131.435 142.794 

Experimental 

Error of 

𝑽̅𝟏[%] 

1.21 2.89 13.56 1.18 2.41 1.51 7.85 4.51 6.91 2.34 

 

𝑽̅𝟐 [𝒄𝒎
𝟑

𝒎𝒐𝒍⁄ ] 
66.673 70.001 71.093 89.756 67.068 75.165 69.048 56.639 68.808 66.927 

Experimental 

Error of 

𝑽̅𝟐[%] 

13.51 9.96 7.78 15.45 13.00 3.32 10.43 27.14 10.74 13.91 
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3.3.2. Optimizations Using the Test Systems 

We calculated PMVs for solvents (results shown in Figure A7.2.2, A7.2.3). The results 

show that for all the systems the PMV value remains almost constant for the solvent. That is, the 

PMV of n-heptane is just above 0.145 𝐿 𝑚𝑜𝑙⁄  in Hn0, Hn60, Hn120 and Hn180. The PMV is 

between 0.115 and 0.12 𝐿 𝑚𝑜𝑙⁄  in systems where n-pentane is the solvent, and a little over 0.0185 

𝐿
𝑚𝑜𝑙⁄  for water in system A16_Wt. These values align with those found in existing literature. For 

example, Bazile et al. [137] conducted measurements on the PMV of n-heptane when mixed with 

methane in a binary mixture. They reported comparable results, particularly when the methane mol 

percentage is below 60%. The molar volume measurements for n-pentane [138] and water [139] 

are also consistent with these values, indicating minimal alterations in the solvent configuration 

when compared to their pure states. For VO-79, extra care should be taken to select the control 

volume so that it properly represents the molecular composition of the system on that snapshot. 

The criteria for selecting the control volumes are discussed. Also, as mentioned previously, 

the whole simulation domain is divided by a certain number of overlapping control volumes and a 

certain number of these control volumes is selected to provide sampling for equation (3-3). 

However, the selection is not arbitrary. All the systems of Table 3-1 contain asphaltene molecules, 

they self-aggregate and form clusters during the simulation time. In each time step, the trajectories 

are scanned to identify parallel stacking pairs based on distance and angles criteria proposed in the 

work of Jian et al. [59] For asphaltene molecules, an adjacency matrix is created in each time step 

based on the criteria, then the number of connected components (𝑑𝑐𝑐) of that adjacency matrix is 

computed using depth first search [140]. Finally in an instant containing 𝑑𝑐𝑐 connected 

components, the first 8𝑑𝑐𝑐 control volumes with the largest number of asphaltene molecules are 

selected to provide the samples. Figure A7.2.1 shows the comparison between this selection 

method and randomly selected control volumes on the standard deviation of computed PMVs. 

The systems contain molecules with different sizes and the number of small molecules like 

water and pentane in systems containing them, are larger than the big molecules in those systems. 

For this reason, number of molecules of each component would have different scales in the setup 

of equation (3-3).  It is known that normalizing the features would help to get more accurate results 

in linear regression [141]. The normalizing is done by scaling every feature by its maximum value 
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of all instances. Therefore, every element of the matrix will be in [0,1]. After the calculations the 

PMV values are multiplied by the maximum values to satisfy equation (3-3).  

The results are shown in Figure 3-5. As can be seen, they have large error bars. This stems 

from the inherent limitation of accommodating more than a few of these sizable molecules within 

control volumes, which can be as small as 0.216 of the simulation box volume. Despite accounting 

for non-integer values and factoring in the fractional contribution of atoms from these molecules 

within the control volume, the constraints on variability associated with their presence endure.  

To further improve the precision of big molecules PMV, the PMV of different parts were 

disentangled. That is, dividing the larger molecules into different parts and approaching them as 

separate molecules. The insets in Figure 3-5 show the way that disentanglement of the PMV of 

different part of the large molecules is done. The parts were disentangled based on their polarity. 

In the setup of the Equation (3), one column is added for each of these molecules to account for 

the number of each part in the control volumes and the vector of partial molar properties would 

have a new element for each part. After computing the values of PMVs, the PMV of different parts 

are summed to give the PMV of the whole molecule. Figure 3-5 shows the comparison of the 

variance in asphaltene PMV computed with and without disentanglement. As can be seen, the 

variance is reduced. Four different calculations are done using 40, 50, 100 and 200 snapshots 

uniformly distributed in the last 10 𝑛𝑠 interval. This reduction indicates a significant enhancement 

in the performance of our method. 
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Figure 3-5 Comparison of the partial molar volume values obtained by disentangling molecule 

parts versus using the whole molecular structure. Partial molar volume calculations were 

performed treating the polar (red ovals) and non-polar (blue ovals) parts of each molecule as 

separate entities. 

3.3.3. Application in Water and Pentane Systems 

The PMV and AMV values of asphaltene are shown in Figure 3-6 for systems A16_Pn and 

A16_Wt. The snapshots are taken to calculate the PMV are from the time interval of 90-100 ns. 

Asphaltene PMV values calculated using different time samplings are shown in dark red circles. 

The number displayed within each circle represents the count of 50 𝑝𝑠 time intervals that were 

skipped between successive snapshots during the time sampling. Figure 3-6 also displays the 

average and standard deviation of PMVs, represented by error bars, for all the time samplings. 

AMV of VO-79 as a solute in water and pentane was calculated for two different systems, A16_Pn 

and A16_Wt, respectively. 
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Figure 3-6 The values of partial molar volume and apparent molar volume for A16_Wt and 

A16_Pn calculated for the last 10 ns of the simulation. The dots show the average value of the 

different time-sampling method in partial molar volumes and average of the time interval in 

apparent molar volumes. The error bars show the standard deviation. 

First, it is evident that the AMV values exhibit a greater magnitude compared to the PMV 

values. This outcome is anticipated since, in computing the AMV, the additional space generated 

by the mutual repulsion of solute and solvent molecules in both solvents is attributed to the solute. 

On the other hand, within the PMV approach, a portion of this surplus space is represented through 

an elevation in the solvent's PMV. It is important to note that due to the substantially higher number 

of solvent molecules, any increase in its PMV might not be noticeable, and it could potentially be 

overshadowed by the inherent numerical fluctuations stemming from the measurements of the 

overall volume. 

Based on Figure 3-6, whether the changes in the volume of the mixture is completely 

attributed to the solute (AMV approach) or the contribution of the interactions on solvents volume 

is also considered (PMV approach), the asphaltenes are occupying more space in water compared 

to n-Pentane. This might be surprising, since asphaltenes are shown in the inset of Figure 3-6 to 
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form dense aggregate in water compared to in n-pentane. To understand why, we will take a look 

at aggregated structures.  

As shown in the left inset of Figure 3-6, they curl into a spherical like structure. On the 

other hand, the asphaltenes in A16_Pn are mostly stacked in a parallel form, creating a couple of 

rod-like structures (right inset). This is, the PS clusters are more curled up in the A16_Wt system. 

To demonstrate this point using quantitative measures, the cosine between angles and the distance 

between pairs of asphaltene molecules in each cluster is plotted in Figure 3-7. The angle between 

molecules is the angle between the planes that passes through their polyaromatic core. The Figure 

3-7 is plotted by obtaining the average distance and the cosine of the pairs that passed the criteria 

for parallel stacking during the 90-100 ns of the simulation. Specifically, pairs were considered if 

their average distance was below 0.75 𝑛𝑚 and the absolute value of their cosine value exceeded 

0.9. As shown, in both systems as the distance between the molecules in the PS cluster increases, 

their planes deviate more from the parallel structure. However, in system A16_Wt, we have a PS 

cluster (shown in yellow) that has angled planes even in close distances. Another point that can be 

noted from Figure 3-7 is the large length of the biggest cluster in A16_Pn (furthest pairs are almost 

4 nm apart) compared to A16_Wt. Combining Figures 3-4 and 3-5, it is evident that in A16_Wt, 

the smaller PS clusters are coming together, whereas in A16_Pn, the formation of the big rod-like 

cluster, has prevented the asphaltene molecules to gather in a non-parallel configuration. These 

remarks regarding the structure of aggregation are provided to exemplify the contrasting 

aggregation patterns in the two solvents. This distinction serves to emphasize the resilience of 

describing solute-solvent interactions using PMV values derived from the method, irrespective of 

alterations in the aggregation configuration within the control volumes. To be more precise, upon 

casual observation of the aggregation structures, one might anticipate the PMV in pentane to 

exceed that in water. 
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Figure 3-7 The cosine of the angle between pairs of asphaltene polyaromatic planes in the same 

parallelly stacked cluster for A16_Wt (a) and A16_Pn (b). The clusters are recognized by the 

criteria on the average distance and angle in the last 10 ns of the simulation. The pairs of each 

cluster are shown with the same color. 

Due to hydrophobicity of asphaltene molecules, asphaltenes arrange to form a structure 

that minimizes the surface area of the interface with water. Their aliphatic side chains would be 

less exposed to water due to their hydrophobicity. However, what was seen in the snapshots 

(Figure A 7.2.4) was that some of the side chains were pointed to the outside of the spherical 

cluster. These side chains would repulse the water molecules and would cause more volume to be 

assigned to asphaltene molecules. However, this repulsion is not pushing the water molecules 

together. As it can be seen in Figure 7.2.2, the calculated PMV for water is larger than pure water’s 

molar volume. Meaning more volume is assigned to water in A16_Wt compared to water’s pure 

state. Also, in A16_Pn the PMV values calculated for n-Pentane are slightly higher than its molar 

volume. The rises observed in the solvent PMVs illustrate how solvents are absorbing a portion of 

the additional space generated by mixing, elucidating the reason for the higher magnitude of AMV 

values, which exclusively associate the surplus space with the solutes, as depicted in Figure 3-6. 

Based on the preceding discussion, it becomes evident that PMVs offer additional insights 

into solute-solvent interactions. Although asphaltene aggregates exhibit greater severity in n-

pentane, this does not necessarily suggest that these asphaltene aggregates would occupy less 

volume in water. In order to accommodate diverse interactions, the total volume expands when 

asphaltene is placed in water, which is demonstrated by the notably greater increase in asphaltene 

PMV in the aqueous medium. 
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3.3.4. Applications in Different DBSA systems 

The main driving force behind island-type asphaltene aggregation in alkanes has been 

proposed to be the insolubility of the polyaromatic cores (PACs) of asphaltenes[142].  

Figure 3-8 illustrates the normalized PMV values for systems containing 0 and 180 

DBSAs, calculated during the 90-100 ns simulation period. The equation (3-7) is used for 

normalizing the PMV values, in which 𝑁𝑗 and 𝑚𝑗 are the number of molecules and the number of 

atoms per molecule for component 𝑗 in the system:  

 𝑉̅𝑝 =
𝑁𝑎𝑚𝑎𝑉̅𝑎 +𝑁𝑑𝑚𝑑𝑉̅𝑑
𝑁𝑎𝑚𝑎 +𝑁𝑑𝑚𝑑

 (3-7) 

 

 

Figure 3-8 Partial molar volume of precipitant phase during the two time intervals for all 

heptane (a) and pentane (b) systems containing 4-dodecylbenzenesulfonic acid. 

As evident from the results of Figure 3-8, PMVs of precipitants decrease as the number of 

DBSAs increases for systems employing either heptane or pentane as solvents, across both time 

intervals (80-90 ns and 90-100 ns). Creek et al. [143] demonstrated a linear correlation between 

the Hildebrand solubility parameter and the square root of PMV of the precipitant in alkanes 

mixtures. This is, a decrease in PMV would indicate a decrease in the solubility parameter of the 

precipitant. Painter et al. [144] found that asphaltene is miscible in solvents with a solubility 

parameter greater than 20 (𝑀𝑃𝑎)0.5, while alkane solvents such as propane, pentane, heptane, and 

octane fall below this threshold. In other words, reducing the solubility parameter of precipitant 
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(asphaltene) phase in these solvents would increase their solubility in alkanes. Therefore, our 

results of decreased PMVs indicate that increasing DBSA concentrations can reduce the 

Hildebrand solubility parameter of DBSA and asphaltene mixtures. Consequently, the solubility 

parameter approaches closer to that of the solvent, resulting in enhanced solubility of the 

precipitants and reduced susceptibility to fluctuations, as anticipated.  

In order to quantify DBSA inhibiting effects, the VO-79 nanoclusters were identified in 

each case. Specifically, if two adjacent molecules had atoms within a distance of 0.5 𝑛𝑚 from 

each other, they were considered members of the same cluster. It should be noted that these 

nanoclusters are different from PS clusters where in addition to the distance criteria, there was also 

an angle criteria for the relative orientation of their polyaromatic cores. Figure 3-9 displays the 

number of VO-79 clusters during the simulation time interval of 20 −  100 𝑛𝑠. To determine the 

average size of the clusters in each case, we followed the methodology employed by Sedghi et al. 

[145] and calculated the 𝑧 −average aggregation number, 𝑔𝑧, using equation (3-8). In this 

equation, 𝑛𝑖 is the number of aggregates 𝑖 that contain 𝑔𝑖  asphaltenes. 

 𝑔𝑧 =
∑𝑛𝑖𝑔𝑖

3

∑𝑛𝑖𝑔𝑖
2  (3-8) 

Figure 3-9 demonstrates that the number of clusters in 0 DBSA systems is significantly 

lower, resulting in larger average cluster sizes compared to the systems containing DBSAs. 

Additionally, we observe that both Pn0 and Hn0 systems have reached equilibrium in terms of the 

number of VO-79 clusters before the simulation time of 𝑡 = 50 𝑛𝑠, whereas the 120 and 180 

DBSA systems continue to exhibit considerable fluctuations in the number of clusters even at 𝑡 =

100 𝑛𝑠. On average it can be deducted that with increase in the number of DBSAs the number of 

clusters increases and their average size decrease. This can be interpreted as the increase of 

solubility of asphaltene nano aggregates as the number of DBSA in the system is increasing, 

consistent with the PMV implications discussed above.  We note that using Hildebrand solubility 

parameter for solutions has limitations, especially for substances with polar interactions and 

hydrogen bonds [146]. Nevertheless, our observations are consistent with the work of Jiang et al. 

[13], which reported the inhibiting effects of DBSA (Dodecylbenzenesulfonic acid). 
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Figure 3-9 The number of the clusters ((a) for heptane and (b) for pentane) and their z-average 

size g_z ((c) for heptane and (d) for pentane) in time for systems containing 4-

dodecylbenzenesulfonic acid. 

