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Chapter 1

Introduction

1.1 Artificial intelligence

Artificial Intelligence (AI) is revolutionizing scientific research by facilitating a discovery
process that is significantly more time- and cost-e!cient. Beyond enhancing accuracy,
these technologies are anticipated to automate complex workflows [1]. Historically, the
relationship between computing and intelligence has been a subject of rigorous debate.
In 1950, Alan Turing defined a seminal test grounded in behavioral distinguishability, fol-
lowed by brainstorming sessions at the 1956 Dartmouth Conference, which explored the
conceptualization of thinking machines [2]. Early AI concepts were primarily grounded in
rule-based systems and automata theory [3], [4]. Subsequently, the community’s interest
shifted toward statistical learning and probabilistic methods, including works by Hinton
and Hopfield, who were awarded the Nobel Prize in Physics in 2024 [5], [6]. Among AI
techniques, machine learning (ML) and deep learning (DL) are distinguished as method-
ologies that rely on data to construct predictive models [7]. ML techniques aim to learn
from data to generate predictions. The objective is to transition from traditional explicit
programming to a paradigm wherein computational systems learn patterns and insights
from data autonomously. This shift is particularly critical when facing data complexities
or volumes that exceed manual human analysis capabilities [8].

Data is typically structured within databases, where entries containing related items—often
organized in a tabular format—are designated as records. In this context, a record cor-
responds to a row, while columns represent attributes or features associated with the
record [9]. Insights can be derived from such data by employing ML algorithms. Within
ML, tasks are primarily categorized into two distinct objectives: supervised and unsuper-
vised learning. Unsupervised ML involves identifying relationships within data without
relying on a teacher or ground truth. Conversely, supervised ML necessitates a specific
target variable column, functioning as the output. This target variable may encom-
pass predefined discrete categories (classification) or continuous numeric values (regres-
sion) [10].

Various algorithms are utilized in the field of AI. Historically, AI relied on if-then rules
built using the domain knowledge of experts [11]. However, rules could also be learned
from datasets. The exploration of the solution space was facilitated by algorithms such
as A* [12], which addresses problems expressible as graph structures, or Genetic Algo-
rithm (GA) [13], which approximates solutions by imitating natural selection. Another

1



2 CHAPTER 1. INTRODUCTION

algorithm, namely k-nearest neighbors algorithm (kNN), estimates the output based on
the similarity of the query record to training samples [14].

Nowadays, Neural Networks (NN) constitute a class of algorithms widely used in many
applications [15]. They aim to mimic how neurons in the human brain process signals.
NNs can approximate a wide range of known mathematical functions due to their com-
bination of linear layers and nonlinear activation functions [16]. DL methods further
add feature extraction layers that allow operations on raw data (such as text or images)
without requiring feature extraction based on domain knowledge. While traditional ML
utilizes a two-stage pipeline (feature extraction and classifier training), DL employs end-
to-end learning [17]. Learning features requires significant datasets, however [18]. Deep
neural networks are often pre-trained on large datasets and fine-tuned for the task of
interest [19].

Among DL methods, Convolutional Neural Networks (CNN) utilize convolution [20], while
transformers and Vision Transformers (ViT) use an attention mechanism that allows NN
to focus on specific parts of the input when predicting the output [21]. Sequences are
often modeled using Recurrent Neural Networks (RNN) [22]. Graph Neural Networks
(GNN) are specifically designed to work with graph data [23]. NN can be utilized in both
supervised and unsupervised settings.

Besides NN, decision tree algorithms are often praised for their competitive accuracy [24].
Among these, ensembles like Random Forest (RF) [25] or Gradient Boosting (GB) [26]
are especially common choices in modeling studies. Linear algorithms, such as Multiple
Linear Regression (MLR) or Supported Vector Machine (SVM), also retain their relevance
in many practical applications [27]. A visual overview of AI, ML, and DL methods is
provided in Figure 1.1. A comparison between traditional ML and DL methods is shown
in Figure 1.2.

The training process for the listed ML algorithms seeks to construct a model capable
of predicting a target variable from input features. Optimization is commonly achieved
via backpropagation to update weights, as in NN [28], or by identifying optimal data
partitions, as in decision trees [29]. This procedure is shown visually in Figure 1.3. A
loss function quantifies the discrepancy between the observed labels and the model’s
predicted outputs. Models are trained on a training set and evaluated on a disjoint test
set to ensure robustness [30]. In contrast, unsupervised modeling approaches, including
K-Means, DBScan, or hierarchical clustering, focus on identifying latent patterns and
structures within the data [31].

Models are expected to generalize e”ectively to both training data and unseen test sets
to ensure reliable inference. Performance is evaluated using metrics such as root mean
squared error (RMSE) and mean averaged error (MAE) for regression tasks, or area under
the receiver operating characteristic curve (AUC) and the F1 score for classification [32].
Generalization to novel data is essential for operational environments. Underfitting is
indicated when performance is suboptimal on both training and testing datasets. Con-
versely, overfitting occurs when a model lacks generalization capability; it performs well
on the training set but poorly on a test set [30]. Validation sets are frequently employed
to detect overfitting, typically by monitoring whether the validation loss increases during
training. Proper training requires an appropriate number of epochs to adjust weights;
however, hyperparameters cannot be learned during training. Instead, their selection of-
ten utilizes a cross-validation (cross-validation (CV)) protocol, which splits the data into
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Figure 1.1: Visual overview of AI, ML, and DL methods.

k folds, using one for validation and repeating the process k times to maximize data
utility [33].

This balance reflects the variance-bias trade-o” [34]. High variance arises if small changes
in the input result in significant changes to the model’s output. Bias is introduced when
complex problems are approximated by simple functions. Consequently, simple models
like MLR may be underfitted due to high bias, whereas complex architectures, such as
deep NN, are prone to overfitting [34]. Furthermore, utilizing larger datasets mitigates the
risk of overfitting by encouraging the learning of general patterns rather than memorizing
the full training set. Current best practices often involve pre-training models on large
datasets before fine-tuning them for tasks of interest [35].

AI has been successfully applied to solve diverse problems in computer science, including
image analysis (often with CNN or more recently ViT) [36], text processing (nowadays
with Transformers NN) [37], and social graphs (GNN) [38]. Its application in science is
emerging as a vital research area [39], particularly within chemical research. Notably,
advancements in areas like protein structure prediction were recognized with the Nobel
Prize in Chemistry in 2024, awarded to Hassabis and Jumper [40].



4 CHAPTER 1. INTRODUCTION

Deep Learning Traditional ML

Raw input
image, text, molecular graph

Deep Neural Network

feature extraction layers

+

task-specific head

learned end-to-end

Input Hidden Output

Prediction

Raw input
tabular

Hand-crafted features

Trained classifier

SVM, Random Forest . . .

Prediction

Figure 1.2: Comparison between traditional ML and DL method



1.1. ARTIFICIAL INTELLIGENCE 5

TRAINING PHASE INFERENCE PHASE

Input Data

Labels

Learning

Algorithm
Model Predictions

Loss

Adjust Weights

Figure 1.3: Overview of training and inference of AI models



6 CHAPTER 1. INTRODUCTION

1.2 Chemoinformatics

The integration of AI within the domain of chemistry is primarily investigated through
chemoinformatics, a field dedicated to the application of Computer Science (CS) algo-
rithms and methodologies to address chemical challenges. The objectives of chemoin-
formatics are multifaceted. The primary objectives within chemoinformatics encompass
the management of chemical databases, the prediction of molecular properties, and the
analysis of chemical transformation outcomes [41].