To further understand the interaction mechanisms of DBSA, asphaltene, and solvents, 

Figure 3-10 presents the configurations of 0 and 180 DBSA systems for a specific instance. In this 

figure, distinct segments of the molecules are color-coded to facilitate visualization. The first 

notable point in Figure 3-10 is the contrasting structure of VO-79 clusters in 0 and 180 DBSA 

systems. In the case of 0 DBSA systems, the clusters are remarkably large. In Figure 3-10(c), all 

VO-79 molecules are observed to merge together, forming a single extensive cluster in the system 

Pn0. Conversely, Figures 3-10(b) and (d) demonstrate that VO-79 clusters in Hn180 and Pn180 

systems are distinctly separated by the presence of DBSA molecules. These observations are 

consistent with previous PMV implications. Further examinations show that all configurations 

exhibit a consistent pattern where the non-polar regions of both VO-79 and DBSA are facing 

outward, away from the clusters and towards the solvents. 
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Figure 3-10 The snapshots taken from (a) Hn0 at 𝑡 = 96 𝑛𝑠, (b) Hn180 at 𝑡 = 89 𝑛𝑠, (c) Pn0 at 

𝑡 = 96 𝑛𝑠 and (d) Pn180 at 𝑡 = 80 𝑛𝑠. The polar cores of the violanthrone 79s are shown in 

blue, their side chains are colored magenta and the 4-dodecylbenzenesulfonic acid’ polar head, 

and non-polar tail are colored green and orange, respectively. 

After comparing the averaged PMV values for precipitants between systems and reviewing 

the structure of asphaltene nanoclusters in them, the underlying interactions can be revealed. First, 

it should be noted that according to equation (3), when the number of the other component (𝑗 ≠ 𝑖) 

molecules in the close proximity of the component 𝑖 increases, 𝑉̅𝑖 is decreased. In the systems 

examined in this section, the solvent is organic and non-polar. As a result, the solvent molecules 
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tend to approach the solutes (VO-79 and DBSA) from their non-polar sides. Consequently, when 

the non-polar sides of the solutes are exposed to the solvent, an increase in the number of solvent 

molecules in their vicinity leads to a decrease in their PMV, as mentioned earlier. Figure 3-5 

illustrates that both VO-79 and DBSA possess a non-polar aliphatic chain, referred to as the "tail" 

for DBSA in this study. Due to the larger size ratio of the non-polar part to the polar part in DBSA 

compared to VO-79, an increase in the amount of DBSA while maintaining a constant number of 

VO-79 molecules would lead the solvent molecules to approach the solute flocculates more 

closely. 

Figure 3-11 provides evidence supporting the observation that organic solvents tend to 

approach DBSAs from their non-polar side. The radial distribution function is plotted for solvent 

molecules around different segments of DBSA molecules in systems containing heptane and 

DBSA during two time intervals. The first interval represents the initial phase of the simulation 

when the DBSAs are not yet fully attached to VO-79 molecules. The other interval corresponds to 

the final stages of the simulation. As depicted in the figure, regardless of the simulation stage, the 

solvent molecules exhibit a higher density in the first layer surrounding the non-polar tail of the 

DBSA molecules. This can be attributed to both intermolecular interactions and the fact that the 

length of the tail allows it to come into contact with a greater number of solvent molecules 

compared to the polar head. 
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Figure 3-11 The radial distribution function of solvent molecules with reference to different 

parts of the 4-dodecylbenzenesulfonic acid molecules in Hn60, Hn120 and Hn180 systems, 

drawn in 2 different time intervals. 

Regarding the interactions VO-79 and DBSA, in Section 7.2.5 of the Appendix, the RDFs 

of the head and tail segments of DBSA molecules are plotted with respect to the polar cores and 

non-polar side chains of VO-79 molecules. The RDFs are presented for the same time intervals 

examined in Figure 3-11. It is evident that, in all systems and for both time intervals, the RDFs 

associated with the polar parts of the solutes exhibit the highest peaks. This can be attributed to 

the stronger interactions between the polar head of DBSA and the polar core of VO-79 compared 

to the interactions involving the non-polar segments or the polar-non-polar interactions between 

these molecules. Consequently, it can be concluded that the polar heads of DBSAs tend to attach 

themselves to the polyaromatic cores (PACs) of the VO-79s, causing their tails to face away from 

the VO-79s and towards the solvent. This alignment further supports the higher presence of solvent 
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molecules surrounding the non-polar parts of the DBSAs in Figure 3-10. The RDF plots for 

pentane systems are also included in Figure A 7.2.5 of Section 7.2.5 of the Appendix. 

From the above, the addition of DBSA to the systems containing VO-79 and solvent has 

led to a decrease in the PMV value, suggesting a decreased Hildebrand solubility parameter with 

increase in DBSA number. This is further confirmed by the decreased cluster size and increased 

number of clusters in the simulated systems with increasing the number of DBSA molecules. The 

presence of DBSA and its interaction with the VO-79 molecules alter the structural organization 

and behavior of the system. Consequently, the polyaromatic cores that were previously covered 

by each other in parallelly stacked clusters, as observed in 0 DBSA systems, have become exposed 

to DBSA molecules. These DBSA molecules are inclined to attach themselves to the polyaromatic 

cores using their polar heads. While the amount of DBSA used in the studied systems is increased, 

the VO-79 clusters become smaller in size and provide more surface area on their aromatic cores 

for most of the DBSA polar heads to attach in all systems. This arrangement attracts a high number 

of solvent molecules to their proximity, and a decrease is observed in the PMV value. 

3.4.5. Limitations and Implications 

First, it is important to acknowledge the theoretical underpinnings and limitations of using 

a system of summability relations, equation (3-3) to approximate partial molar volumes. As this 

method provides a numerical approximation and does not directly enforce the Gibbs-Duhem 

equation, which is a mathematical consequence of the formal definition of partial molar properties 

(equation (3-1)), the results should be interpreted as robust approximations rather than exact 

thermodynamic quantities derived from first principles. 

Specifically, the accuracy of this regression-based approximation is vulnerable to several 

factors. For instance, the method is susceptible to numerical instability if the system of equations 

is ill-conditioned, which can occur if the compositions of the different instances used are not 

sufficiently distinct from one another. Also, any statistical or systematic errors in the input total 

volumes V, which are derived from molecular simulations, will inevitably propagate into the 

calculated partial molar volumes. Therefore, the precision of the results is fundamentally limited 

by the precision of the input simulation data. While this approach has proven effective for the 

systems studied herein, these potential vulnerabilities should be considered when applying the 
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method to other contexts, particularly those involving highly non-ideal mixtures or limited input 

data. 

Secondly, it is noted that we used the assumption of invariance of PMVs when sampling a 

specific system. The underlying rationale is that examination was performed on equilibrated 

systems where solute molecules achieved a uniform PMV, and as such altering the position and 

dimension of control volumes in the system will not affect the value of asphaltene PMV. 

Contrarily, changing the composition of the whole system, for example by changing the number 

of DBSA molecules, would cause the asphaltene molecules to aggregate in a different structure 

and that would vary the PMV value. 

Thirdly, it is important to note that the systems simulated in this study were relatively small 

and consisted of a limited number of large molecules, such as asphaltene. Consequently, the 

accuracy of the solvent PMV was observed to be higher in these cases, as the control volumes 

were capable of accommodating a larger quantity of these molecules. This suggests that in larger 

systems with a significant abundance of molecules like VO-79, the PMV results would likely be 

more accurate and exhibit reduced variability. It is crucial to acknowledge that the accuracy of the 

method is constrained by the size of the simulation systems. 

Finally, it should be emphasized that the method developed in this study is that it only 

requires simulating a single system to calculate the PMVs. As elucidated in the discussion, this 

approach effectively captures a multitude of processes occurring within the systems, encompassing 

interactions between solvent-solute and solute-solute entities. It can capture the effect of both 

number of clusters and cluster sizes. Therefore, despite the limitation of system size, the method 

was demonstrated to provide a comprehensive insight into various processes and their interplay. 

Moreover, it is worth highlighting that the method employed to calculate the PMV and analyze the 

results holds potential for wider applications beyond the specific systems studied in this paper. For 

instance, it can be effectively employed to investigate other systems such as ionic liquids to 

describe the expansion of the liquid caused by the dissolved gas [147,148]. Similarly, this method 

can be applied to processes such as protein folding, where PMV values can be utilized to locate 

various folded structures on the free energy landscape [149]. This versatility further underscores 

the utility and relevance of the method beyond the examples presented in this current study. 
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3.4. Conclusions 

This work demonstrated the utilization of linear regression for determining the PMV 

(partial molar volume) of multicomponent mixtures in dynamic simulations. The method presented 

here builds upon a previous approach used for systems that allowed for composition changes via 

phase transfer or reactive moves. However, in this study, we generalized the method to be 

applicable to ensembles where compositions are not changed along the simulation trajectory by 

incorporating control volumes within the simulation domain. 

We validated our method by simulating two of the systems studied by Verma et al. [111] 

and applying our method on the outcome of the simulation. Through a comparison with 

experimental data, we achieved average errors as low as 2.49%, demonstrating the effectiveness 

of our method in generating reliable results. This method was then applied to examine the influence 

of solute-solvent interactions on PMV values by comparing the values of VO-79 PMV when mixed 

with a polar solvent (water) versus a non-polar one (n-pentane). Moreover, we successfully 

calculated the weighted average PMV of asphaltene and DBSA under various environmental 

conditions. It was shown that PMV has direct correlations with solute solubilities. A decreased 

PMV corresponds to a decreased solubility parameter, and increased solubilities. This is further 

confirmed by examining cluster size and solvent interactions. This exploration involved comparing 

PMV trends with quantitative measures characterizing the interaction between different segments 

of asphaltene and DBSA molecules and the size of their nanoaggregates. Increasing the 

concentration of DBSA and the interaction between their polar heads and the polyaromatic cores 

of model asphaltenes result in the formation of smaller asphaltene nanoaggregates. These 

nanoaggregates are enveloped by DBSA molecules, and due to the interaction between the non-

polar tails of DBSA and the solvents, they become more readily solvated. 

Overall, this study presents a simple yet efficient method to investigate volumetric 

thermodynamic parameters of solutions. Its applications demonstrated by asphaltenes suggest 

potential significance in the study of other colloidal systems across diverse fields, including 

molecular biology. 
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4. Predictions of Adsorption Energy of Aromatic 

Adsorbates Using Equivariant Networks 

4.1. Introduction 

The depletion of lighter conventional crude oils has led to the increased use of heavy, extra-

heavy, and other unconventional crudes as the primary feedstock for refining [150]. This shift has 

continuously brought asphaltene—the heaviest and most surface-reactive non-volatile petroleum 

fraction—into the research spotlight. Asphaltenes present significant challenges in oil pipelines 

and processing equipment due to their propensity to aggregate and adhere to surfaces, leading to 

fouling and flow disruptions. 

Traditional methods for removing asphaltene deposits, such as solvents, surfactants, and 

mechanical treatments, are costly and often provide only temporary relief, as asphaltenes tend to 

redeposit [151]. Nanoparticles (NPs) have emerged as a promising alternative in the oil industry, 

offering unique properties such as high surface area-to-volume ratios, functionalizable surfaces, 

and effective mobility in porous media. These features enable NPs to adsorb and disperse 

asphaltenes efficiently, potentially providing a long-term solution to deposition challenges. 

Additionally, their high adsorption capacity and catalytic potential make NPs valuable for 

enhancing heavy oil recovery [152]. Developing effective nanoparticle inhibitors for asphaltene 

aggregation relies on precise modeling of adsorption interactions, where accurate predictions of 

adsorption energies for heavy aromatic compounds are critical.  

Beyond oil industries, scalable and accurate methods for predicting adsorption energies 

have also become a growing focus for hydrogen energy storage (HES) processes [28,153–155]. 

HES addresses a key challenge in the transition to carbon-neutral energy: storing energy generated 

at times that do not align with fluctuating demand. Despite its potential for scalability, long-term 

storage, and portability, HES adoption has been limited by low efficiency and high costs [154]. 

Central to the HES process are electrocatalysts, which enhance the efficiency of electrochemical 

reactions such as water splitting and hydrogen oxidation. Current state-of-the-art electrocatalysts, 

typically noble metals like iridium and platinum, are highly effective but prohibitively expensive 

[156]. In the search for improved electrocatalysts, understanding the relationship between a 

material’s structure and its catalytic activity is vital. While traditional descriptors, such as M-OH 
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bond strength or the heat of metal oxide formation, provide useful insights, they primarily reflect 

bulk properties rather than surface phenomena, where catalytic reactions occur [156]. To reveal 

surface characteristics, adsorption energy has emerged as a more precise descriptor, linking 

structural properties to catalytic performance [157].  

Calculating adsorption energies traditionally relies on Density Functional Theory (DFT), 

which provides high accuracy but is computationally expensive, scaling poorly with system size. 

To overcome these challenges, machine learning (ML) models have been developed and trained 

on first-principles computation results, enabling accurate adsorption energy predictions at 

significantly reduced computational costs. Graph Neural Networks (GNNs) have been particularly 

successful due to their ability to capture both local and global chemical environments effectively. 

Despite significant advances, particularly with equivariant neural networks that incorporate 

physical symmetries into their architectures, current ML models are limited in their application to 

larger, more complex adsorbates like asphaltenes (heavy aromatic molecules of 60 to 200 atoms). 

Most existing models are trained on datasets such as the Open Catalyst dataset [29] and Open 

Direct Air Capture dataset [158], which primarily include small adsorbates of 2 to 50 atoms. These 

datasets lack sufficient representation of larger functional groups, resulting in diminished 

predictive performance when models are extended to larger molecules prevalent in practical 

scenarios. While recent studies have sought to address the modeling of adsorption energies for 

larger molecules, they often fail to leverage the full potential of advanced equivariant neural 

networks. These architectures excel in capturing intricate interatomic interactions and adhering to 

conservation laws, offering significant improvements in prediction accuracy and efficiency.  

To advance adsorption energy predictions of large adsorbates such as asphaltenes, this 

theme focuses on the fine-tuning advanced equivariant models using datasets with larger 

molecules. Fine-tuning refers to the process of taking a pre-trained machine learning model and 

adjusting its weights slightly by training it further on a new, often smaller dataset. The pre-trained 

model has already learned general features from a large dataset, so fine-tuning adapts it for a 

specific, related task rather than training from scratch so while prior knowledge is leveraged, the 

training is accelerated. Pre-trained models, utilizing datasets with diverse functional groups, will 

be adapted to predict adsorption energies for complex adsorbates.  
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The remaining of this chapter is organized as follows: Section 4.2 provides the necessary 

background, including a detailed explanation of adsorption energy (Section 4.2.1), an overview of 

equivariant GNNs for adsorption energy prediction (Section 4.2.2), an introduction to the DFT 

datasets involved in pretraining and fine-tuning (Section 4.2.3), and a discussion of the challenges 

associated with applying GNNs to large molecules (Section 4.2.4). Section 4.3 presents the 

methods, results, and discussions, beginning with the dataset processing strategies (Section 4.3.1) 

and followed by an in-depth description of the fine-tuning approach, including relevant training 

details and performance insights (Section 4.3.2). Conclusions are given in Section 4.4.  

4.2. Background 

4.2.1. Adsorption Energy 

Adsorption energy (Eads) quantifies the strength of the interaction between an adsorbate 

molecule and a substrate surface. This interaction typically results from attractive forces such as 

van der Waals forces, electrostatic interactions, or chemical bonding. One way to obtain Eads is 

using: 

 𝐸𝑎𝑑𝑠 = 𝐸𝑡𝑜𝑡 − 𝐸𝑆 − 𝐸𝐴 (4-1) 

Here, Etot is the energy of the adsorption system and ES and EA are the energy of the 

substrate by itself and the gas-phase molecule energy of the adsorbate, respectively [159]. When 

an adsorbate interacts with a solid surface, it forms a specific configuration based on the 

interactions with the substrate. Accurately determining adsorption energy requires identifying the 

global minimum energy configuration—the arrangement that minimizes the system's total energy 

across all possible adsorbate placements and orientations. 

Traditionally, adsorption energies are calculated using first-principles methods such as 

DFT [160]. Identifying the global minimum often involves sampling various adsorbate-surface 

configurations. Thus, selecting optimal configurations has relied on expert intuition or heuristic 

methods leveraging surface symmetry. However, “brute-intuition” approaches depend on 

manually selecting plausible starting geometries and are inherently biased by the user's 

assumptions [161]. Meanwhile, "brute-force" methods aim to exhaustively screen all 
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configurations [162] but are computationally prohibitive and still require initial assumptions about 

binding sites and molecular conformations, introducing further bias [163]. As such, while these 

strategies have been effective in descriptor-based studies [28], they lack scalability for complex 

systems with numerous local energy minima. Furthermore, large adsorbates often present 

additional challenges, including flexible internal structures, multidentate binding geometries, and 

diverse interaction sites, particularly on defected or amorphous surfaces. To address these 

challenges, this theme adopts a graph-based ML strategy to predict adsorption energies. 

4.2.2. Equivariant GNNS for Adsorption Energy Prediction 

 

Equivariant GNNs are designed to predict adsorption energies by capturing the intricate 

interactions between adsorbates and surfaces while adhering to the physical symmetries of these 

systems [164]. In adsorption studies, the adsorbate-surface system can be represented as a graph 

using GNN, where nodes correspond to atoms, and edges represent bonds or interactions between 

them. To accurately represent each atom, node embeddings can be enriched with various chemical 

descriptors. While basic options include atomic numbers or one-hot encodings to differentiate 

chemical elements [159], embeddings can also incorporate additional atomic properties like 

electronegativity, atomic radius, and ionization energy. Structural characteristics, such as 

hybridization state, formal charge, and valence electrons, could potentially add further detail to 

node and edge representations [165]. Furthermore, self-supervised [166] and unsupervised [167] 

learning approaches aim for learnable feature representations, instead of relying on manually 

constructed material descriptors. 

Recently, a significant advancement in GNNs is the incorporation of physical symmetries 

through equivariant neural networks, where equivariance refers to the property of a function that 

transforms predictably under certain input transformations [164,168]. For physical systems, 

essential symmetries include translational, rotational, and reflection invariance, which ensure that 

properties like energy remain unchanged irrespective of a system's orientation or position. 

Equivariant networks integrate these symmetries into the model's architecture, ensuring that 

predictions remain physically consistent and adhere to fundamental laws [168]. Equivariant neural 

networks for 3D systems, such as SE(3)/E(3)-equivariant networks, leverage transformations 

represented by tensor fields and spherical harmonics, which project spatial information in a way 
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that respects these symmetries (for details, see Appendix 7.3.1).  Despite the advantages of 

equivariant GNNs, certain challenges exist when applying them to predicting the adsorption 

energies of heavy aromatic molecules.  

In ML-driven energy and force predictions, different tasks are designed to approximate 

computational chemistry simulations efficiently. Among them, Structure to Energy and Forces 

(S2EF) [29] focuses on predicting the total energy of an atomic configuration along with the per-

atom forces acting on each atom. This task is widely used to accelerate molecular dynamics 

simulations and structure relaxations. This work specifically focuses on S2EF (for other available 

tasks, see Appendix 7.3.1), given its foundational role in enabling faster and more accurate force 

evaluations, which are critical for large-scale molecular simulations. 

4.2.3. DFT Datasets 

In this subsection, we introduce the key DFT datasets utilized in this work, covering their 

methodologies for calculating adsorption energies and forces, as well as the structures, adsorbates, 

and substrates involved. Figure 4-1 shows an overview of the datasets and materials in each of 

them. Next, a brief introduction for each of the datasets is presented. 
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Figure 4-1 Overview of the DFT datasets used in this work and their corresponding materials. 

The models are pre-trained on OC20 and OC22, while FG serves as the fine-tuning dataset. 

a) Open Catalyst Datasets (OC20 and OC22) 

The OC20 dataset [29] comprises over 1.2 million DFT relaxations, totaling approximately 

250 million single-point calculations, across a diverse range of materials, surfaces, and adsorbates. 

This dataset focuses on small adsorbates, including C1 and C2 compounds (containing 1 and 2 

carbon atoms, respectively), as well as nitrogen and oxygen-containing intermediates, adsorbed 

onto various catalyst surfaces. Recognizing the limited representation of oxides in OC20, the same 

authors introduced the Open Catalyst 2022 (OC22) dataset[30]. OC22 addresses this gap by 

incorporating 62,331 DFT relaxations (~9.85 million single-point calculations) spanning a wide 

range of oxide materials, surface coverages, and adsorbates. 

The dataset generation process applied three critical filters during DFT relaxation: excluding 

desorption events (non-binding adsorbates), dissociated adsorbates (the breaking of an adsorbate 

into different atoms or fragments), and systems with significant adsorbate-induced surface 
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distortions[28]. Crucially, adsorbates in this context encompass not only intact molecules but also 

molecular fragments (e.g., functional groups, radicals) that adsorb via distinct binding sites. 

However, dissociative adsorption (where fragments form during relaxation) was explicitly 

excluded to preserve the integrity of single-molecule adsorption energy calculations. By retaining 

systems where pre-defined fragments or molecules adsorb intact (without further dissociation), the 

dataset captures realistic adsorption mechanisms while avoiding misleading energy artifacts. This 

approach ensures that models trained on the data learn transferable relationships between adsorbate 

structure (including fragment geometries and binding-site variability) and adsorption energy. For 

aromatic compounds, which often adsorb as intact ring systems or functionalized derivatives, the 

constraints align with their typical non-dissociative binding behavior, enabling robust 

generalization of the GNN model to aromatic adsorption phenomena. 

b) FG Dataset 

The Functional Groups (FG) dataset [159] provides DFT-calculated adsorption energies 

and forces for a selection of functional groups adsorbed onto various substrates. It includes 207 

organic molecules adsorbed onto 14 transition metals, featuring diverse functional groups and 

aromatic structures with heteroatoms. This dataset includes detailed information on the structural 

configurations of both the adsorbates and substrates. 

The molecules included in the FG dataset cover key functional groups in organic chemistry, 

featuring nitrogen, oxygen, and sulfur heteroatoms. These functional groups are divided into 

several categories to reflect the diversity of chemical interactions relevant to surface adsorption. 

The categories include non-cyclic hydrocarbons, O-functionalized compounds (such as alcohols, 

ketones, aldehydes, ethers, carboxylic acids, and carbonates), and N-functionalized compounds 

(amines, imines, and amidines). Additionally, S-functionalized compounds, such as thiols, 

thioaldehydes, and thioketones, are included, as well as N- and O-functionalized combinations like 

amides, oximes, and carbamate esters. The dataset also contains aromatic molecules with up to 

two rings, which may also include heteroatoms. This dataset serves as a comprehensive resource 

for fine-tuning and testing ML models, particularly in predicting adsorption energies for large and 

diverse adsorbates.  
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4.2.4. Challenges in Applying GNNs to Predict Adsorption Energies for Large 

Molecules 

Most existing GNNs for adsorption energy prediction are pretrained on datasets containing 

small adsorbates, such as the OC20. These models are optimized for relatively simple systems 

with fewer atoms and less structural complexity. Applying them directly to large molecules, such 

as those in the FG-dataset, introduces significant challenges. 

One major issue is the mismatch in scale and complexity. Large adsorbates often contain 

flexible bonds, diverse functional groups, and intricate interaction sites, significantly increasing 

the number of possible adsorption configurations. This added complexity can overwhelm existing 

models, resulting in poor predictions. Additionally, the architectural capacity of pretrained GNNs 

may be insufficient to process such extensive input sizes effectively. Without adaptations, these 

models are unable to capture the detailed interactions present in larger molecules, leading to 

diminished performance. Computationally, processing the full structures of large adsorbates 

requires significantly more memory and processing time, making direct application infeasible for 

high-throughput studies or large-scale datasets. In other words, the challenges associated with 

applying GNNs to predict adsorption energies for large molecules stem from the increased scale 

and complexity of the systems, as well as the limitations of models pretrained on small adsorbates. 

Preprocessing the FG-dataset to focus on critical interactions and segregating it into molecular 

families for specialized fine-tuning offer practical solutions. These strategies reduce computational 

demands and enhance model accuracy, enabling more effective predictions for complex adsorption 

systems. In Section 4.3, we will present in detail on the development of our approaches for 

predicting adsorption energies of large molecules.  

 

4.3. Methods, Results, and Discussions 

4.3.1. Processing the Dataset 

The primary dataset in focus is the FG-dataset. This section outlines the methods used to 

process the structures (adsorbate + substrate pairs) within the FG-dataset. 

a) Ensemble Extraction 
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The FG-dataset entries each consist of a relaxed network of substrate atoms paired with a 

single adsorbate molecule, with each substrate built from 48 atoms. Although the aim is to 

eventually train models that can handle larger structures, including every adsorbate atom as input 

is both unnecessary and computationally expensive during fine-tuning and inference. Following 

an approach similar to Pablo-Garcia et al. [159], the dataset entries were streamlined to retain only 

the adsorbate atoms and the substrate atoms deemed essential. 

As shown in Figure 4-2, the process starts by generating graph representation for the given 

structure. To generate the graph representation for each entry, Pablo-Garcia et al. [159] applied the 

Voronoi tessellation method. This technique partitions the three-dimensional space by assigning 

every atom a region that comprises all points closer to it than to any other atom. In the resulting 

graph, atoms are represented as nodes, and a connection is drawn between two nodes if their 

corresponding atoms share a Voronoi facet and if the distance between them is less than the sum 

of their covalent radii plus an additional tolerance. In this work, the covalent radii values from the 

original FG-dataset publication were used, supplemented with a tolerance of 0.5 Å to better detect 

metal–adsorbate connections. Next, rather than constructing a full graph with nodes and edges for 

all atoms, metal atoms that were not directly connected to the adsorbate were removed from the 

graph. These omitted connections are represented as dotted edges in Figure 4-2. Finally, the refined 

structure is obtained by retaining only the atoms corresponding to the nodes of the reduced graph 

representation, while discarding the remaining atoms. 
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Figure 4-2 Ensemble extraction on the entries of FG dataset 

b) Segregating the Functional Groups 

The FG-dataset comprises a diverse collection of adsorbate–substrate pairs, with each pair 

represented in one or two structural configurations, culminating in a total of 6,866 entries. These 

adsorbates originate from nine distinct families of organic molecules, encompassing a diverse 

range of chemical functionalities (see the summary in Figure 4-1). Unfortunately, in the publicly 

available version of the FG-dataset [159], these nine categories are not explicitly segregated. From 

a ML standpoint, there are advantages to fine-tuning a model exclusively on structurally and 

chemically similar adsorbates, since such a dataset distribution can align well with transfer 

learning principles, improving performance on molecules akin to those in the target category. For 

instance, one might hypothesize that training a model specifically on aromatic compounds could 

yield better predictions for a new aromatic molecule compared to training on a broader mix of 

functional groups. 
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However, there is a significant trade-off. While filtering for specific families (e.g., 

segregating aromatic compounds from the rest) can concentrate the training data on structurally 

relevant examples, it inherently reduces the overall training set size. In many ML contexts, 

especially in deep learning, a larger dataset, even if somewhat heterogeneous, can often outperform 

a smaller but more homogeneous subset. This occurs partly because the model can still learn to 

generalize across a range of similar chemical interactions present in all FG-dataset entries. 

Consequently, there is an inherent balancing act: Refining the dataset to closely match the desired 

chemical family versus retaining the breadth and volume of training samples to avoid overfitting 

or insufficient coverage of relevant chemical space. 

In our work, we explored this balance by applying certain composition-based criteria, like 

the number of carbon atoms and the ratio of carbon to hydrogen atoms, to distinguish aromatic 

compounds from the broader FG-dataset, calling it FG-aromatics with 1,140 entries. The aim is to 

assess whether restricting the training set to those compounds would yield better model 

performance, compared to fine-tuning on larger and more diverse dataset. After applying the 

ensemble extraction on FG-dataset and FG-aromatics, we obtain Extracted FG and Segregated 

aromatics, respectively. These two datasets are the ones used for fine-tuning the model in this 

work.  

4.3.2. Fine-Tuning Details 

a) The Pretrained Model 

The GemNet-OC-S2EFS-OC20+OC22 configuration builds upon the GemNet-OC [31] 

model by training on a combined dataset consisting of 133,934,018 frames from OC20 and 

9,854,504 single-point calculations from OC22. Leveraging the Geometric Message Passing 

Neural Network (GemNet) architecture [169], GemNet-OC represents atomic systems as graphs, 

where atoms are depicted as nodes and connections between atoms within a specified distance 

serve as edges. This enhanced model is one of the most high-performing approaches on the OC20 

dataset, delivering a 16% improvement in performance over the original GemNet model [169] 

while reducing training time by a factor of ten. The model is designed to accurately predict both 

the energy of the system and the forces acting on each individual atom, making it a powerful tool 
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for fine-tuning on custom datasets. Below, we will describe the specifics of GemNet-OC related 

to our work here (for details about this model, see Appendix 7.3.2.).  

Figure 4-3 provides a streamlined overview of the GemNet-OC model architecture. At its 

core, GemNet-OC begins by embedding both atoms and the edges between them into high-

dimensional vectors. This initial embedding step encodes geometric relationships via three types 

of Bessel functions: radial (RBF), circular (CBF), and spherical (SBF). The purpose of these 

functions is to capture pairwise distances, three-body angles, and four-body dihedral-like 

configurations. Polynomial envelopes are applied to these Bessel functions for smooth 

differentiability, following the approach of the DimeNet family of models[168,170]. 

 

Figure 4-3 Simplified architecture of GemNet-OC. The model starts by embedding atoms and 

edges with Basis functions. These embeddings pass through an Embedding layer and multiple 

Interaction layers that refine representations for energy and force prediction. The Interaction 

stage outputs are then fed into the Output blocks, which convert the concatenated features into 

per-atom energy and force contributions that are then aggregated across all atoms. 
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The embeddings are then passed through an Embedding layer and multiple Interaction 

layers. Each of these layers produces two representations, ℎ and 𝑚, which in GemNet-OC are used 

to compute energy and force information, respectively. Stacking several Interaction layers refines 

these representations, enabling the model to learn progressively richer chemical and geometric 

features. Finally, each Interaction stage feeds into Output blocks, consisting of dense and residual 

layers (labeled “Output E1-4” and “Output F1-4” in Figure 4-3). These blocks convert the 

concatenated representation from the interaction blocks into energy and force contributions for 

each node (atom). The total energy and forces on each atom are obtained by aggregating the energy 

and force outputs across all atoms. 