Chemical data presents a complex medium, necessitating various methods for its stor-
age and representation [42]. One fundamental approach involves utilizing a graph data
structure, where atoms are modeled as nodes and chemical bonds are represented by
connecting edges. Connectivity information within these graphs is typically encoded
using an adjacency matrix. Alternatively, chemical structures can be represented tex-
tually through Simplified Molecular Input Line Entry Specification (SMILES) notation.
SMILES employs ASCII characters to generate strings that are both unambiguous and
human-readable. To mitigate structural ambiguity, SMILES are frequently stored in
databases in their canonical form. In this notation, atoms are denoted by their standard
periodic table symbols, with lowercase letters indicating the presence of an aromatic ring.
Bond types are distinguished by specific symbols: a dash for single bonds, an equals
sign for double bonds, and a hash symbol for triple bonds [43]. Furthermore, numbers
within SMILES are used to denote the opening and closing points of rings in cyclic com-
pounds. While SMILES is a prevalent choice in molecular property prediction (MPP),
SELF-referencIng Embedded Strings (SELFIES) notation o”ers a more robust alternative
for molecule generation, as SMILES strings may not always correspond to a chemically
valid molecule [44]. These structural data representations—molecular graphs, SMILES,
and SELFIES—are sometimes supplemented by 2D visual images, which are particularly
e”ective for validating data correctness. Conceptually, all these methods can be related
back to the molecular graph, which serves as the underlying data structure for connectiv-
ity. The conceptual relationship between SMILES and molecular graph representations
is illustrated in Figure 1.4.

Graph representation SMILES representation

N

C

NC

C

1

2

34

5 c1 [nH] c n c1

Full string: c1[nH]cnc1

Schematic by example of imidazole molecule: left = explicit atom graph;
right = exemplary linear textual SMILES (tokens linked to atoms).

Figure 1.4: Concepts of SMILES and molecular graphs representations.

Among primary objectives of chemoinformatics, MPP represents a pivotal application,
particularly for forecasting the behavior of novel compounds prior to their laboratory
synthesis. The successful deployment of MPP frequently necessitates the application of
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sophisticated ML algorithms trained on extensive datasets. This methodology typically
employs supervised learning to identify pertinent structure-property correlations. The
predictive models are often designed to target a diverse range of physicochemical proper-
ties (e.g., density, viscosity, surface tension), biological activities, sorption capacities, and
activity coe!cients [45].

The operational workflow for MPP modeling adheres to a structured procedure [46]. It
begins with a comprehensive problem definition, which involves delineating the target
variable and the intended use cases of the model, while also determining whether the
problem is best suited for regression or classification. Understanding the operational
environment is crucial for ensuring appropriate model evaluation. Data acquisition is
the subsequent critical step for training the ML model. Given that datasets are often
compiled from disparate sources, rigorous data standardization is required. Specifically,
molecules represented by SMILES must be normalized to ensure consistent expression
of functional groups. Following standardization, the data is partitioned into training
and testing subsets, often utilizing random or sca”old-based splitting. A portion of the
training data is then reserved as a validation set to optimize model hyperparameters,
typically through a CV protocol. The subsequent phase involves either the featurization
of data for ML methods or the direct integration of raw graphs or SMILES into DL
architectures. Finally, the model undergoes rigorous testing to assess its performance. It
is imperative that a realistic test set is employed to simulate the model’s e!cacy within
a practical working environment. The comprehensive overview of the MPP workflow is
illustrated in Figure 1.5.

1. Problem

defintions:
• target
variable
• use-cases

2. Data

• data
sources
• molecules
standardiza-
tion

3. Splitting

• CV
• test set
• sca”olds

4. Features
molecular
fingerprints or
descriptors

4. Graph or
SMILES

5. Machine
Learning
(RF, GB,
SVM, MLR)

5. Deep
Learning
(GNN, Trans-
formers)

6. Model
testing

• RMSE
• MAE
• AUC
• F1

MPP WORKFLOW

Figure 1.5: MPP workflow overview

The primary objective of property prediction modeling is typically to estimate physic-
ochemical values that would otherwise necessitate empirical measurement within a con-
ventional laboratory setting [47]. This modeling objective is practically achieved by em-
ploying a training subset of the dataset to determine the model’s parameters, followed
by the utilization of a testing subset to rigorously evaluate its predictive performance.
This methodology e”ectively simulates the application of the model to novel experimen-
tal data [48]. Given that ML is fundamentally a data-driven paradigm rather than a
physics-based approach, the quality and quantity of the data are of paramount impor-
tance [49]. Although ML models may be pre-trained or augmented with thermodynamic
information, their e!cacy in both construction and validation remains critically depen-
dent on the underlying data.

These predictive tasks can be conceptualized as modeling within a high-dimensional vec-
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tor space defined by molecular features. Due to the vast combinatorial possibilities of
atoms and moieties, this chemical space is inherently multivariate [50]. Several distinct
methodologies exist for representing a molecule within this chemical space. One approach
involves molecular descriptors (MD), which constructs a numeric vector derived from
molecular graphs and/or atomic coordinates. This vector can encode diverse features,
including atomic and bond counts, the presence of rings or branches, charge distribution,
polarity, molecular weight, and hydrophobicity [51]. A sparser representation is provided
by molecular fingerprints (MF), which utilize binary encoding to denote the presence or
absence of specific moieties [52]. Alternative methods employ occurrence counters instead
of boolean values [53]. Finally, chemical space can be characterized using embedding
vectors generated by pre-trained DL models [54].

MFs are frequently employed in the context of assessing the similarity between pairs of
chemical compounds. The standard methodology involves the application of the Tani-
moto similarity coe!cient [55], as conceptually illustrated in Figure 1.6. This procedure
commences with the acquisition of MF representations for the two compounds under con-
sideration, followed by the computation of the Intersection over Union (IoU) value. The
IoU is mathematically derived by dividing the count of shared bits by the sum of the total
bits in both MFs minus the count of shared bits. This similarity metric yields a value
ranging from 0, indicating no similarity, to 1, signifying identical compounds [56].
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Tanimoto Similarity Calculation

Molecule A

OH

Molecule B

Cl

Fingerprint a
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Fingerprint b
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T (a, b) = c

a+b−c

a bc

Intersection / Union

Figure 1.6: Concept of Tanimoto similarity of molecules

1.3 Machine learning in molecular settings

ML demonstrates significant utility in molecular property prediction by enabling the quan-
titative assessment of the relationship between molecular structures and their associated
properties. The application of these predictive models is critically important, as it fa-
cilitates substantial savings in time and resources that would otherwise be required for
empirical experimentation within traditional chemical laboratories [57]. Furthermore, the
integration of virtual screening techniques allows for the prioritization and selection of
compounds anticipated to be most promising for specific applications, based on simulated
outcomes [58]. Moreover, these models can complement molecular generation strategies,
thereby automating and accelerating the overall drug discovery process [59].

The application of ML modeling is particularly warranted when investigating chemical
systems characterized by a vast array of possible moiety combinations. Consequently, a
highly relevant area of ML research within chemoinformatics involves bimolecular sys-
tems, such as ionic liquids (ILs) [60]. ILs are defined as chemical substances comprising
two molecular species—a cation bearing a positive charge and an anion bearing a nega-
tive charge—that exist in a liquid phase below 100 degrees Celsius [61]. These substances
exhibit distinctive physicochemical properties, including low volatility, high melting tem-
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peratures, high conductivity, and significant design flexibility [62]. This latter character-
istic is of paramount interest to chemoinformatics, as it allows for the precise tailoring
of ILs’ properties to meet specific functional requirements, leading to their designation
as ”designer solvents.” [63] However, the structure-property relationships governing ILs
and their mixtures with solutes are inherently complex and present substantial model-
ing challenges [64]. These properties are influenced by a multitude of factors, including
the specific nature of the cation, anion, and solvent composition, which precludes the
development of a universally applicable predictive model [65]. Computational method-
ologies, including ML, can address several modeling objectives related to ILs, such as
predicting melting points, solubility, conductivity, viscosity, and toxicity [66]. The utility
of ILs is extensively documented across various disciplines, including analytical chemistry
(e.g., SPME extraction), separation processes (e.g., carbon dioxide sequestration), physi-
cal chemistry (solubility studies), organic chemistry (catalysis), and chemical engineering.
Furthermore, the application of ILs in sorption systems necessitates the development of
models capable of describing multimolecular systems, which consist of the bimolecular
solvent and the solute molecule [67].

The application of ML methodologies for predicting the properties of ILs is inherently
complex, primarily due to the significant heterogeneity present in both the underlying
databases and the chemical space of the ILs themselves [68]. Given that ILs are com-
posed of distinct electrically charged species (cations and anions), their chemical diversity
is substantial, a complexity further exacerbated when experimental parameters, such as
temperature and pressure, must be integrated for accurate predictive modeling—a ne-
cessity particularly relevant in sorption modeling [69]. A critical impediment to robust
ML development is the scarcity of high-quality training data, a common challenge stem-
ming from the unique chemical nature of ILs compared to conventional drug-like organic
compounds [70]. Furthermore, the applicability of pre-trained models is severely limited
by the disparate chemical characteristics between ILs and typical organic molecules [71].
Data quality presents another major hurdle; discrepancies arising from varied measure-
ment techniques across di”erent laboratories, coupled with limited methodological re-
producibility, necessitate a rigorous standardization process to mitigate noise that could
compromise ML model performance. Additional challenges include the potential influ-
ence of trace contaminants—such as water, other ions, acetone, or ethanol—introduced
during synthesis, which may alter ILs’ properties, yet these factors are frequently omitted
from published literature [72]. Despite these challenges, the vast combinatorial potential
of cation-anion pairings renders ILs highly suitable for virtual screening aimed at iden-
tifying optimal solvents, positioning them as a compelling subject for chemoinformatics
investigation [73]. Consequently, this thesis adopts ILs as the foundational subject of
study.



Chapter 2

Related works

2.1 Classical molecular property prediction

Classical ML methodologies are predicated on the concept of chemical space, which facil-
itates the exploration of diverse moieties and sca”olds through multidimensional vector
spaces. This chemical space is typically characterized by MD, MF, or similar prede-
fined numerical representations [74]. A wide array of molecular representations has been
proposed within this context, ranging from basic functional group counts to more sophis-
ticated methods. For instance, popular MF approaches, such as the Morgan algorithm,
utilize hash functions to generate fixed-length bit vectors that encode the presence of spe-
cific substructures [75]. Similarly, ISIDA descriptors quantify the frequency of subgraph
occurrences within a molecular graph [76], [77]. Many studies rely on descriptors derived
from molecular graphs (e.g., 2D RDKIT descriptors), which include features such as atom
or rotatable bond counts, ring counts, the sum of shortest path distances, and connectiv-
ity indices [78]. Furthermore, the incorporation of three-dimensional atomic coordinates
(as implemented in software like Dragon of AlvaDesc) allows for the expansion of the
MD feature set [79], [80]. Common 3D descriptors include molecular volume, surface
area, shape indices, and 3D autocorrelation functions [42], [81]. Advanced evaluations
of atomic coordinates, often coupled with quantum mechanical calculations, enable the
utilization of partial atomic charges or polarizability as MD [82]. More recently, the field
has shifted toward vectorizing molecular data using embeddings learned through GNN or
transformer-based NN architectures [54], [83].

ILs present a particularly compelling subject for chemical-space analysis due to their bi-
molecular nature, which generates a vast and structurally heterogeneous design space [84].
When conceptualized as bimolecular systems, the chemical space of ILs is defined by the
structural descriptors of both the anionic and cationic components. In practical applica-
tions, this vector space is characterized by high dimensionality, often requiring hundreds
or thousands of descriptors per ion [85]. The primary objective of model users is typically
to explore specific regions of this chemical space that correlate strongly with high values
of the target property. However, when the ILs are involved in a multi-component system,
such as in a sorption process, the modeling challenge shifts from characterizing the ILs
in isolation to characterizing the entire system. Consequently, in sorption modeling the
chemical space of the solute must also be considered [86]. These multifaceted challenges
are conceptually illustrated in Figure 2.1.

11



12 CHAPTER 2. RELATED WORKS

Cationic Structural Descriptors (XC)

A
n
io

n
ic

S
tr

u
ct

u
ra

l
D

es
cr

ip
to

rs
(X

A
)

Concept of chemical space of ILs and solutes Si

Legend:

High solubility of SA

High solubility of SB

High solubility of SC

Figure 2.1: Concept of chemical space in multimolecular systems

In the domain of molecular modeling, various datasets are frequently employed as standard
benchmarks for validating novel ML methodologies. The MoleculeNet benchmark [87] is
a comprehensive collection of datasets spanning applications in quantum chemistry, phys-
ical chemistry, biophysics, and physiology. Specifically, the QM9 benchmark [87] provides
data on molecular properties derived from quantum mechanical calculations, including
target variables such as solubility and lipophilicity within the physical chemistry domain,
as well as compound activity against HIV or toxicity. These datasets exhibit a wide range
of scales, encompassing between 600 and 437,000 compounds. Furthermore, the FS-Mol
datasets [88] o”er diverse data pertaining to activity against protein targets, while the
TDC ADMET [89] database comprises 22 endpoints relevant to the prediction of ab-
sorption, distribution, metabolism, excretion, and toxicity. However, for more specialized
applications, such as the modeling of multimolecular systems, the establishment of uni-
versally accepted standard benchmarks remains an unresolved challenge.

This situation is more perplexed with ILs, however. Within the scope of classical mod-
eling paradigms, datasets are conventionally organized in a tabular structure, wherein
each row represents a unique molecule. However, this conventional organization becomes
significantly more complex when addressing ILs. Certain studies exhibit a one-to-many
relationship, wherein a single compound is associated with multiple records within the
dataset. This structural characteristic frequently arises when the target property is in-
fluenced by external variables such as temperature, pressure, or other environmental con-
ditions. Specifically concerning ILs, this pattern is common in datasets pertaining to
sorption or physicochemical properties [90]. This structural complexity is illustrated in
Figure 2.2.
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ŷN (Tn, Pn)

prediction

One core
system Many values for

the same system,
varying conditions

Simple Molecular Modeling

1-to-1 relationship

Compound

Descriptors
ML

Model

Property

Value ŷ
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Figure 2.2: Comparison between simple molecular modeling and multimolecular modeling.