The GemNet-OC model demonstrated strong performance on the pretraining data, 

achieving a 50.05% success rate and an energy mean absolute error (MAE) of 0.1694 eV when 

trained on the OC20 test dataset as reported in the AdsorbML paper [28], and an energy MAE of 

0.483 eV when trained on both OC20 and OC22 datasets. However, its performance significantly 

declines when evaluated directly on the extracted FG dataset. Specifically, the success rate 

plummets to just 1.59%, and the energy MAE rises sharply to 5.562 eV. This stark contrast 

highlights the essential needs of fine-tuning in order to transfer the model's capabilities to different 

or more constrained datasets. 

b) Fine-Tuning Strategies 

In adapting the GemNet-OC model to the extracted FG dataset, three distinct fine-tuning 

strategies were explored, each differing in how much of the pretrained network is updated (shown 

in Table 4-1). These strategies are developed based on the fact that deep learning models typically 

learn features in a hierarchical manner, where the representations in early layers capture low-level 

details and progressively build up to more abstract concepts in deeper layers. This hierarchical 

progression of learned features has been widely observed and discussed in the literature [171,172] 

Similarly, in the GemNet-OC model, the design of its blocks follows a comparable principle. The 

interaction blocks (see Figure 4-2), which are positioned earlier in the network, primarily focus on 

encoding the geometrical relationships and local interactions of the input. In contrast, the output 

blocks are located deeper in the network and are tasked with synthesizing the processed 

information into representations that are directly related to predicting forces and energies. For 
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instance, Yang et al. [173]  demonstrate the application of intermediate embeddings of a modified 

GemNet-dT model. By treating the intermediate representations as fingerprints, they enable 

efficient similarity searches in large databases, showcasing the versatility of GemNet-OC’s 

architecture. Inspired by these works, the fine-tune strategies developed here are designed to probe 

the model’s ability to capture nuanced geometric relationships as well as to uncover its potential 

for applications in materials discovery and structure-property mapping.  

As shown in Table 4-1, the first strategy involved freezing the weights in the Interaction 

Blocks (FIB), which means these layers responsible for multi-level message passing remained 

fixed. Only the Output Blocks and any additional layers outside of the Interaction Blocks were 

trained. This approach preserves the geometric and chemical insights learned during pretraining, 

assuming that the fundamental understanding of interatomic relationships remains applicable to 

the new dataset. At the same time, the Output Blocks and the other parts can adjust their parameters 

to better align the existing embeddings with the new target task. 

Table 4-1 The summary of the fine-tuning strategies 

Strategy 
Frozen 

Blocks 
Trainable Blocks 

(Number of Trainable Parameters) 

Total Number of 

Trainable Parameters 
(Fraction of the Model’s 

Total Parameters) 

Freezing the 

Interaction Blocks 

(FIB) 

Interaction 

Basis Functions (12,288) 

18,466,304 (~0.45) 
Atom and Edge Embeddings (21,248 + 327,680) 

Outputs (5×3,031,040) 

Energy and Force MLPs (2,949,888) 

Freezing the 

Output Blocks 

(FOB) 

Output 

Basis Functions (12,288) 

26,066,528 (~0.63) 
Atom and Edge Embeddings (21,248 + 327,680) 

Interactions (4×5,688,856) 

Energy and Force MLPs (2,949,888) 

Full Fine-Tuning 

(FFT) 
- 

Basis Functions (12,288) 

41,221,728 (1.0) 
Atom and Edge Embeddings (21,248 + 327,680) 

Interactions (4×5,688,856) 

Outputs (5×3,031,040) 

Energy and Force MLPs (2,949,888) 

The second strategy froze the weights in the Output Blocks (FOB), allowing only the 

Interaction Blocks and remaining modules to update. Since the Output Blocks produce the final 

transformations to energy and force predictions, freezing them retains the final layers’ pretrained 

behavior. In contrast, the Interaction Blocks must adapt their embeddings to match these fixed 

output transformations while incorporating new data from the Extracted FG dataset. Lastly, the 

third strategy was full fine-tuning (FFT), where every learnable parameter in the GemNet-OC 
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model was allowed to update. This complete approach lets the network recalibrate both the 

geometry-learning and prediction layers, though it risks overfitting if the reduced dataset lacks 

sufficient coverage relative to the model’s complexity. Each of these strategies balances preserving 

valuable pretraining knowledge against allowing enough flexibility for the new domain. 

c) Evaluation Metrics 

During the training and validation process, a range of metrics is used to monitor the 

accuracy of both energy and force predictions. Specifically, the mean absolute error (MAE) is 

measured for the predicted energies, while separate MAEs are calculated for the x, y, and z 

components of the forces. An overall forces MAE is also tracked, along with the cosine similarity 

between predicted and true force vectors, the magnitude error, and a combined metric that 

evaluates whether both energy and forces remain within certain thresholds. This assortment of 

metrics offers a detailed view of the model’s performance across various dimensions of the 

prediction task, with the primary metric during training being the forces MAE. 

For final evaluations, the key indicators are the success rate and the energy MAE. The 

success rate is defined as the percentage of test frames whose predicted energy lies within 0.1 eV 

of the DFT reference, following the metric proposed in the AdsorbML paper [28] and other seminal 

references [29,174,175]. Meanwhile, the energy MAE provides a direct measurement of how 

closely the model’s energy predictions match the ground-truth DFT values. By considering both 

the success rate and the energy MAE, it is possible to balance the need for overall accuracy with 

the stricter requirement of matching DFT-level precision on a high proportion of test examples. 

4.3.3. Results 

a) Comparing Training Data Purity 

Table 2 shows that the two fine-tuned models, each fully trained for 16 epochs, outperform 

the pretrained baseline by a large margin in both the Segregated aromatics and the Extracted FG 

tests. The pretrained network exhibits very poor performance, with success rates under 2% and 

MAE values above 5 eV in both test sets. This result highlights how relying on a model trained 

solely on the original OC20 data is not sufficient for either the FG or the aromatics distribution. In 
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Table 2, extracted FG refers to ensembles extracted from the full FG dataset (6,866 entries), while 

segregated aromatics consists exclusively of ensembles containing an aromatic molecule adsorbate 

from the FG dataset (1,140 entries). 

To establish a baseline trained on the FG dataset, GAME-Net is utilized. GAME-Net, a 

GNN introduced in the same study[159] as the FG dataset for adsorption energy prediction, 

incorporates three core components: (1) fully connected layers for node-level feature 

transformation, (2) convolutional layers to aggregate neighbor node information, and (3) a pooling 

layer to generate graph-level energy predictions. With only 285,761 parameters, the architecture 

prioritizes efficiency while capturing local and global interactions. To evaluate its performance, a 

testing protocol analogous to ensemble extraction was employed, ensuring robustness in 

predictions. 

GAME-Net’s results were compared against fine-tuned versions of the larger GemNet-OC 

model (41 million parameters) on the same dataset. The comparison is limited to MAE, as the 

authors of GAME-Net did not include success rate. GAME-Net achieved a MAE of 0.34 eV for 

adsorption energy prediction of aromatics, where GemNet-OC, when fine-tuned on segregated 

aromatic compounds, reduced the MAE to 0.125 eV, and further to 0.084 eV when trained on 

extracted FG data. This substantial performance gap highlights the efficacy of fine-tuning large 

pre-trained models. However, GAME-Net demonstrates competitive utility as a lightweight 

alternative for scenarios prioritizing computational efficiency over accuracy gains. The 

comparison underscores the trade-offs between model scale, generalizability, and precision in 

adsorption energy prediction tasks. 

Comparing the two fully fine-tuned models, the one trained on the full FG dataset gives 

the highest success rate and the lowest MAE in both segregated-aromatics and extracted-FG tests. 

Even in the segregated-aromatics test, where one might expect the network fine-tuned solely on 

aromatics to excel, the FG-trained model still performs better. This suggests that using a larger and 

more varied dataset (FG) helps the network learn geometry and energy relationships that transfer 

reasonably well to aromatics. Even when the additional data is not aromatics, they’re more similar 

to aromatics compared to the pretraining data (OC20 and OC22). In contrast, the model trained 

strictly on aromatics becomes too specialized for aromatic systems and struggles with FG test cases 
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that deviate from aromatic structures, leading to a substantial drop in performance on the reduced-

FG test. Nonetheless, its accuracy on aromatics is not far behind that of the FG-trained network, 

confirming that it is indeed better adapted to those particular molecular configurations but lacks 

the broader coverage provided by the more diverse FG data. 

Table 4-2 The evaluation metrics for the pretrained checkpoint and fine-tuned model using 

Extracted FG and FG-aromatics 

 Segregated aromatics Extracted FG 

Model 
Success Rate 

[%] 

MAE 

[eV] 

Success Rate 

[%] 

MAE 

[eV] 

Pretrained GemNet-OC 0.88 10.975 1.59 5.562 

GemNet-OC fine-tuned on  

Extracted FG 
70.80 0.084 75.83 0.074 

GemNet-OC fine-tuned on  

Segregated aromatics 
60.18 0.125 23.15 0.456 

GAME-Net trained on Extracted 

FG 
- 0.34 - 0.18 

 

b) Comparing Fine-Tuning Strategies 

In the plots of Figure 4-4, each point shows the model’s predicted energy versus the true 

DFT value after only one epoch of fine-tuning. The diagonal line indicates perfect agreement: 

points closer to that line are more accurate. The pretrained model (blue squares) remains widely 

scattered, reflecting a high MAE in both extracted FG and segregated aromatics. This is because 

it has not yet adapted to the new domain. In contrast, the fully fine-tuned model (orange squares) 

lies tightly around the diagonal after just one epoch, achieving the lowest MAE in both training 

sets. 

As stated before and highlighted in the work of Yang et al. [173], the early layers of 

GemNet models, specifically Embedding and Interaction blocks, can be used to generate the 

atomic fingerprints to describe the local environment of an atom within a chemical system. This 
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suggests a functional distinction between the layers: the earlier blocks primarily focus on capturing 

geometric relationships (e.g., bond angles, distances, and directional interactions), while the 

Output blocks are more involved in transforming these geometric representations into predictions 

of forces and energies. However, this distinction is not absolute, as both sets of layers inherently 

contain information related to geometry and forces. Thus, when analyzing fine-tuning strategies, 

it is reasonable to associate earlier layers with geometric encoding and deeper layers with property 

prediction, while acknowledging the interconnected nature of these tasks. 

In FIB strategy, when the Interaction Blocks are frozen (green squares), there is some 

improvement over the baseline, but the geometry layers remain stuck in their original 

configuration, so predictions are still more spread out than the fully fine-tuned case. Freezing the 

Output Blocks (FOB, red squares) helps the geometry layers adapt, though the static output layer 

imposes a temporary mismatch between newly learned embeddings and the final predictions. As 

a result, red points are closer than blue but less accurate than green for now. 

  

Figure 4-4  Parity plots showing each model’s energy predictions versus the true DFT values 

after a single epoch of training on the Extracted FG (left) and Segregated aromatics (right) 

subsets. 

For more detail study of different fine-tuning strategies, the evaluation metrics are 

thoroughly investigated over different training epochs. Figure 4-5 shows that fully fine-tuning the 

entire GemNet-OC network (FFT) yields the best improvement in accuracy on the Extracted FG 

dataset, as evidenced by the highest success rate (over 70% by epoch 16) and the lowest MAE. 

When the Interaction Blocks are frozen (FIB), the model’s success rate actually declines over time, 
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and the MAE steadily increases. This suggests that the geometry-focused portion of the model 

(i.e., the message-passing layers) must be allowed to adapt to the new domain for good 

performance. Simply retraining the Output Blocks cannot compensate if the underlying geometric 

embeddings remain stuck in their pretrained state. By contrast, freezing the Output Blocks while 

allowing the Interaction Blocks to train (FOB) leads to moderate improvement. Here, the model 

can re-learn or refine the geometric relationships in the new dataset, although the final layers are 

still inherited from pretraining. This strategy yields better results than leaving the geometry layers 

frozen, but it still lags behind fully fine-tuning the entire network. Allowing both the geometry 

(Interaction Blocks) and the final prediction stages (Output Blocks) to adapt appears necessary to 

maximize accuracy on a domain that differs significantly from the data on which the model was 

originally trained. 

 

Figure 4-5 Evaluation metrics for fine-tuned models on Extracted FG in different training 

epochs. (a): Success rate, and (b): Energy's mean absolute error (MAE) 

When the Interaction Blocks remain frozen, the model is locked into a geometric 

representation tuned to the original pretraining data. If the extracted FG dataset differs 

significantly, either in atomic configurations or chemical contexts, the fixed geometry layers 

cannot adapt to these new patterns. Although the Output Blocks may adjust initially, they do not 

have enough flexibility by themselves to reconcile the mismatch between an old geometric 

representation and the new domain. As training proceeds, this mismatch can actually grow worse. 
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The Output Blocks, trying to compensate for an outdated geometric embedding, might overfit or 

make inconsistent corrections. Consequently, the overall accuracy begins to decline instead of 

improving with additional epochs. By contrast, FOB and FFT allow either the Interaction Blocks 

or the entire network to update and learn geometry more suited to the Extracted FG dataset, which 

explains why their performance improves over time while the FIB approach degrades. 

Figure 4-6 shows the results for the reduced set of only aromatic molecules (FG-

aromatics). It can be seen that the trends differ slightly from the full dataset. In the case of full 

fine-tuning, the situation is similar to the FG-dataset: there is constant improvement with more 

epochs, though the absolute values of the evaluation metrics are worse compared to fine-tuning on 

all FG data. As explained in the previous section, this stems from the model underfitting due to 

less data, despite that data being more homogeneous. 

 

Figure 4-6 Evaluation metrics for fine-tuned models on a section of Extracted FG-aromatics in 

different training epochs. (a): Success rate, and (b): energy's mean absolute error 

When the interaction blocks are frozen (FIB), although the geometric side of the model 

cannot be adjusted, its output (the input to the output blocks) is more consistent because of the 

more homogeneous geometry of aromatics, which is reflected in the output of the interaction 

blocks. Therefore, the output blocks can align themselves with this consistent signal, and this 

alignment leads to the continuous improvement of the FIB approach in both evaluation metrics. 
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The case of FOB is more complex. Because the aromatics are more homogeneous and closer in 

type to one another, the geometry representations may converge smoother toward a suitable 

embedding. The suitability of the intermediate embedding (the output of the interaction blocks and 

the input to the output blocks) must account for two factors: First, learning a good geometric 

representation of the aromatics; secondly, ensuring that representation matches the frozen output 

layer’s transformation into force and energy values. Achieving both of these goals with a smaller 

dataset can still benefit from more epochs, which is evident in the steady and steep decrease in the 

MAE as shown in Figure 4-6. 