Various datasets detailing the physicochemical properties of ILs are documented within
the relevant literature. Specifically, a series of publications by Paduszyński introduced
three distinct databases covering the density (approximately 40,000 data points), viscosity
(around 20,000 data points), and surface tension (approximately 6,000 data points) of
ILs. Due to their recent publication and comprehensive scope, these databases serve
as established benchmarking standards for physicochemical properties modeling within
the ILs domain. Furthermore, extensive toxicity data for ILs are available in large-scale
databases; for instance, the ILTox database encompasses 1,180 ILs and includes various
endpoints such as E. coli, AChE, IPC-81, and Vibrio fischeri. Cytotoxicity data for over
1,200 ILs are also widely available in the literature. Regarding sorption characteristics, the
ILThermo [91] database provides a substantial collection of data, including approximately
40,000 data points pertaining to infinite dilution activity coe!cients (IDAC).

Molecular descriptors, typically organized into tabular datasets, serve as the input fea-
tures for various ML algorithms, including MLR, Multilayer Perceptron (MLP), and GB.
Among these, decision tree-based algorithms have demonstrated significant prevalence in
this domain. These methods possess the theoretical capacity to be e”ectively fitted even
when data availability is constrained, leading to extensive research into their applicability
for relatively small datasets. For instance, Svetnik et al. [92] demonstrated the superior
performance of the GB algorithm compared to other structure-activity modeling tech-
niques across both small and large datasets. Similarly, Shi et al. [93] utilized this approach
to predict acute exposure guideline levels based on a collection of 90 aliphatic compounds,
while Wiriyarattanakul et al. [94] applied it to a dataset comprising 45 anti-inflammatory
compounds. Alternatively, linear models have also been extensively investigated due to
their high degree of interpretability and minimal requirement for large training sets. Am-
bure et al. [95] developed specialized software for the development of linear models using
small molecular datasets, and Lavado et al. [96] employed this methodology to model
toxicity using a dataset of 54 compounds. Furthermore, Zhang et al. [97] successfully
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applied linear models even with a limited sample size of 48 compounds.

The predictive modeling of physicochemical properties in ILs has been a subject of sig-
nificant investigation, as evidenced by the trends observed in the literature [66]. Con-
sequently, this section provides a concise overview of selected studies in this domain.
Paduszyński employed a group-contribution methodology to model the properties of ILs,
wherein physicochemical features are derived from predefined atomic groups and their
respective occurrences. This approach demonstrated high e!cacy in predicting density,
achieving low error metrics (MARE → 0.015), and exhibited strong predictive capability
for surface tension, with an R2 approaching 0.99 and MARE → 0.085. However, the mod-
eling of viscosity proved more challenging, yielding comparatively lower accuracy (best
R2 → 0.84; MARE → 0.377). Similar challenges were noted by Billard et al. [98], who
reported an R2 of approximately 0.7 on their test set. Furthermore, Varnek et al. [99]
utilized molecular representations, including ISIDA descriptors, alongside SVM and NN
to predict the melting points of ILs, achieving robust predictive power with an error of
approximately 40 degree Celsius on novel compounds. Finally, Venkatraman et al. [100]
demonstrated the superiority of ML techniques, such as RF and GB, over traditional
COSMO-RS methods for the prediction of ILs melting points.

The application of ML models to predict sorption phenomena within ILs has become a
significant area of research. Specifically, the solubility of gases, particularly carbon diox-
ide, has been extensively investigated, with Jian et al. [69] employing GNN architectures
for this purpose. Beyond gaseous species, the interactions of ILs with other liquid phases
have also been explored; for instance, Klimenko et al. [90] utilized decision tree-based ML
methods to model solubility in water-ILs systems. Furthermore, the prediction of solid
solubility has been addressed, as demonstrated by Euldji et al. [101], who successfully
modeled the solubility of pharmaceuticals within ILs.

Prior research has also extensively addressed the challenge of modeling ILs toxicity through
various computational approaches. For instance, Kang et al. employed multiple linear
regression, incorporating sigma profiles, to predict EC50 values in leukemia rat cells [102].
Expanding the scope, Abdellatif et al. utilized a SVM model to assess toxicity within the
IPC-81 dataset, drawing upon a comprehensive collection of 304 ILs [103]. Similarly, Se-
menyuta et al. developed predictive models using toxicity data from Daphnia magna (75
ILs) and Danio rerio (99 ILs), demonstrating robust performance with R2 values approach-
ing 0.80 [104]. The computational modeling of toxicity is often constrained by the time-
and cost-intensive nature of experimental protocols, which inherently limits the available
dataset size for ML applications. To circumvent these limitations, several studies have
leveraged advanced ML techniques. Yan et al. [105] utilized the GB algorithm for model-
ing ILs toxicity, while Shan et al. constructed ML models by integrating data on E. coli,
Acetylcholinesterase (AChE), and IPC-81 toxicity. Their implementation of a RF algo-
rithm, operating on two-dimensional MD data, yielded highly e”ective performance [106].
Furthermore, Fan et al. applied tree-based algorithms to model the inhibitory e”ects on
Vibrio fischeri [107], and Wang et al. focused on neural networks and SVM to formulate
predictive models for IPC-81 toxicity [108]. In a separate analysis, Feng et al. examined
the ILTox database and observed that utilizing a minimum of 140 individual compounds
could potentially lead to a plateau in the loss function curve when plotted against the
number of training instances. Nevertheless, their investigation did not explore specialized
solutions tailored for few-shot molecular property prediction [109].
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2.2 Neural networks in molecular settings

Various types of NN have been employed in the field of molecular modeling. Specifically,
GNN are frequently utilized in MPP studies. The graph data structure is inherently
suited for chemical modeling, as atoms can be represented as nodes and chemical bonds
as edges. By leveraging graph priors, these models can directly incorporate informa-
tion regarding chemical connectivity. For instance, the chemprop library [110] facilitates
message passing between nodes (Atom Message Passing) or edges (Bond Message Pass-
ing) within a graph framework. Building upon this library, Burns et al. [111] recently
proposed the ChemMeleon foundation model. In contrast, ChemBERTa employs a dif-
ferent architecture, utilizing a pre-trained transformer NN. This approach conceptualizes
chemistry as a formal language, enabling the application of sequence modeling NN to
encode SMILES strings. Both ChemMeleon and ChemBERTa were pre-trained on exten-
sive datasets of compounds (up to approximately one million) for the task of predicting
classical MD values. Consequently, the mean squared error between the predicted and
actual descriptor values was adopted as the loss function during the pre-training phase.
The objective of the pre-training phase is to enable the model to acquire robust feature ex-
traction capabilities. This stage can be designed around various tasks, such as predicting
classical MD values (as it was explained) or reconstructing masked fragments within the
SMILES string. Following this, the resulting base model can be fine-tuned for a specific
downstream application. A key advantage of this two-step protocol is that fine-tuning
typically requires significantly less data than training a DL model from scratch. This
methodology is visually represented in Figure 2.3.
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Base Model