However, there are two observations that need explanation in Figure 4-6: a) Unlike 

Figure 4-5, the FOB method trained for 16 epochs performs better than FFT on FG-aromatics, and 

its success rate is on par with full fine-tuning on the entire FG dataset, b) There is a dip in the 

success rate of the FOB method from epoch 1 to epoch 4, followed by a steep rise at epoch 16. For 

explaining the observation (a), one likely reason is that for a smaller, more homogeneous domain 

such as FG-aromatics, the pretrained output blocks still provide a robust mapping from geometry 

to force/energy values. Meanwhile, the trainable interaction blocks can converge relatively good 

toward representations that match these frozen output blocks. In contrast, fully fine-tuning on a 

small dataset may lead to more significant parameter shifts in both geometry and output layers, 

sometimes causing slower convergence or partial underfitting. Because the FOB approach only 

refines the geometry to align with a stable, pretrained output block, it can ultimately exceed the 

performance of fully fine-tuning under these conditions. 

About the dip in performance at epoch 4, note that the success rate metric is extremely 

sensitive. As shown in the Appendix 7.3.3 (where “Energy, Forces within threshold” metric was 

used, similar to success rate but incorporating both energy and forces), performance can fluctuate 

throughout training. These fluctuations arise from transient misalignments between the evolving 

geometry representation and the frozen output stage, which do not necessarily show up as strongly 

in a relatively smoother error metric like MAE.  

4.4. Conclusion 

In this chapter, the capabilities of equivariant graph neural networks for predicting the 

adsorption energies of aromatic molecules on metal substrates were investigated. A GemNet-OC 



 90 

model [31], which had been pretrained on the OC20/OC22 datasets [29,30] of smaller molecules, 

was fine-tuned on the FG dataset [159] that comprises molecules with up to 12 carbon atoms, 

including aromatics. Preprocessing was applied to the FG dataset to extract adsorbate atoms and 

nearby substrate atoms, thereby reducing structural complexity. Furthermore, the aromatic entries 

were segregated to form a dedicated FG-aromatics dataset. 

Full fine-tuning of the GemNet-OC model on both the extracted FG and FG-aromatics 

datasets was performed. Superior performance was observed when the model was fine-tuned on 

the FG dataset, as demonstrated by evaluations on the test splits of both FG and FG-aromatics. 

Although improvements were noted for the FG-aromatics dataset, more significant gains were 

recorded on FG, likely due to the greater structural diversity. The improvements on Extracted FG 

can be associated with the larger volume of training data (non-aromatic entries of FG dataset) that 

still more closely resembled aromatic configurations compared to the original pretraining data 

(OC20/OC22). Ultimately, the decision to segregate was shown to depend on the specific 

objectives, which requires balancing the importance of detecting nuanced aromatic interactions 

against the potential loss of predictive power that might arise from not utilizing a more 

comprehensive dataset. 

The architecture of the GemNet-OC model was comprised of distinct modules. Interaction 

blocks, which learned geometrical attributes through directional message passing between 

embedded coordinates, bond angles, and dihedral angles, were complemented by output blocks 

that transformed these embeddings into atom-level representations for energy and force prediction. 

To elucidate the role of these modules in domain adaptation, three fine-tuning strategies were 

adopted: freezing the interaction blocks (FIB), freezing the output blocks (FOB), and fully fine-

tuning all modules (FFT). It was observed that full fine-tuning yielded the best overall 

performance, while the decline in performance under the FIB approach underscored the critical 

contribution of the interaction blocks. The success of full fine-tuning highlights the necessity of 

updating both geometric (interaction blocks) and task-specific (output blocks) components when 

transferring models to new molecular systems.  

For the FG-aromatics subset, further observations were recorded regarding the fine-tuning 

strategies. When the interaction blocks were frozen (FIB), the geometric outputs were rendered 
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more consistent because of the homogeneous nature of aromatic molecules. This consistency 

enabled the output blocks to be effectively aligned with the stable signal, resulting in continuous 

improvements in both evaluations. On the other hand, with the FOB strategy, the convergence of 

the geometric representations toward a suitable embedding had to be achieved while ensuring that 

the fixed output layer correctly transformed this embedding into force and energy values. This 

caused larger errors in earlier steps of the training, but extended training epochs contributed to the 

alignment, as reflected by a steady decrease in mean absolute error. 

In summary, it was demonstrated that enhanced predictive performance could be achieved by 

fine-tuning an equivariant graph neural network on a diverse dataset and that the interaction blocks 

played a pivotal role in adapting the model to new molecular domains. For accurate and 

transferable predictions, balancing data diversity with domain specificity and architecting models 

is key to probing the adsorptions of complex molecules onto metal substrates. These findings 

establish a roadmap for optimizing graph neural networks in computational surface science. 
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5. Conclusions and Future Perspectives 

5.1. Conclusions 

This dissertation advances the understanding of complex physical systems by integrating 

data-driven methods that range from analytical techniques to cutting-edge deep learning 

frameworks. Central to this work is the concept of Janus systems, governed by competing 

interactions that lead to emergent, threshold-driven behaviors. To demonstrate the cohesiveness 

and broader implications of the developed methodologies, this dissertation is structured around 

three interconnected objectives. Each objective employs innovative approaches to extract insights 

from existing nanoscale simulations, avoiding computationally intensive calculations while 

repurposing data originally generated for more complex theoretical inquiries. The work presented 

reveals how molecular-level competitions, such as adsorption versus aggregation, or polar versus 

non-polar interactions, create tipping points that dictate macroscopic outcomes. A unifying theme 

across these methods is their ability to revitalize legacy simulation data, transforming underutilized 

outputs into tools for probing new investigations. By bridging molecular interactions with system-

scale phenomena, this dissertation provides a framework to decode ambiguity in amorphous 

systems and predict threshold-driven transitions. 

The first objective explored the Janus-like interplay between asphaltene 

aggregation/adsorption and water-in-oil droplet coalescence through analyzing the outputs of 

standard molecular dynamics (MD) simulations. Tracking the behavior of water and asphaltene 

molecules revealed a competition between two forces: (1) the adsorption of asphaltenes at the 

water/oil interface, where their polyaromatic cores orient perpendicularly to the water surface, 

and (2) their intrinsic tendency to stack parallel to one another. This duality creates a 

nonmonotonic relationship between water concentration and asphaltene aggregation. While water 

disrupts aggregation by interacting with asphaltene polar groups, larger water droplets provide 

expanded interfacial areas that paradoxically promote simultaneous adsorption and aggregation. 

To quantify coalescence dynamics, automated tools combining a customized clustering 

algorithm and exponential curve fitting were developed. The analysis revealed that water 

molecules accelerate coalescence via polar interactions, while asphaltenes impede it by forming 

dynamic barriers at the interface. By tracking individual molecules, two distinct growth modes 
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emerged: stalling (the largest droplet remains stable) and growing (the largest droplet absorbs 

smaller ones), governed by the dominance of interfacial forces over aggregation resistance. These 

results bridge molecular-scale competitions to macroscopic emulsion behavior, demonstrating 

how opposing forces create threshold-driven transitions. This mechanistic understanding offers a 

blueprint for industries like petroleum processing and cosmetics to predict and control emulsion 

stability by manipulating molecular interactions. 

The second objective addressed the Janus dynamics of solute–solvent interactions by 

developing a novel method to calculate partial molar volumes (PMV) in multicomponent mixtures 

from molecular dynamics (MD) trajectories. Building on prior approaches, this method introduced 

control volumes to enable PMV determination in systems with fixed compositions, overcoming a 

key limitation of existing techniques. Validation against experimental data achieved an average 

error of 2.49%, confirming its reliability. When applied to systems containing oil, asphaltene 

models, and aggregation inhibitors, the PMV method revealed a competition between two 

opposing forces: solute–solute aggregation (promoting insolubility) and solute–solvent 

interactions (enhancing dissolution). A decrease in PMV correlated with improved solubility, 

reflecting a tipping point where solvent interactions overpower aggregation tendencies. Radial 

distribution function (RDF) analyses and cluster size tracking demonstrated that inhibitors disrupt 

asphaltene stacking by binding to their polyaromatic cores, favoring smaller, solvated aggregates. 

Higher inhibitor concentrations amplified this effect, as non-polar inhibitor tails preferentially 

interacted with asphaltenes, destabilizing larger aggregates. This PMV method is simple, efficient, 

validated, and provides a universal metric to quantify competing interactions in multicomponent 

systems. Its ability to identify molecular drivers of solubility transitions offers practical value for 

industries seeking to optimize formulations, from stabilizing colloids to enhancing dissolution in 

complex mixtures. 

The third objective focused on applying advanced deep learning to predict adsorption 

energies of aromatic molecules, such as small asphaltene models, on metal substrates. To achieve 

this, the study utilized GemNet-OC [31], a graph neural network (GNN) that incorporates 

equivariance (to rotational/translational transformations) and directional message passing to model 

geometric relationships. In GemNet-OC, interaction blocks process atomic configurations by 

iteratively updating node features through directional messages between atoms, capturing nuanced 



 94 

geometric details of adsorbate-substrate pairs. The remaining modules then transform these 

learned representations into energy and force predictions. The core contribution of the work 

presented lies in adapting this pretrained model to aromatic systems through strategic fine-tuning. 

Two datasets were curated: the FG dataset (diverse adsorbate-substrate pairs) and the FG-

aromatics subset (specialized for aromatic interactions). A key Janus dynamic emerged: the FG 

dataset’s size and diversity improved generalizability, while the FG-aromatics subset enhanced 

specificity for aromatic interactions critical to adsorption. 

An ablation-like study revealed that updating only the interaction blocks during fine-tuning 

while preserving pretrained weights in other modules, would result in comparable performance 

with full fine-tuning. This highlights that geometric feature adaptation is pivotal for transfer 

learning, whereas energy/force decoders rely on conserved physical principles. Full fine-tuning of 

all modules on the FG dataset achieved broad applicability, while the FG-aromatics subset 

prioritized precision in aromatic systems. These insights provide a roadmap for balancing data 

specificity and scale when repurposing large GNNs for niche domains, with implications for oil 

transportations and catalyst design where interfacial engineering is the key. 

At its core, this dissertation deciphers how competitions among actors in the systems 

(adsorption versus aggregation, dissolution versus precipitation, and model generalizability versus 

specificity) create tipping points that define system behavior. The three chapters presented 

demonstrate how integrating classical data analysis with modern machine learning can unravel the 

behavior of complex Janus systems. By repurposing existing MD simulations and adapting 

pretrained models, this work bridges molecular-scale interactions to macroscopic properties, 

offering quantitative insights into phenomena such as emulsion stability, solubility transitions, and 

adsorption. 

The methodologies developed here offer scalable tools to advance the theoretical 

understanding of interfacial and colloidal dynamics. In summary, key methodological 

advancements in this work include: 1) a microscale approach to monitor coalescence, 2) a 

simplified method for calculation of partial molar properties, and 3) a transfer learning strategy 

that leverages sparse, domain-specific first-principles calculations for energy prediction. Beyond 

enhancing nanoscale insights into complex interfacial and amorphous systems without requiring 
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additional simulations, these methods provide practical tools for industries seeking to control 

such systems. In petroleum processing, they enable predictive screening of emulsion stabilizers 

and asphaltene inhibitors, helping to reduce costly pipeline fouling and prevent asphaltene 

deposition. Additionally, they contribute to catalyst design by accelerating the discovery of 

surface-active materials with precise binding affinities. 

5.2. Future Perspectives 

While this dissertation has successfully streamlined the analysis of various Janus systems, 

several promising avenues remain for further investigation to enhance and broaden the 

applicability of these methodologies.  

One key area for development is the refinement of droplet coalescence and asphaltene 

aggregation analysis. Moving beyond a simple dichotomy of stalling versus growth, future 

research should aim to develop a more nuanced classification of droplet growth modes. For 

instance, employing higher-resolution tracking of coalescence events, integrating detailed 

morphological metrics, and probing transient states during droplet merging can uncover subtle 

nucleation and growth mechanisms. The techniques used for monitoring graph dynamics, like 

node/edge matching and graph differencing can be used in this front. This approach will help 

analyze the merging dynamics of smaller ones, in addition to the current focus on the growing of 

the largest droplets. 

Another significant direction involves extending the methodology to encompass additional 

partial molar properties, such as energies, enthalpies, and entropies. Capturing a broader range of 

solute–solvent interactions would not only enrich the thermodynamic profile of complex mixtures 

but also enhance predictive capabilities. For instance, partial molar enthalpy can be computed 

directly for a given simulation frame, from instantaneous measures of internal energy and volume 

[116] 

Finally, for adsorption energy prediction, exploring alternative deep learning architectures 

represents a critical step forward. Investigating models like Equiformers [32,164], alongside 

systematic evaluation of different fine-tuning strategies, could offer valuable comparisons to the 
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current model and highlight the key components necessary for robust domain adaptation. For 

instance, this study used only two datasets and showed that full fine-tuning maximizes accuracy 

for a 40M-parameter GemNet model on larger datasets (e.g., Extracted FG), while partial 

parameter freezing achieves similar results with 40% less compute on smaller datasets (e.g., 

Segregated aromatics). Expanding to hierarchical DFT datasets (progressively smaller and more 

specialized) paired with advanced models like Equiformer v2, could systematically reveal how 

model size, data granularity, and tuning strategies interact. By mapping these relationships across 

architectures, empirical scaling laws could emerge, defining thresholds where specific model-data 

pairings optimize accuracy or efficiency. Identifying precise thresholds for varying model sizes 

and architectures is particularly relevant as state-of-the-art models now exceed 150M parameters 

[176]. 

These future directions based on the current dissertation will extend the impacts of data-

driven strategies across multiple fields, deepen our understandings of Janus systems, and facilitate 

more precise control in practical applications. 

Beyond enhancing the current applications, the foundational data-driven approaches of this 

dissertation can be generalized to a wider range of scientific challenges. The graph-based analysis 

of droplet dynamics, for example, is not limited to fluid systems; it could be adapted to study other 

complex time-series processes like crystallization nucleation [177,178], protein folding pathways, 

or polymer self-assembly [179,180]. Likewise, the fine-tuning methodologies for equivariant 

GNNs are directly transferable to predicting other critical material properties, such as thermal 

conductivity [181]or mechanical strength [182], extending the impact of this work far beyond its 

original scope. 

Perhaps the most transformative future direction involves shifting the paradigm from 

predictive analysis to active, generative discovery using state-of-the-art AI. One major avenue is 

the development of physics-conditioned diffusion models [183] to act as surrogate molecular 

dynamics simulators. By incorporating physical laws such as energy conservation, directly into 

the training and sampling procedures, as demonstrated in autonomous driving through manual 

bridges [184] or Oracle-style discriminators for enforcing physical validity [185], diffusion models 

can be conditioned to generate realistic molecular trajectories. This approach offers the potential 
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to capture rare events and long-timescale phenomena at a fraction of the traditional computational 

cost. 

A complementary approach involves using models like variational autoencoders (VAEs) to 

learn a probabilistic "map" of chemical possibilities, which is especially powerful for inverse 

design [186]. By learning a latent space of stable molecules, such models could generate entirely 

new chemical structures tailored to exhibit specific target properties, such as high catalytic activity 

or optimal adsorption energy. Crucially, this probabilistic framework provides built-in uncertainty 

quantification, guiding researchers to focus experimental efforts on the most promising and high-

confidence candidates. Together, these generative strategies represent a paradigm shift from 

analyzing existing systems to designing novel ones from the ground up, leveraging the foundation 

of this dissertation to pioneer the future of autonomous materials discovery. 
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7. Appendix 

7.1. Appendix for Chapter 2 

7.1.1. Cutoff Distance for Water Oxygen Atoms  

Figure A7.1-1 shows the radial distribution function (RDF, g(r)) for water oxygen atoms 

in systems A16_W300, A16_W600, and A16_W900, which was used to determine the cutoff 

distance for the analysis of water droplets (see section 2.3). From Figure A7.1-1, RDF has its first 

shallow at 𝑟 = 0.32 nm; therefore, two water molecules are defined to be in the same droplet if 

the distance between their oxygen atoms is less than 0.32 nm. 

 

Figure A7.1-1 RDF for distances between water oxygen atoms in A16 systems. 

7.1.2. Details on the Implementation of Droplet Analysis 

The implementation of our analysis method is based on Python (version 3.9) with library 

NetworkX (version 2.5.1). The chart shown in Figure A 7.1.2 represents the flow of our method.   
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Figure A7.1-2 Flowchart for implementing the droplet analysis method. 

7.1.3. Validation of Our Customized Tool for Droplet Analysis  

Figure A7.1.3 shows the comparison on the number of droplets obtained using our in-house 

developed tool with that from the standard routine gmx clustsize in GROMACS. As it can be seen, 

for all cases, the results essentially overlap with one another, confirming the accuracy of our 

method. The slight difference between gmx clustsize and our method lies in the distance 

calculations. The gmx clustsize module in GROMACS performs the cluster analysis based on the 

distance between molecules. For two water molecules, the distance is calculated between any atom 

from one of the two molecule and any atom from the other water molecule, leading to 9 pairs of 

distances between two water molecules. The two water molecules are determined to be in the same 

droplet as long as one of the 9 pairs of distances is less than a cutoff distance.  On the other hand, 

the in-house developed method calculated the distance between oxygen atoms in water molecules. 

Using oxygen-oxygen distances significantly reduced the calculation load and meanwhile 

maintains satisfactory accuracies 
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Figure A7.1-3 Comparison on the number of droplets obtained from our customized tool with 

that of GROMACS module gmx clustsize for systems (a) A16_W300, (b) A16_W600, and (c) 

A16_W900. 

7.1.4. Parallel Stackings Identified in Each System and Additional 

Configurations 

Table 7.1.1 summarizes the number of VO-79 molecules in each stacking block (sorted by 

sizes), for all systems averaged over the last 5 ns of the production phase. The number in the 

bracket indicates the occurrence of the corresponding block. For instance, in system A16_W0, 

11(×1) means this type of stacking bock has 11 VO-79 molecules, and the total count of such a 

stacking block in 1; meanwhile in system A16_W300, 1(×5) means this stacking block only has 

1 VO-79 molecule, and the total count of such a stacking block is 5. As it can be seen, system 

A16_W0 has the largest stacking block among all systems (including A80_W600 and 

A160_W600), because of the absence of water droplets that interfere with the 𝜋 − 𝜋 interactions 
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between polyaromatic cores. With increasing the number of water molecules, the size of stacking 

block is first decreased, and then increased (see Figure 2.4). 

Table A7.1-1 Stacking blocks in all simulated systems 

System A16_W0 A16_W300 A16_W600 A16_W900 A80_W600 A160_W600 

1st block 11(×1) 5(×1) 3(×1) 7(×1) 7(×1) 10(×1) 

2nd block 4(×1) 4(×1) 1(× 13) 2(×1) 6(×1) 9(×1) 

3rd block 1(×1) 2(×1) - 1(× 7) 5(× 2) 8(×1) 

4th block - 1(×5) - - 3(× 3) 7(×1) 

5th block - - - - 2(×1) 5(×1) 

6th block - - - - 1(× 46) 4(×5) 

7th block - - - - - 3(× 11) 

8th block - - - - - 2(× 9) 

9th block - - - - - 1(×50) 

Number of 

stacking block 
3 8 14 9 54 80 

 

 

Figure A7.1-4 Final configurations of VO-79 and water molecules at the end of the simulation in 

(a) system A80_W600, and (b) system A160_W600. In both systems, more than 1 droplet is in 

presence. 

7.1.5. Distribution of Water Droplet Sizes 

In the main text, we focused on the first half of the equilibration phase when calculating 

coalescence rates. Table 7.1.2 shows the distribution of water droplets at at 𝑡 = 0.5 ns of 

equilibration. As can be seen, with increasing numbers of water molecules, fewer water droplets 
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were formed with larger sizes. On the other hand, with increasing numbers of asphaltene 

molecules, more water droplets were formed with smaller sizes. These observations are consistent 

with coalescence rates discussed in the main text.  

Table A7.1-2 Water droplets in all simulated systems at t=0.5 ns of the equilibration phase 

System A16_W300 A16_W600 A16_W900 A80_W600 A160_W600 

1st - 5th 

Droplets 

49(×1) 93(×1) 

54(×1) 

47(×1) 

45(×1) 

41(×1) 

131(×1) 

125(×1) 

102(×1) 

73(×1) 

71(×1) 

42(×1) 

36(×1) 

29(×1) 

28(×1) 

27(×1) 

35(×2) 

32(×1) 

30(×1) 

22(×1) 

20(×1) 

35(×1) 

28(×1) 

22(×2) 

18(×1) 

6th - 10th 

droplets 

16(×1) 30(×2) 

26(×1) 

25(×2) 

22(×1) 

21(×1) 

70(×1) 

64(×1) 

36(×1) 

35(×1) 

29(×1) 

25(×2) 19(×3) 

18(×2) 

16(×1) 

15(×1) 

14(×3) 

11(×1) 22(×3) 

10(×2) 21(×1) 

9(×1) 19(×3) 

8(×3) 18(×2) 

11th - 15th 

droplets 

7(×2) 19(×1) 

18(×4) 

15(×1) 

12(×1) 

11(×1) 

28(×1) 

27(×1) 

22(×2) 

21(×1) 

20(×1) 

17(×3) 13(×3) 

12(×2) 

11(×1) 

10(×2) 

9(×1) 

6(×2) 16(×1) 

5(×1) 15(×1) 

4(×1) 14(×1) 

2(×1) 13(×1) 

16th - 20th 

droplet 

1(×9) 5(×1) 17(×1) 12(×1) 8(×4) 

- 4(×1) 6(×1) 10(×1) 7(×1) 

- 1(×3) 1(×1) 8(×2) 6(×4) 

- - - 7(×2) 5(×5) 

- - - 5(×2) 4(×6) 

21st - 25th 

droplet 
- - - 

4(×4) 3(×4) 

3(×3) 2(×4) 

2(×1) 1(×25) 

1(×10) - 

- - 

Number 

of 

Droplets 

30 25 19 49 81 

 

To determine time intervals for the production phase, we tracked the time at which each 

system only has one droplet left. For systems A16_W300, A16_W600, and A16_W900, the 

simulation time is 8.51 ns, 6.14 ns, and 11.47 ns, respectively. For systems A80_W600 and 

A160_W600, given the abundance of VO-79 molecules, they both have more than 1 droplet at the 
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end of the 100 ns simulation (see Figure A 7.1.3). As a comparison, Table 7.1.3 lists the 

distribution of droplet sizes at 𝑡 = 6.14 ns for all systems. Again, as can be seen, with increasing 

numbers of water molecules, fewer water droplets were formed with larger sizes; on the other 

hand, with increasing numbers of asphaltene molecules, more water droplets were formed with 

smaller sizes. 

Table A7.1-3 Water droplets in all simulated systems at t=6.14 ns of the production phase 

System A16_W300 A16_W600 A16_W900 A80_W600 A160_W600 

1st 

Droplet 
121(×1) 600(×1) 773(×1) 160(×1) 159(×1) 

2nd 

droplet 
64(×1) - 126(×1) 124(×1) 106(×1) 

3rd 

droplet 
43(×1) - 1(×1) 96(×1) 104(×1) 

4th 

droplet 
12(×1) - - 89(×1) 76(×1) 

5th 

droplet 
1(×1) - - 64(×1) 68(×1) 

6th 

droplet 
- - - 48(×1) 25(×2) 

7th 

droplet 
- - - 14(×1) 21(×1) 

8th 

droplet 
- - - 2(×1) 9(×1) 

9th 

droplet 
- - - 1(×3) 1(×7) 

Number 

of 

Droplets 

5 1 3 11 15 

 

7.1.6. Mode Quantifications Based on Streak Lengths 

Our simulation trajectories are saved per 10 ps, which is the time interval of consecutive 

frames used in Figures 9 and 10. To quantitatively compare, all individual streak lengths (unit: 10 

ps) are determined and summarized in tables S4-8 with the corresponding occurrences. For 

example, in system A16_W300 (Table 7.1.4), at the equilibration phase, the stalling mode 

contains: 6×10 ps streak (3 occurrences), 3×10 ps streak (3 occurrences), and 2×10 ps streak (3 

occurrence); correspondingly, the growth mode only contains two types of streaks: 2×10 ps streak 
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(1 occurrence) and 1×10 ps streak (7 occurrences). Thus, the percentage of stalling is: 

(3 × 6 × 10 ps + 3 × 3 × 10 ps + 3 × 2 × 10 ps)/500ps = 0.66, and the growing percentage 

is: (2 × 10 ps + 7 × 1 × 10 ps)/500ps = 0.18. 

Table A7.1-4 Number and length of all stalling and growing modes in system A16_W300 

Equilibration Phase Production Phase 

Stalling Growing Stalling Growing 

number 
length  

(10 ps) 
number 

length 

(10 ps) 
number 

length  

(10 ps) 
number 

length 

(10 ps) 

3 6 1 2 1 17 2 2 

3 3 7 1 1 13 113 1 

3 2   3 12   

    1 11   

    2 10   

    7 9   

    2 8   

    6 7   

    8 6   

    10 5   

    15 4   

    12 3   

    25 2   

    25 1   

Max 6 Max 2 Max 17 Max 2 

Min 1 Min 1 Min 1 Min 1 

Averag

e 
3.4 

Averag

e 
1.1 

Averag

e 
4.1 

Averag

e 
1 
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Table A7.1-5 Number and length of all stalling and growing modes in system A16_W600 

Equilibration Phase Production Phase 

Stalling Growing Stalling Growing 

number 
length 

(10 ps) 
number 

length 

(10 ps) 
number 

length 

(10 ps) 
number 

length 

(10 ps) 

1 9 2 2 1 21 1 4 

1 8 7 1 1 16 7 2 

1 6   1 15 90 1 

1 5   2 14   

1 2   2 13   

4 1   2 12   

    1 11   

    1 10   

    3 9   

    3 8   

    4 7   

    6 6   

    10 5   

    12 4   

    15 3   

    20 2   

    27 1   

Max 9 Max 2 Max 21 Max 4 

Min 1 Min 1 Min 1 Min 1 

Average 3.5 Average 1.2 Average 4.3 Average 1.1 
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Table A7.1-6 Number and length of all stalling and growing modes in system A16_W900 

Equilibration Phase Production Phase 

Stalling Growing Stalling Growing 

number 
length 

(10 ps) 
number 

length 

(10 ps) 
number 

length 

(10 ps) 
number 

length 

(10 ps) 

1 6 1 2 1 39 1 3 

1 4 11 1 1 20 6 2 

1 3   1 14 98 1 

4 2   2 13   

5 1   1 12   

    2 11   

    2 10   

    4 9   

    3 8   

    2 7   

    10 6   

    12 5   

    10 4   

    17 3   

    19 2   

    19 1   

Max 6 Max 2 Max 39 Max 3 

Min 1 Min 1 Min 1 Min 1 

Average 2 Average 1.1 Average 4.6 Average 1.1 
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Table A7.1-7 Number and length of all stalling and growing modes in system A80_W600 

Equilibration Phase Production Phase 

Stalling Growing Stalling Growing 

number 
length 

(10 ps) 
number 

length 

(10 ps) 
number 

length 

(10 ps) 
number 

length 

(10 ps) 

1 6 3 2 1 35 2 2 

2 5 7 1 1 28 90 1 

6 2   1 19   

2 1   1 16   

    2 13   

    2 12   

    2 10   

    6 9   

    4 8   

    4 7   

    8 6   

    11 5   

    7 4   

    19 3   

    15 2   

    9 1   

Max 6 Max 2 Max 35 Max 2 

Min 1 Min 1 Min 1 Min 1 

Average 2.6 Average 1.3 Average 5.4 Average 1 
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Table A7.1-8 Number and length of all growth modes in system A160_W600 

Equilibration Phase Production Phase 

Stalling Growing Stalling Growing 

number 
length 

(10 ps) 
number 

length 

(10 ps) 
number 

length 

(10 ps) 
number 

length 

(10 ps) 

1 12 1 4 1 46 5 2 

1 6 1 2 1 28 75 1 

2 3 6 1 3 19   

2 2   1 18   

3 1   1 17   

    2 15   

    1 12   

    1 11   

    4 10   

    3 9   

    4 8   

    5 7   

    5 6   

    10 5   

    8 4   

    9 3   

    12 2   

    9 1   

Max 12 Max 4 Max 46 Max 2 

Min 1 Min 1 Min 1 Min 1 

Average 3.2 Average 1.5 Average 6.5 Average 1.1 

 

From these tables, it can be seen that stalling mode dominates in each system, and 

comparing production with equilibration, while growing modes have similar streak lengths, those 

of stalling modes are more diversified in the production phase. The minimum, maximum, and 

average streak lengths are also plotted in Figure A7.1.5 and A7.1.6. From these two figures, again, 

it can be seen that while streak lengths (unit: 10 ps) of growing modes remain more or less the 

same (no more than 4 in all systems), streak lengths of growing modes are significantly diversified 

in the production phase compared to the equilibration phase.   
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Figure A7.1-5 Minimum (upper arrows), maximum (lower arrows), average (markers) and 

standard deviation (error bars) of steak lengths for the growing mode in equilibration (a and b) 

and production phases (c and d). The left column (a and c) is for systems A16_W600, 

A80_W600, A160_W600, and the right column (b and d) is for systems A16_W300, 

A16_W600, A16_W900, respectively. 

(a) (b) 

(c) (d) 
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Figure A7.1-6 Minimum (upper arrows), maximum (lower arrows), average (markers) and 

standard deviation (error bars) of streak lengths for stalling modes in equilibration (a and b) and 

production phases (c and d). The left column (a and c) is for systems A16_W600, A80_W600, 

A160_W600, and the right column (b and d) is for systems A16_W300, A16_W600, 

A16_W900, respectively. 

7.1.7. Coalescence Modes Quantified by Using 70% as the Criteria 

To confirm the nucleus effect of the largest droplets, we increased the criteria used in the 

growing mode from 50% to 70 % (see section 2.3.2 for the definition of growing modes), and 

Figure A7.1.4 compares the results obtained using these two criteria. As can be seen, all trends 

observed before still hold except Figure A7.1.3(c), confirming the dominant role of the largest 

droplets as the nucleus sites. The relatively drastic change in system A160_W600 might be caused 

by sizes of water droplets. As shown in Tables A7.1.2 and A7.1.3, system A160_W600 has much 

more droplets with much smaller sizes compared to other systems. In return, the role of the largest 

droplet might be weakened.   