Neural Network

Architecture

Large-scale

Unlabeled Data

Fine-tuned

Specialist Model

Task-Specific

Labeled Data

TRANSFER

PHASE 1: SELF-SUPERVISED PRE-TRAINING

objective: descriptors or SMILES reconstruction

PHASE 2: DOWNSTREAM ADAPTATION

objective: regression or classification on a task

Figure 2.3: Pre-training and fine-tuning of deep neural networks

Pre-trained models can be also derived through the application of autoencoder (AE),
a class of NN architectures designed to compress input data and subsequently recon-
struct the original information from a latent representation. While the conventional AE
employs a deterministic encoder-decoder framework, the variational autoencoder (VAE)
introduces a probabilistic paradigm suitable for generative modeling. Unlike standard
AE, which maps inputs to a single fixed vector, the VAE encoder outputs a probability
distribution over latent variables. Furthermore, the conditional variational autoencoder



16 CHAPTER 2. RELATED WORKS

(CVAE) extends this capability by incorporating auxiliary information, such as class la-
bels, to condition the generative process. These variants of AE have been successfully
applied to chemical informatics. For instance, Gómez-Bombarelli et al. [112] developed
a VAE specifically for SMILES reconstruction, demonstrating that the resulting latent
vector serves as a comparable featureizer to traditional methods like MD or MF. This
approach facilitated the generation of novel molecules optimized for specific properties.
However, a significant limitation of this method is the potential for generated SMILES
strings to represent chemically invalid structures or violate valency laws. To address this,
Jin et al. [113] proposed utilizing a tree structure during multi-step optimization, thereby
enforcing the generation of chemically valid graphs at each step. Similarly, Kusner et
al. [114] employed a tree-based parsing of SMILES to extract grammatical rules. By op-
erating on these structural rules rather than raw characters, their method ensured the
generation of syntactically valid molecules.

The application of deep architectures to ILs has gained significant traction in recent years.
For instance, Sadaghiyanfam et al. employed a hybrid methodology integrating Chem-
BERTa embeddings, MD, and MF for toxicity prediction [115]. Their analysis demon-
strated that deep neural network embeddings exerted a greater influence on predictive
accuracy compared to traditional molecular representations. More recently, the potential
of GNNs has been extensively explored in the context of ILs property prediction. Specif-
ically, GNNs have been utilized to model carbon dioxide solubility [69] by structuring
cation and anion representations within a unified matrix, where cation graphs occupy
the upper left and anion graphs the lower right, with null values filling the remainder.
Concurrently, a distinct methodological approach was adopted by another study [116]
to investigate the modeling of activity coe!cients for solutes in ILs. In contrast to the
matrix-based strategy, this approach involved concatenating the cation and anion vec-
tors only subsequent to the graph convolutions, immediately preceding the final fully
connected layers.

Beyond the application of GNN and transformers, several other architectures have been
employed in the prediction of ILs properties. For instance, Fan et al. [117] utilized a
CNN approach on a dataset comprising 155 ILs to predict toxicity, achieving highly
satisfactory metrics (R2 = 0.965). However, the applicability of DL in this study was
constrained by the limited dataset size and the small test set (40 records). In a related
work, Makarov et al. [118] investigated the prediction of ILs melting points, employing a
variety of algorithms, including CNN and transformers-CNN.

Further research has explored generative models. Ren et al. [119] integrated gated recur-
rent unit (GRU) layers within an NN framework for a CVAE, conditioning the AE on a
label indicating the likelihood of ion structure formation in ILs. This methodology sub-
sequently led to a state-of-the-art model for predicting ILs melting points (R2 = 0.75).
Similarly, Chen et al. [73] developed a GRU-based VAE for the reconstruction of ion
SMILES, which they fine-tuned for predicting carbon dioxide solubility in ILs. The util-
ity of CNN architectures in AE has also been demonstrated for SMILES reconstruction, as
seen in the work of Liu et al. [120], where 1-D convolution operations were utilized. Their
AE-based solution proved superior to classical descriptors when predicting carbon dioxide
solubility. Furthermore, the e!cacy of CNN-based VAE models has been evaluated using
one-hot encoding of SMILES strings [121].

As a result, the application of NN in molecular contexts remains relatively underexplored,
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primarily due to the demonstrated superiority of GB in many instances. To address this
deficiency, the Independent Feature Mapping (IFM) method was introduced [122]. This
approach enhances the molecular representation capabilities of neural networks by inde-
pendently transforming each feature using sine and cosine wave functions. This mecha-
nism enables the system to capture fluctuations across a wide spectrum of frequencies,
thereby facilitating a more robust understanding of intricate dependencies, such as the
relationship between subtle chemical modifications and significant variations in molecular
properties.

2.3 Handling data limitation

Despite the aforementioned challenges, the inherent data limitations persist as a significant
constraint for NN and other structure-property models. This deficiency may, however, be
partially mitigated through the application of pre-training utilizing synthetic data. Specif-
ically, Vermeire et al. [123] demonstrated that pre-training GNNs on COSMO-RS derived
data can be highly beneficial when employing DL methods to model small experimental
datasets.

A more targeted methodology could leverage meta-learning algorithms, which provide
a robust framework for addressing data scarcity by enabling rapid model adaptation.
Among these, the Model-Agnostic Meta-Learning (MAML) algorithm is widely employed
due to its versatility across various NN architectures. As introduced by Finn et al. [124],
MAML is designed to address diverse problems, including regression, classification, and
reinforcement learning, fundamentally operating on the principle of ”learning how to
learn.” This approach employs a two-loop protocol: an inner loop facilitates adaptation
to a novel task using a limited adaptation set, while the outer loop assesses the general-
ization accuracy of this adaptation across a batch of tasks. However, the inherent com-
plexity of this protocol often imposes significant constraints on the scalability of MAML.
Consequently, there has been a growing necessity for more computationally e!cient, task-
agnostic learning paradigms. The Reptile method addresses this by iteratively sampling
tasks, executing stochastic gradient descent (SGD) for each task, and subsequently up-
dating the NN weights. By omitting the reliance on second-order derivatives, the Reptile
algorithm achieves faster computational performance [125].

The application of the MAML method has been extensively explored within the domain
of chemoinformatics. Pappu et al. demonstrated that while GNN typically struggles
against fingerprint-based methods, the integration of meta-learning significantly boosts
GNN performance, surpassing both pretraining and fingerprint-based approaches in low-
data scenarios [126]. This aligns with the findings of Nguyen et al., who established
that meta-initializations yield superior outcomes compared to alternative deep learning
methodologies when adapting to restricted datasets [127]. Dou et al. identified MAML as
a crucial algorithm for enabling low-data machine learning in chemical applications [128].
Building upon this, Guo et al. integrated MAML with a GNN architecture to develop
predictive models for chemical toxicity assessment. Their investigation utilized the Tox21
dataset and evaluated performance under both 1-shot and 5-shot fine-tuning conditions,
where the latter refers to adapting the classification model using five compounds per
task. The results demonstrated that leveraging MAML significantly improved model per-
formance, raising the AUC score from 75.83 to 76.87 in the single-shot scenario and from
77.18 to 78.02 in the five-shot setting [129]. Similarly, Ju et al. investigated the Tox21 and
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ToxCast datasets using the MAML-GNN framework. Their findings revealed that even
with a minimal adaptation set of only ten samples, they achieved impressive AUC metrics
of 80.21 for Tox21 and 66.79 for ToxCast [130]. In a di”erent context, Schlender et al.
employed a dataset comprising 24,816 aquatic toxicity values (LC50) across 351 species,
integrating MAML into both single-task and multi-task modeling paradigms [131]. Lv
et al. confirmed MAML’s superiority in regression tasks involving quantum mechani-
cal parameters and further established its leading performance among various few-shot
algorithms for predicting drug-drug interactions [132], [133]. Similarly, Qian et al. high-
lighted the e”ectiveness of an attention-based GNN pre-trained via MAML on CHEMBL
datasets, noting its exceptional performance in classification tasks, particularly on the
MoleculeNet benchmark [134].

However, the application of meta-learning is not without challenges. Meng et al. identified
few-shot MPP as a critical yet di!cult area for improving virtual screening success rates,
while also cautioning that meta-initialization risks, such as memorization of query samples
or overfitting to training tasks, can impede e”ective test task adaptation [135]. Further-
more, Kotter et al. scrutinized how the inclusion of similar data during meta-training
influences the fine-tuning of models grounded in biological activity datasets [136]. No-
tably, the techniques employed in these studies relied heavily on neural network models, a
choice that warrants critical consideration as neural networks are not always the preferred
methodology in structure-activity modeling [122].



Chapter 3

Scope and goals of the thesis

Drawing upon the preceding synthesis of extant literature, it is evident that ML possesses
substantial potential for advancing scientific inquiry within chemical domains. Despite
the prevailing consensus that ML necessitates extensive datasets for e”ective training,
this assumption has spurred significant investigation into few-shot modeling techniques.
Furthermore, the utility of ML is not exclusively constrained by data availability; however,
a comprehensive understanding of its precise applicability remains underdeveloped. This
serves as the foundational premise for the present investigation.

The scope of this thesis focuses on low-data learning within the context of multimolec-
ular systems. This specific constraint facilitates a comprehensive investigation into the
application of ML in chemical science, particularly in scenarios that mimic data-scarce
environments—a critical aspect of scientific discovery. The relevance of this scope is under-
scored by the fact that few-shot learning remains significantly underexplored in molecular
modeling, especially when dealing with heterogeneous data such as that pertaining to ILs.
Although some research on few-shot molecular system modeling exists, the literature on
this subject remains notably sparse. Existing studies have predominantly applied few-
shot learning to simpler molecular systems, often within the framework of common MPP
benchmarks, which may not be optimally suited for settings involving numerous related
tasks. Furthermore, the prevailing literature tends to treat the MAML algorithm as a
standard, unmodified tool, lacking critical discussion regarding potential domain adap-
tations. Crucially, the inherent limitations of MAML have neither been systematically
identified nor adequately addressed. Consequently, this research area necessitates further
rigorous examination.

The scope of this thesis is structured to achieve the following objectives:

G1. To critically evaluate the inherent limitations of both classical and deep learning
methodologies when applied to the prediction of ILs’ properties.

G2. To ascertain the specific added value and operational constraints associated with
the implementation of few-shot learning techniques.

G3. To propose modifications to existing algorithms or training protocols aimed at sig-
nificantly enhancing model accuracy for particular problem domains.

The central hypothesis of this research posits that both conventional and deep ML
methodologies demonstrate significant utility in the modeling of multimolecular systems

19
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characterized by limited data availability, provided they are appropriately engineered,
particularly when leveraging meta-learning techniques.

A comprehensive understanding of the ML methodologies applicable to low-data regimes
is a fundamental prerequisite for advancing this field. While initial insights derived from
simpler molecular systems were anticipated to generalize to multimolecular systems, cer-
tain aspects appear to have been insu!ciently addressed. Specifically, it is imperative to
investigate the influence of chemical space commonalities between tasks, particularly in
context of few-shot learning protocols integrated with meta-learning frameworks. Further-
more, the research should move beyond merely analyzing the data encapsulated within
tasks to examine how the inherent similarity between tasks themselves a”ects model per-
formance. Additionally, the selection of the adaptation set and its subsequent impact on
adaptation uncertainty warrant rigorous exploration. To properly evaluate these issues,
the utilization of baseline controls, encompassing both classical and deep learning tools,
is essential. Comparative evaluation against these conventional modeling strategies not
only highlights the inherent strengths of the examined few-shot learning methods but
also facilitates a deeper analysis of their advantages and limitations. This critical ex-
amination provides a foundation for developing potential improvement strategies, which
may involve either refining the training strategies of established algorithms or modifying
original training procedures to achieve desired performance enhancements.

Consequently, several research questions were identified as relevant for further study:

Q1. What is the e!cacy and relevance of integrating classical and deep learning method-
ologies in addressing contemporary chemical research challenges, such as carbon
dioxide absorption and lignin isolation?

Q2. To what extent does the incorporation of rule mining and physics-based descriptors
enhance the predictive capability of ML models for bimolecular systems?

Q3. What optimal implementation strategies are required for GNN models to achieve
peak performance in predicting the properties of ILs?

Q4. How do the quantity and quality of available data influence the predictive accuracy
and robustness of GNN models when predicting ILs’ properties?

Q5. How does few-shot meta-learning compare to traditional ML paradigms in the con-
text of modeling complex bimolecular systems?

Q6. Is the utilization of low-quality simulated data for pre-training meta-learning models
a viable strategy for addressing data scarcity in low-data learning scenarios?

Q7. What are the inherent limitations of meta-learning approaches concerning the sim-
ilarity between tasks?

Q8. How does the similarity of chemical spaces between tasks constrain the applicability
and performance of meta-learning models?

Q9. Can modifications to the adaptation (inner loop) phase of meta-learning serve as
an e”ective strategy to improve performance and reduce the standard deviation of
metrics, particularly regarding adaptation set selection?

Q10. Is the integration of a task similarity factor, approximated via Tanimoto coe!cients,
a beneficial strategy for enhancing the modeling of more challenging tasks within
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meta-learning algorithms?

The research objectives and the resolution of the posed questions were achieved through
a multi-stage methodological approach. The initial phase involved preliminary investi-
gations into the application of ML for multimolecular systems, focusing on two distinct
domains: lignin isolation and carbon dioxide capture. These two datasets were selected
based on their significant relevance to contemporary chemical research. Subsequently, the
second phase addressed the implementation of deep graph neural network training pro-
tocols to resolve specific challenges encountered during the modeling of multimolecular
system properties. The third stage utilized few-shot learning modeling, leveraging prior
expertise derived from both classical (descriptors-based) and deep learning methodologies.
The alignment between the research steps, defined goals, and specific research questions
is visually delineated in Figure 3.1.
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Figure 3.1: Relationship between research steps, goals, and questions

The central aim of this research is to advance the computational methodologies currently
employed within the domain of ML for the modeling of ILs systems. This thesis inves-
tigates this intersection from the perspective of chemistry and CS, utilizing various ML
techniques to address specific research questions. Unlike studies that focus on narrow ML
applications in chemistry, this work specifically targets broader chemoinformatics chal-
lenges. Through a comparative analysis of algorithms and models, the suitability of the
adopted approach is validated. This investigation holds significant relevance for both
CS and chemistry, o”ering case studies focused on low-data learning. A major challenge
addressed is the inherent heterogeneity of chemical data, which stems from variations in
molecular systems and experimental conditions. Within the framework of meta-learning,
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this research provides insights into how task similarity influences the performance of
MAML models. Furthermore, the architectural or algorithmic adaptations proposed o”er
unique contributions to CS, while the prediction of ILs properties remains highly perti-
nent to chemical research. Finally, the practical implications of this work are substantial
across numerous industrial sectors, including the extraction and separation of mixtures,
gas sorption (such as carbon dioxide), and purification processes like crystallization (e.g.,
in the production of active pharmaceutical ingredients).