(a) (b) 

(c) (d) 
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Figure A7.1-7 Comparison on criteria used to define the growing mode: (a) equilibration and (b) 

production of systems A16_W300, A16_W600, and A16_W900; and (c) equilibration and (d) 

production of systems A16_W600, A80_W600 and A160_W600. 

7.1.8. Non-Nucleus Modes Observed in A16 Systems  

Figure A7.1.8 show the non-nucleus mode (i.e., neither growing or stalling modes) 

observed in systems A16_W300, A16_W600, and A16_W900. 

(a) (b)

(c) (d)
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Figure A7.1-8 Snapshots of non-nucleus modes: (a) - (b) in system A16_W300, (c) - (d) in 

system A16_W600, and (e) - (f) in system A16_W900. Briefly, smaller droplets in (a), (c), and 

(e) merged into the droplets in (b), (d), and (f), respectively. Furthermore, these newly formed 

droplets in (b), (d), and (f) surpass the sizes of largest droplets at previous steps, i.e., the ones 

shown in (a), (c), and (e), and became the largest droplet in the corresponding system.  
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7.2. Appendix for Chapter 3 

7.2.1. Volume Sampling Method 

Figure A7.2.1 is included to illustrate the process and rationale behind setting the number 

of control volumes and their selection. As mentioned in the main text, control volume sizes are 

randomly chosen within a specific interval, but not all of them are utilized for obtaining molecular 

composition samples. Instead, the focus is on the structure of the precipitants, and the number of 

their clusters is determined at a given snapshot instance. Subsequently, a proportional number of 

control volumes are selected for sampling based on this cluster count. The snapshots chosen for 

sampling are those with the highest abundance of precipitants. This approach, as depicted on the 

right side of Figure A7.2.1, ensures that the flocculates are adequately represented within the 

sampled control volumes. 

 

Figure A7.2-1 The visual representation on the left shows a random selection of volume 

samples, while the one on the right demonstrates a method where control volumes are selected in 

proportion to the number of flocculates in the system, and then further refined by choosing the 

control volumes with the highest number of solvents. 

7.2.2. Validation 

Here, first we explain the process of calculating partial molar volumes from the excess 

molar volumes (EMV) according to the method implemented in Journal of Molecular Liquids 386 

(2023) 122498. From Redlich-Kister polynomial fitting to EMV values, the coefficients (𝐴𝑖s) are 

obtained. 
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𝑉𝑚
𝐸 = 𝑥1𝑥2∑𝐴𝑖(𝑥1 − 𝑥2)

𝑖

𝑛

𝑖=0

=  𝑥1(1 − 𝑥1)∑𝐴𝑖(2𝑥1 − 1)
𝑖

𝑛

𝑖=0

 

For binary systems, by substituting 𝑥1 + 𝑥2 = 1: 

𝑉𝑚
𝐸 = 𝑥1(1 − 𝑥1)∑𝐴𝑖(2𝑥1 − 1)

𝑖

𝑛

𝑖=0

 

Now we substitute 𝑉𝑚
𝐸 in equations (5) of the main text, we start by calculating and simplifying 

(
𝜕𝑉𝑚

𝐸

𝜕𝑥1
)𝑃,𝑇: 

𝜕𝑉𝑚
𝐸

𝜕𝑥1
= (1 − 𝑥1)∑𝐴𝑖(2𝑥1 − 1)

𝑖

𝑛

𝑖=0

−𝑥1∑𝐴𝑖(2𝑥1 − 1)
𝑖

𝑛

𝑖=0

+ 𝑥1(1 − 𝑥1)∑𝐴𝑖(2𝑖)(2𝑥1 − 1)
𝑖−1

𝑛

𝑖=0

= (1 − 2𝑥1)∑𝐴𝑖(2𝑥1 − 1)
𝑖

𝑛

𝑖=0

+ 2𝑥1(1 − 𝑥1) ∑𝐴𝑖(𝑖)(2𝑥1 − 1)
𝑖−1

𝑛

𝑖=0

 

Therefore, the third term of the equation (5) related to 𝑉̅1 would be: 

 

x2(
∂VE

∂x1
)𝑃,𝑇 = (1 − x1)(

∂VE

∂x1
)𝑃,𝑇  

=  (1 − x1)(1 − 2𝑥1)∑𝐴𝑖(2𝑥1 − 1)
𝑖

𝑛

𝑖=0

+ 2𝑥1(1 − 𝑥1)
2  ∑𝐴𝑖(𝑖)(2𝑥1 − 1)

𝑖−1

𝑛

𝑖=0

 

Therefore: 

𝑉̅1 = 𝑉𝑚
𝐸 + 𝑥2(

𝜕𝑉𝐸

𝜕𝑥1
)𝑃,𝑇

=  𝑥1(1 − 𝑥1)∑𝐴𝑖(2𝑥1 − 1)
𝑖

𝑛

𝑖=0

+ (1 − 𝑥1)(1 − 2𝑥1)∑𝐴𝑖(2𝑥1 − 1)
𝑖

𝑛

𝑖=0

+ 2𝑥1(1 − 𝑥1)
2  ∑𝐴𝑖(𝑖)(2𝑥1 − 1)

𝑖−1

𝑛

𝑖=0

 

=  (1 − 𝑥1)
2∑𝐴𝑖(2𝑥1 − 1)

𝑖

𝑛

𝑖=0

 +2𝑥1(1 − 𝑥1)
2  ∑𝐴𝑖(𝑖)(2𝑥1 − 1)

𝑖−1

𝑛

𝑖=0

 

 

Similarly, for the third term of equation (5) related to 𝑉̅2, we would have: 
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𝑥1(
𝜕𝑉𝐸

𝜕𝑥1
)𝑃,𝑇 = 𝑥1(1 − 2𝑥1)∑𝐴𝑖(2𝑥1 − 1)

𝑖

𝑛

𝑖=0

+ 2𝑥1
2(1 − 𝑥1) ∑𝐴𝑖(𝑖)(2𝑥1 − 1)

𝑖−1

𝑛

𝑖=0

 

 

And Finally: 

 

𝑉̅2 = 𝑉𝑚
𝐸 − 𝑥1(

𝜕𝑉𝐸

𝜕𝑥1
)𝑃,𝑇 = 𝑥1

2∑𝐴𝑖(2𝑥1 − 1)
𝑖

𝑛

𝑖=0

- 2𝑥1
2(1 − 𝑥1) ∑𝐴𝑖(𝑖)(2𝑥1 − 1)

𝑖−1

𝑛

𝑖=0

 

 

The partial molar volumes calculated from the method above by Verma et al. are listed in 

Table A7.2-1. These values were used for interpolation of the PMV at composition of the 

validation systems introduced in table 3-1. 

Table A7.2-1 The experimental values from Journal of Molecular Liquids 386 (2023) 122498, 

for binary mixtures of mesitylene (1) + isopropanol (2) at T=298.15 K. 

𝒙𝟏 
𝑽̅𝟏  

[𝑐𝑚
3

𝑚𝑜𝑙⁄ ] 
𝑽̅𝟐  [

𝑐𝑚3

𝑚𝑜𝑙⁄ ] 

0.1275 141.65 76.99 

0.1934 141.26 77.07 

0.2702 140.86 77.17 

0.3654 140.45 77.29 

0.4585 140.13 77.38 

0.5657 139.85 77.47 

0.685 139.65 77.57 

0.8251 139.53 77.75 

0.8975 139.51 77.89 

7.2.3. The Partial Molar Volumes of the Solvents 

To validate our calculations, we present the partial molar volume (PMV) results for the 

solvents in the systems. Figure A7.2.2 illustrates the PMV values for solvents in both A16_Pn and 

A16_Wt systems. The circles represent values obtained from each time sampling method, while 

the diamonds with error bars represent the average and standard deviation, respectively. 

Additionally, Figure A7.2.2 includes the molar volume of pure solvents (water and pentane) for 

reference. 
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Figure A7.2-2 Comparing the calculated PMV and molar volume of solvents in A16_Wt and 

A16_Pn 

Furthermore, Figure A7.2.3 displays the PMV of solvents in DBSA systems, including 

Hn0, Hn60, Hn120, Hn180, Pn0, Pn60, Pn120, and Pn180. The plot reveals that the PMV values 

for each solvent exhibit convergence. As elaborated in the main text, smaller molecules like 

solvents pose no issues with representation in the volume samples, as they are adequately present 

and do not encounter the challenges faced by larger molecules in smaller control volumes. 
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Figure A7.2-3 The PMV of heptane and pentane in different DBSA systems for two separate 

time intervals. 

7.2.4. Snapshots of the Systems at the Final Stage of their Simulation 

In Figure A7.2.4, the configuration of the VO-79 molecules at the simulation's final stage 

is presented for both A16_Wt and A16_Pn systems. As explained in the main text, in pentane, the 

majority of asphaltenes adopt their typical rod-like structure. Conversely, in water, the side chains 

tend to position themselves further away from the water molecules, resulting in a central placement 

within the sphere-like configuration formed by the polyaromatic cores. 
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Figure A7.2-4 The configuration of VO-79 molecules in systems A16_Wt (a) and A16_Pn (b) 

7.2.5. The Radial Distribution Function Plots for Pentane Systems 

As shown in Figure 3-9, the solvent molecules tend to position themselves closer to the 

non-polar part of the DBSAs, while the DBSA and VO-79 molecules exhibit a preference for 

interacting with each other via their polar regions. These observations were demonstrated using 

heptane systems. Figure A 7.2.5 further validates these findings by confirming that the same 

principles hold true for systems in which pentane serves as the solvent. 
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Figure A7.2-5 The RDF of solvent molecules with reference to different parts of the DBSA 

molecules drawn for Pn60, Pn120 and Pn180 systems and in 2 different time intervals. 

Furthermore, Figure A7.2.6 illustrates the inclination of the polar components of VO-79s 

and DBSAs to mutually influence each other. As mentioned in the main text, the RDFs portraying 

the interactions of the head and tail segments of DBSA molecules are graphed relative to the core 

and aliphatic side chains of VO-79 molecules. These RDFs are showcased for both the initial and 

final phases of the simulation. As shown in Figure A7.2.6, across all systems in the selected 

temporal intervals, the RDFs linked with the polar constituents of the precipitants manifest the 

most significant peaks. 
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Figure A7.2-6 The RDF of different parts of the DBSA molecules with reference to different 

parts of the VO-79 molecules. 
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7.3. Appendix for chapter 4 

7.3.1. Equivariant GNNs 

Equivariant Graph Neural Networks (GNNs) are designed to predict adsorption energies 

by capturing the intricate interactions between adsorbates and surfaces while adhering to the 

physical symmetries of these systems. In adsorption studies, the adsorbate-surface system can be 

represented as a graph where nodes correspond to atoms, and edges represent bonds or interactions 

between them. Equivariant GNNs enhance traditional GNNs by incorporating rotational, 

translational, and reflection symmetries directly into their architectures, ensuring that predictions 

remain invariant under physical transformations. 

The way GNNs work is to convert atomic structure of the adsorbate-surface system is into 

a graph. In the graph, atoms are treated as nodes, and the bonds or interactions between them are 

edges, effectively capturing the molecular or crystal structure as a graph. To accurately represent 

each atom, node embeddings can be enriched with various chemical descriptors. While basic 

options include atomic numbers or one-hot encodings to differentiate chemical elements, 

embeddings can also incorporate additional atomic properties like electronegativity, atomic radius, 

and ionization energy. Structural characteristics, such as hybridization state, formal charge, and 

valence electrons, add further detail to node representations, and environmental factors, e.g., the 

number of bonded neighbors or distances to adjacent atoms, provide additional refinement. 

Representing atoms as nodes in a graph has become a common practice in the literature. 

However, determining the edges within this framework involves various approaches. The most 

straight forward approach is to derive edges from the molecular graph, specifically the chemical 

bonds. Despite its prevalence, this approach is not MD compatible as it introduces discontinuity 

and disrupts the underlying physics [A1] MD compatibility requires the predicted force field 

generated by the model, when applicable, t constitute a conservative vector field. A straightforward 

approach to ensure this is to have the model predict the potential energy function, from which the 

force can be derived through gradient computation (utilizing back-propagation with respect to 

atom coordinates). 

A significant advancement in GNNs is the incorporation of physical symmetries through 

equivariant neural networks, where equivariance refers to the property of a function that transforms 
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predictably under certain input transformations. For physical systems, essential symmetries 

include translational, rotational, and reflection invariance, which ensure that properties like energy 

remain unchanged irrespective of a system's orientation or position. Equivariant networks integrate 

these symmetries into the model's architecture, ensuring that predictions remain physically 

consistent and adhere to fundamental laws. For a detailed explanation of equivariance, symmetries 

in 3D space (SE(3)/E(3)), and the requirements for models to adhere to these symmetries, see 

Appendix A of the original Equiformer paper [A2]. 

Equivariant neural networks for 3D systems, such as SE(3)/E(3)-equivariant networks, 

leverage transformations represented by tensor fields and spherical harmonics, which project 

spatial information in a way that respects these symmetries. This approach offers several 

advantages:  

Enhanced Modeling of Physical Laws: Equivariant networks respect conservation laws and 

symmetries, ensuring their predictions align with physical reality. These networks incorporate 

inductive biases that make their internal representations and predictions equivariant to 3D 

translations, rotations, and optionally inversions. They build equivariant features for each node 

using vector spaces of irreducible representations (irreps) and enable interactions through 

equivariant operations like tensor products. This is crucial for accurately predicting properties such 

as forces and energies, as improper symmetry handling can lead to unrealistic results. For example, 

models like Tensor Field Networks [A3] achieve 3D rotational and translational equivariance, 

using spherical harmonics and irreps to ensure predictions adhere to these symmetries. 

Reduction of Model Complexity: By embedding physical constraints directly into the model's 

architecture, equivariant networks achieve high accuracy with fewer parameters, simplifying the 

architecture. This constraint-based approach reduces overfitting, improves computational 

efficiency, and often avoids the need for manual feature engineering. Models like DimeNet [A1] 

use a basis representation that combines directional and distance information, enabling compact 

and efficient representations of atomic interactions. 

Improved Data Efficiency: Encoding symmetry information into the model structure itself 

enhances data efficiency, reducing the amount of data required to capture underlying physics. This 

efficiency is valuable in domains like adsorption modeling, where datasets may be limited in scope 
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or costly to generate. Since these models understand rotational and translational invariance as part 

of their structure, they require fewer training examples to learn accurate predictions for complex 

molecules [A2]. 

Incorporating these symmetries requires constructing node features through invariant or 

equivariant representations. Applying directional embeddings and tensor products to ensure that 

message-passing steps preserve symmetry across layers. For instance, in DimeNet [A1], 

directional message passing is refined by joint 2D representations of interatomic distances and 

angles using spherical harmonics and Bessel functions, creating rotationally invariant features. 

Furthermore, to maintain differentiability—a requirement in physical simulations—equivariant 

models avoid non-continuous activations (like ReLU) and opt for basis representations that 

stabilize predictions even under small deformations [A1]. 