This thesis advances the AI research community by addressing a critical domain gap.
Although significant strides have been made in AI development - particularly concerning
text, image, and sound modalities - the application of these technologies to chemistry
remains an understudied area. Consequently, the domain-specific adaptations proposed
herein aim to augment the existing body of literature.



Chapter 4

Methods

This chapter provides an overview of the methodological frameworks adopted throughout
this research. Given that the experimental design was contingent upon the specificities
of the datasets and the nature of the research questions addressed, the protocols were
customized for each application, precluding the formulation of a single, standardized
procedure. The implemented protocols are described in the Methods sections of the
individual publications, and the associated source code is available in the corresponding
repositories.

4.1 Datasets collection, preprocessing, and analysis

Addressing the research objectives necessitates the selection of datasets specifically cu-
rated to align with the scope of the investigation. These datasets encompass a broad
spectrum of properties and applications pertaining to ILs. Specifically, the following
datasets were utilized:

- DS1 - (a) Henry’s Law Constant of ILs - carbon dioxide systems (data source:
Eichenlaub et al. [137]), (b) data on Henry’s Law Constant of ILs and other gasses
collected from ILThermo [91]

- DS2 - lignin isolation yield with ILs (data source: Baran et al. [138])

- DS3 - physicochemical properties of ILs - density (DS 3a), viscosity (DS 3b), and
surface tension (DS 3c) (data source: Paduszynski [68], [139], [140])

- DS4 - gas solubility in ILs expressed with mole fraction (data sources:Jian et al. [69],
Dong et al. [91])

- DS5 - toxicity of ILs (data source: [105])

- DS6 - infinite dilution activity coe!cients in ILs - solutes systems (data source: [116])

The datasets DS1 and DS2 pertain to topics that have recently garnered significant at-
tention, particularly within the field of environmental science. In contrast, DS3 provides
a compilation of fundamental physicochemical properties of ILs. The remaining three
datasets (DS4, DS5, and DS6) are specifically designed for meta-learning modeling. DS4
and DS6 represent solvent-solute systems, where a predictive task is defined by the solute.
The primary objective in these systems is to forecast the solubility of emerging chemical
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entities, thereby addressing the challenge of optimizing solvent selection for specific so-
lutes. DS5, conversely, encompasses information across multiple toxicity endpoints, each
representing a distinct task. Consequently, the modeling approach utilizing DS5 aims
to investigate whether toxicity against less extensively studied endpoints can be reliably
estimated even when data is limited. The rationale underpinning the selection of these
datasets is detailed in Table 4.1.

Table 4.1: Summary of the utilized datasets.

Dataset Dataset Size Justification for Selection

DS1a 76 records
A small dataset relevant for low-
data settings, providing strong base-
lines [137].

DS1b 84 records
An augmentation of DS1a, incorporat-
ing data from various other gases [91].

DS2 108 records
A small dataset intended to demon-
strate the ML potential for complex
process modeling.

DS3a ca. 40,000 records
A large dataset appropriate for the
evaluation of DL methods.

DS3b ca. 20,000 records
A large dataset appropriate for the
evaluation of DL methods.

DS3c ca. 6,000 records
A large dataset appropriate for the
evaluation of DL methods.

DS4 ca. 15,000 records
A large dataset appropriate for the
evaluation of both DL and MAML
methods.

DS5 ca. 3,500 records

A relatively small dataset that allows
for the isolation of chemical space im-
pact (data lacks temperature depen-
dency).

DS6 ca. 40,000 records

A large dataset with a diverse collec-
tion of tasks, suitable for meta-learning
in sorption settings (data includes tem-
perature dependency).

The DS1 dataset was further expanded through the simulation of data covering 4,617 dis-
tinct combinations, involving 81 unique cations and 57 unique anions. These simulations
were conducted within a system comprising six gases: carbon dioxide, carbon monoxide,
ethylene, hydrogen, nitrogen, and propylene. All computational procedures were executed
utilizing the AMS 2023.104 COSMO-RS package [141].

To ensure comparability across heterogeneous data sources, a comprehensive normal-
ization procedure was implemented. Specifically, molecular structures, represented via
SMILES, underwent standardization utilizing the established protocols within the RD-
Kit library [142]. This standardization is critical for maintaining consistent molecular
representations, thereby facilitating accurate feature extraction. Prior to subsequent an-
alytical stages, standard preprocessing techniques, including deduplication and filtering,
were rigorously applied. For non-decision tree-based algorithms, target features were nor-
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malized using min-max scaling to constrain their range between 0 and 1. Outlier detection
was initially performed using conventional statistical metrics, specifically the Interquar-
tile Range (IQR), Mean Absolute Deviation (MAD), and Z-score, applied to continuous
variables such as density, viscosity, and surface tension. When these statistical methods
proved insu!cient, the Isolation Forest algorithm was utilized to identify anomalies within
high-dimensional datasets, leveraging its capacity to isolate outliers based on their ease
of separation within an ensemble of decision trees.

Feature selection within the traditional ML framework was executed by utilizing the
feature importance rankings derived from the GB model. The Arithmetic Residuals in
K-Groups Analysis (ARKA) dimensionality reduction technique is predicated on the hy-
pothesis that the contribution of individual features varies significantly across distinct
ranges of the response (target) variable. This novel methodology was employed contin-
gent upon its demonstrated superiority over a simple feature selection [143].

Data analysis was further augmented with the rule mining methods. The CN2 algo-
rithm refines if-then rules in an iterative manner based on entropy or weighted accuracy
measures. The CN2 rules were obtained using the Orange Data Mining package for
Python [144]. The rules were evaluated using support (fraction of records following the
rule), confidence (proportion of data points that follow the rule and are associated with
a correct label by it), and by comparison of the general distribution and the distribution
of records following the rule with chi-square test of goodness of fit.

4.2 Validation protocols

The ML protocol necessitates the utilization of data for both model weight acquisition and
subsequent validation [34]. Consequently, the dataset is typically partitioned into train-
ing, validation, and test subsets. The training set is employed to determine the model’s
weights, while the validation set serves to optimize hyperparameters—non-trainable pa-
rameters that must be specified prior to model training. In this investigation, hyperpa-
rameter optimization was achieved through a random search protocol, which iteratively
selects hyperparameter configurations to identify the optimal set based on performance
metrics derived from the validation set [30].

The selection of the validation strategy can be complex and is contingent upon the dataset
size. For smaller datasets, five-fold cross-validation (CV with k = 5) was implemented.
Conversely, for larger datasets, a random selection of the validation set was preferred
over cross-validation due to the significant reduction in computational overhead required
for training large-scale models [30]. In these instances, the validation set was allocated
approximately 10–15% of the total data.

Standard practice in ML modeling dictates that the final model be evaluated using a
dedicated test set. The primary objective of this test set is to simulate the model’s
performance in a real-world operational environment [30]. The methodology for data
partitioning is illustrated in Figure 4.1, and the specific configuration of the test set is
detailed in Table 4.2.

The application of meta-learning necessitates specific considerations regarding evaluation
protocols. Given that the fundamental objective of meta-learning is to optimize the
learning process itself, the model must be evaluated on a set of held-out tasks. These
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DATASET

DEVELOPMENT SET TEST SET

TRAINING SET VALIDATION SET

or CV folds

Final Model

Evaluation

on Held-out Data

Figure 4.1: Dataset splits in modeling.