In ML-driven energy and force predictions, different tasks are designed to approximate 

computational chemistry simulations efficiently. Among them, Structure to Energy and Forces 

(S2EF), Initial Structure to Relaxed Structure (IS2RS), and Initial Structure to Relaxed Energy 

(IS2RE) serve distinct yet interconnected purposes across various applications beyond catalysis 

[A4]. 

S2EF focuses on predicting the total energy of an atomic configuration along with the per-

atom forces acting on each atom. This task is fundamental in approximating computationally 

expensive quantum chemistry calculations and is widely used to accelerate molecular dynamics 

simulations and structure relaxations. IS2RS, on the other hand, takes an initial molecular or 

atomic configuration and predicts the final relaxed atomic positions. This is particularly relevant 

for modeling stable molecular structures, understanding reaction mechanisms, and simulating 

physical processes that involve structural rearrangements. IS2RE bypasses the explicit relaxation 

process by directly predicting the energy of the final relaxed configuration from an initial structure, 

providing a rapid alternative for estimating system stability and adsorption properties. 

Chapter 4 specifically focuses on S2EF, given its foundational role in enabling faster and 

more accurate force evaluations, which are critical for large-scale molecular simulations.  
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7.3.2. Details on the Architecture of GemNet-OC 

The GemNet-OC model is engineered to predict the energy and forces within atomic 

systems through a sophisticated graph-based framework. It begins by receiving the atomic 

numbers and spatial positions of all atoms in the system as input, eliminating the need for 

additional information such as bond types. In this representation, atoms are modeled as nodes, and 

edges are established between atoms based on their proximity, forming a graph that encapsulates 

the system's structural information. 

As explained in section 4.3.2, GemNet-OC begins by embedding atoms and the edges 

between them into high-dimensional vectors that encode geometric relationships using three 

distinct Bessel functions—radial, circular, and spherical—to capture pairwise distances, three-

body angles, and four-body dihedral-like configurations, with polynomial envelopes ensuring 

smooth differentiability. These initial embeddings are then processed through an embedding layer 

and further refined by multiple interaction layers, each producing dual representations that are 

leveraged to compute energy and force information, thereby progressively building richer 

chemical and geometric features. Finally, each Interaction stage feeds into output blocks that 

predict individual contributions to energy and forces, with the total energy and forces on each atom 

being obtained by aggregating these contributions across all atoms. 

It should be noted that ML models usually output energy and then predict forces by 

calculating 𝐹𝑎  =  −𝜕𝐸/𝜕𝑥𝑎 via backpropagation. This approach ensures a conservative force 

field, which is crucial for the stability of molecular dynamics simulations. However, equivariant 

neural networks, such as GemNet-OC, can also directly predict forces and other vector quantities, 

leveraging their symmetry-preserving architectures. For further details on this direct force 

prediction approach, refer to Section 3 of the original GemNet paper. 

The interaction blocks of the model employ a multi-level message-passing mechanism that 

enhances traditional two-level schemes [A1, A5, A6]. This hierarchy includes atom-to-atom 

interactions, which efficiently exchange information using only the distances between atoms 

without imposing neighbor restrictions. Additionally, atom-to-edge and edge-to-atom interactions 

are added to GemNet-Oc and did not exist in the original implementation of GemNet. These 

interactions facilitate detailed information flow by incorporating directional embeddings, 
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geometric data, and learnable filters. During this process, the model calculates interatomic 

distances, angles between neighboring edges, and dihedral angles formed by triplets of edges, 

enabling it to understand complex geometric relationships within the atomic system. 

Unlike many models that use a fixed distance cutoff to define interatomic connections, 

GemNet-OC selects a predetermined number of nearest neighbors for each atom. While this might 

initially raise concerns about differentiability if atoms switch neighbor order, the authors report no 

practical problems. This approach ensures a consistent neighborhood size, enhancing the model's 

scalability and performance across diverse systems. To further optimize computational efficiency, 

the model utilizes simplified basis functions by decoupling the radial and angular components. 

Gaussian or 0-order Bessel functions represent radial dependencies, while the angular 

dependencies are captured using the outer product of order 0 spherical harmonics, simplifying to 

Legendre polynomials. 

GemNet-OC's architecture includes four Interaction Blocks, each comprising 52 layers 

(about 22.7 million parameters in total), which facilitate extensive multi-level message passing. 

These blocks integrate geometric information such as distances, angles, and dihedral angles to 

progressively refine the embeddings. Following the Interaction Blocks are five Output Blocks, 

each containing 22 layers (about 15.1 million parameters in total). Instead of making direct 

predictions, these blocks generate intermediate embeddings that are concatenated and processed 

through multi-layer perceptrons (MLPs) to produce the final predictions for energy and forces. 

Separate MLP pathways convert the concatenated embeddings into precise output values, with a 

learnable MLP enhancing the atom embeddings and ensuring an efficient information flow from 

embeddings to energy predictions. 

In addition to the Interaction and Output Blocks, GemNet-OC incorporates 28 additional 

layers that would add up to approximately 3.3 million parameters are distributed across various 

modules. These include initial embedding layers that initialize the atomic and edge embeddings, 

specialized modules that handle different basis functions for radial and angular components, and 

components that finalize the prediction outputs. This comprehensive layering ensures a seamless 

transition from input embeddings through complex interaction layers to the final predictive 

outputs. 
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Tables A 7.3-1 to 4 show the details of each layer of the network including the modules, 

layer types and number of neurons (input and output dimensions) for each layer in different blocks. 

Table A 7.3-1 Embedding block 

Module Layer Name Type 
Neurons 
(in→out) 

Embedding Init 
atom_emb.embeddings Embedding 

(83 elements 
→ 256-dim 

vector) 
edge_emb.dense.linear Linear + SiLU 640 → 512 

Basis Embedding 
(Quadruplet) 

mlp_rbf_qint.linear Linear 128 → 16 

mlp_cbf_qint Basis 
Embedding (implicit) 

mlp_sbf_qint Basis 
Embedding (implicit) 

Basis Embedding (Atom-
Edge Interaction) 

mlp_rbf_aeint.linear Linear 128 → 16 

mlp_cbf_aeint Basis 
Embedding (implicit) 

mlp_rbf_eaint.linear Linear 128 → 16 

mlp_cbf_eaint Basis 
Embedding (implicit) 

mlp_rbf_aint Basis 
Embedding (implicit) 

Basis Embedding (Triplet) 
mlp_rbf_tint.linear Linear 128 → 16 

mlp_cbf_tint Basis 
Embedding (implicit) 

Misc / Basis Embedding 
mlp_rbf_h.linear Linear 128 → 16 
mlp_rbf_out.linear Linear 128 → 16 
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Table A 7.3-2 Interaction block 

Module Layer Name Type 
Neurons 

(in→out) 

Core Update (edge) dense_ca.linear Linear + SiLU 512 → 512 

Triplet Interaction 

(trip_interaction) 

dense_ba.linear Linear + SiLU 512 → 512 
mlp_rbf.linear Linear 16 → 512 

mlp_cbf.bilinear.linear Efficient Bilinear 1024 → 64 
down_projection.linear Linear + SiLU 512 → 64 
up_projection_ca.linear Linear + SiLU 64 → 512 
up_projection_ac.linear Linear + SiLU 64 → 512 

Quadruplet Interaction 

(quad_interaction) 

dense_db.linear Linear + SiLU 512 → 512 
mlp_rbf.linear Linear 16 → 512 
mlp_cbf.linear Linear 16 → 32 

mlp_sbf.bilinear.linear Efficient Bilinear 1024 → 32 
down_projection.linear Linear + SiLU 512 → 32 
up_projection_ca.linear Linear + SiLU 32 → 512 
up_projection_ac.linear Linear + SiLU 32 → 512 

Atom-Edge Interaction 

(atom_edge_interaction) 

dense_ba.linear Linear + SiLU 256 → 256 
mlp_rbf.linear Linear 16 → 256 

mlp_cbf.bilinear.linear Efficient Bilinear 1024 → 64 
down_projection.linear Linear + SiLU 256 → 64 
up_projection_ca.linear Linear + SiLU 64 → 512 
up_projection_ac.linear Linear + SiLU 64 → 512 

Edge-Atom Interaction 

(edge_atom_interaction) 

dense_ba.linear Linear + SiLU 512 → 512 
mlp_rbf.linear Linear 16 → 512 

mlp_cbf.bilinear.linear Efficient Bilinear 1024 → 64 
down_projection.linear Linear + SiLU 512 → 64 
up_projection_ca.linear Linear + SiLU 64 → 256 

Atom-Atom Interaction 

(atom_interaction) 

bilinear.linear Bilinear 1024 → 64 
down_projection.linear Linear + SiLU 256 → 64 
up_projection.linear Linear + SiLU 64 → 256 

Edge Residual Stack 

(before skip ×2) 
Residual Layers (Edge)  512 → 512 ×2 

per Residual 

Atom Residual Stack 

(atom_emb_layers ×2) 
Residual Layers (Atom)  256 → 256 ×2 

per Residual 

Atom Update 

(atom_update) 

dense_rbf.linear Linear 16 → 512 
layers[0].linear Linear + SiLU 512 → 256 

layers[1-3] Residual (2× 

Linear each) 

256 → 256 ×2 

per Residual 

Post-Concat. Layer concat_layer.dense.linear Linear + SiLU 1024 → 512 

Final Residual Layer residual_m[0] Residual (2× 

Linear) 
512 → 512 ×2 
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Table A 7.3-3 Output block 

Module Layer Name Type 
Neurons 

(in→out) 

Output Block 

dense_rbf.linear Linear 16 → 512 
layers[0].linear Linear + SiLU 512 → 256 

layers[1-3] Residual (2× 

Linear each) 

256 → 256 ×2 

per Residual 

Energy Head (per block) 

seq_energy_pre[0].linear Linear + SiLU 512 → 256 

seq_energy_pre[1-3] Residual (2× 

Linear each) 

256 → 256 ×2 

per Residual 

seq_energy2[0-2] Residual (2× 

Linear each) 

256 → 256 ×2 

per Residual 

Force Prediction Head 

dense_rbf_F.linear Linear 16 → 512 

seq_forces[0-2] Residual (2× 

Linear each) 

512 → 512 ×2 

per Residual 

 

Table A 7.3-4 Global output MLP 

Module Layer Name Type 
Neurons 

(in→out) 

Global Output MLP 

out_mlp_E[0].linear Linear + SiLU 1280 → 256 

out_mlp_E[1-2] Residual (2× 

Linear each) 

256 → 256 ×2 

per Residual 

Final Energy Output out_energy.linear Linear 256 → 1 

Global Force MLP 

out_mlp_F[0].linear Linear + SiLU 2560 → 512 

out_mlp_F[1-2] Residual (2× 

Linear each) 

512 → 512 ×2 

per Residual 

Final Force Output out_forces.linear Linear 512 → 1 

 

7.3.3. Training Curves and Details 

All fine-tuning experiments were conducted on the Narval supercomputing cluster, 

managed by the Digital Research Alliance of Canada. Each training job was allocated significant 

computational resources, utilizing a single node with 16 CPU cores, 256 GB of RAM, and one 

NVIDIA A100 GPU. Full fine-tuning of the model on the larger Extracted FG dataset for 16 
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epochs with a batch size of 64 required approximately 28 minutes of computation time. For the 

smaller, more specialized Segregated Aromatics dataset, a full 16-epoch training run with a batch 

size of 16 was completed in approximately 18 minutes. 

To illustrate the consistency of the results, Table A 7.3-5 shows the standard deviation 

(STD) of the errors for the pre-trained model and each of the fine-tuning strategies. A lower STD 

indicates that the prediction errors are tightly clustered around the average error (MAE), signifying 

a more reliable and consistent model. The extremely high STDs for the pre-trained model on both 

datasets highlight its unreliability, with prediction errors that are large and highly erratic. In 

contrast, all fine-tuning strategies dramatically reduce the STD, demonstrating that the adapted 

models provide not only more accurate but also significantly more dependable predictions. 

When comparing the fine-tuning methods, on the diverse Extracted FG dataset, full fine-

tuning achieves the lowest STD (0.0766), making it the most consistent and trustworthy model. 

For the specialized Segregated Aromatics dataset, an interesting trend emerges: all three fine-

tuning strategies yield similar STDs (around 0.18). This suggests that while the average accuracy 

(MAE) can be optimized by freezing the output blocks, the inherent difficulty in predicting 

complex aromatic systems leads to a comparable level of prediction variability across all adapted 

models. 

Table A 7.3-5 The standard deviation of the errors for the pretrained baseline and fine-tuning 

strategy 

Fine-Tuning and Test 

Dataset 
Fine-Tuning Strategy STD [eV] 

Extracted FG 

pretrained 7.686 

FFT 0.0766 

FOB 0.0956 

FIB 0.2930 

Segregated Aromatics 

pretrained 12.052 

FFT 0.189 

FOB 0.177 

FIB 0.176 
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Figures A7.3-1 and A7.3-2 illustrate the training curves corresponding to each fine-tuning 

strategy applied to the Segregated aromatics and Extracted FG datasets, respectively. In both cases, 

the training set constitutes 80% of the dataset, while the validation and test sets each account for 

10%. 

For the Segregated aromatics dataset, which comprises 1,140 entries, the training set 

includes 912 entries (1,140 × 0.8). Using a batch size of 8, this yields 114 steps per epoch (912/8) 

and a total of 1,824 steps over the fine-tuning process. Similarly, for the Extracted FG dataset, 

with 6,866 entries, the training set consists of 5,536 entries. With a batch size of 32, this results in 

173 training steps per epoch (5,536/32) and a total of 2,768 steps over 16 epochs (173 × 16). 

The metrics displayed in Figures A7.3-1 and A7.3-2 include the training loss, energy MAE 

(Mean Absolute Error), and the fraction of systems where both force and energy predictions meet 

a specified accuracy threshold, denoted as Energy, Forces Within Threshold (EFWT). The training 

loss is defined as the MAE of forces across all atoms in every entry of the training set. Although 

the models are fine-tuned to predict energies, using force MAE as the primary loss function ensures 

optimization at the atomic level, which inherently leads to more accurate and physically consistent 

energy predictions. 

The energy MAE and EFWT metrics are evaluated on the validation set after every 50 

training steps. EFWT is calculated based on the absolute error of per-atom forces and energy per 

system. Specifically, it represents the fraction of systems where the maximum force error is below 

0.03 eV/Angstrom and the maximum energy error is below 0.02 eV. 
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Figure A7.3-1 The training curves related to fine-tuning the model on segregated aromatics 

dataset. Subfigure (a) shows the primary loss (force MAE) on the training set during training, (b) 

shows the energy MAE calculated on the validation set every 50 steps, and (c) shows the fraction 

of validation set entries where the maximum energy and force errors are below 0.02 eV and 0.03 

eV/Å, respectively 
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Figure A7.3-2 The training curves related to fine-tuning the model on extracted FG dataset. (a) 

shows the primary loss (force MAE) on the training set during training. (b) shows the energy 

MAE calculated on the validation set. (c) shows the fraction of the validation set entries where 

energy and force errors are below certain thresholds 
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