Table 4.2: Summary of utilized datasets and the rationale for test set selection.

Data Set Test Set Selection Method Justification

DS1
Repeated random sampling (5 it-
erations)

A robust protocol designed to mitigate
the variance associated with a single
random split.

DS2
Repeated random sampling (4 it-
erations)

A robust protocol designed to mitigate
the variance associated with a single
random split.

DS3
Repeated random sampling (4 it-
erations) of 1% of ILs SMILES

Ensures the model is evaluated on chal-
lenging, out-of-distribution ILs not in-
cluded in the training set.

DS4
Repeated random sampling (5 it-
erations) (SMILES based)

A robust protocol designed to mitigate
the variance associated with a single
random split.

DS5 Standard random split
Protocol aligns with the methodology
reported in the source data [105].

DS6
Non-overlapping paired selection
(ensuring IL-solute pairs are mu-
tually exclusive)

Protocol aligns with the methodology
reported in the source data [116].

tasks were ideally selected randomly from the pool of tasks possessing su!cient data for
both adaptation and evaluation. However, the available task pool may be constrained;
this limitation is evident in DS 4, which comprises only four primary tasks. Consequently,
the leave-one-task-out validation protocol, as depicted in Figure 4.2, was employed in this
instance.

To assess the performance of the models, several metrics were utilized, including the
coe!cient of determination (R2), root mean square error (RMSE), mean absolute error
(MAE), and mean absolute percentage error (MAPE) [30]. The metrics are defined as
follows in Equations (4.1)–(4.4):
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where: n is the number of observations, yi are the actual values, ŷi are the predicted
values, ȳ is the mean of the actual values.

Interpretation of the models’ rationale served as an additional validation protocol. Since
this study concentrates on chemoinformatics’ methods rather than structure-property
relationships, the models’ interpretation is serving an auxiliary role. For that purpose
tools like Shapley Additive Explanations (SHAP), Local Interpretable Model-agnostic
Explanations (LIME), and ELI5 were utilized. The SHAP method is based on game theory
concepts of contributions of inputs to increasing or decreasing of predicted output [145].
In contrast, LIME utilizes highly interpretable surrogates on local parts of inputs values
ranges [146]. The analysis of decision paths within the decision trees are referenced as
ELI5 method [147].
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4.3 Molecular representations

Featurization of input plays an important role in the modeling workflow. However,
molecules can be described numerically in various ways. Predominantly, MD and MF
were utilized for classical ML.

The accurate processing of chemical data necessitates the calculation of reliable molec-
ular descriptors and, occasionally, the optimization of molecular geometries. In this
study, SMILES strings were transformed into molecular objects utilizing RDKit. Sub-
sequent structural optimization, when required, was performed via Open Babel [148]
or RDKit [142], employing a conformational search followed by force-field minimization.
This methodology provides a computationally e!cient and consistent alternative to more
resource-intensive approaches based on quantum chemistry principles.

As mentioned in Chapter 1, MD are derived from a structure of a molecule to encode
its physicochemical properties. They may include properties such as number of hydrogen
bond donors/acceptors, partition coe!cient, or electrostatic potential maps. MD for
DS1 were utilized as calculated in its original article with Dragon software (including
descriptors based on 3D structure of molecules). MD for DS2 and DS5 were calculated
utilizing 2D set of descriptors implemented in RDKit package.

As defined in Chapter 1, MF are binary bit vectors. They code presence of specific sub-
structures (subgraphs) within a molecule with value 1 and its absence with 0. Notably,
Morgan fingerprints capture moieties in a circular manner around each atom. Adjusting
the radius allows for capturing larger or smaller subgraphs. MF were utilized, imple-
mented as Morgan fingerprints with radius of 2, to study DS1, DS2, and DS4.

The molecular representation learning paradigm within DL is fundamentally driven by
the direct processing of raw molecular graphs or SMILES strings. Deep NN architectures
typically comprise feature extraction layers followed by a regressor head. In the context of
GNN, the capture of both local and global molecular features is achieved through multiple
graph convolutions, which aggregate information across neighboring nodes. Initial featur-
ization strategies for bonds incorporated attributes such as bond order and aromaticity,
while nodes were characterized by atomic number, hydrogen count, hybridization, aro-
maticity, and charge [149]. Various charge models were evaluated, including Gasteiger-
Marsili, MMFF94, formal, and QTPIE charges, each presenting distinct strengths and
limitations contingent upon the molecular system and application. The readout phase
involves employing a pooling function to distill a graph-level representation from the indi-
vidual node embeddings. GNN models were specifically employed for the analysis of the
DS3 and DS6 datasets. Conversely, transformer-based NN architectures process SMILES
as a sequence of tokens, utilizing a dedicated CLS token to aggregate information from the
entire sequence and generate a global representation, a methodology applied to the DS5
dataset. The regressor head is frequently implemented as a simple MLP that acts upon
the derived molecular representations, such as the graph vector obtained post-readout or
the CLS token embedding [150].

Overview of the utilized molecular representations is shown in Figure 4.3.

Multi-dimensional datasets were visualized using several techniques. The FreeViz [151]
method facilitates the generation of visualizations characterized by robust class separa-
bility, a feature that is particularly critical for exploratory data analysis. This technique
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Figure 4.3: Overview of the utilized molecular representations

enables the determination of an optimal two-dimensional projection designed to e”ectively
di”erentiate between samples within a dataset. The underlying algorithmic rationale can
be conceptualized through a physical analogy: the method employs a mathematical con-
struct analogous to a physical potential function, which governs the attraction and re-
pulsion between data points. Specifically, instances exhibiting similar characteristics are
attracted to one another, while those with substantial variance repel neighboring points,
mirroring the physical forces between particles. Consequently, an optimal projection is
identified, manifesting e”ective class separation within the resulting scatterplot. Within
this metaphorical framework, the optimization objective—achieving maximal class sep-
arability—is conceptually equivalent to identifying the configuration (projection) that
minimizes the system’s potential energy.

To facilitate the visualization of the high-dimensional chemical space inherent in the
dataset, the t-distributed Stochastic Neighbor Embedding (t-SNE) [152] algorithm was
employed. As a non-linear dimensionality reduction technique, t-SNE projects the data
into a lower-dimensional manifold while preserving the local structure and ensuring the
discernible representation of inherent clusters. The resulting t-SNE visualizations eluci-
dated the molecular relationships within the dataset, thereby identifying distinct clusters
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and underlying patterns that were obscured within the original high-dimensional feature
space.

The comprehension of chemical space is frequently augmented through the analysis of
compound similarity. Various methodologies can be employed to quantify this similarity.
Descriptor-based techniques leverage physicochemical properties (e.g., molecular weight
or polar surface area) and apply distance metrics within a multidimensional feature space.
More recently, machine learning-derived embeddings, particularly those generated by neu-
ral networks, have facilitated the comparison of compounds within learned latent spaces
that o”er a more accurate representation of bioactivity or functional similarity. A foun-
dational approach involves the utilization of MF, which can be compared using similarity
metrics such as the Tanimoto coe!cient. Specifically, Tanimoto coe!cients were com-
puted based on Morgan fingerprints with a radius of 2 and a vector size of 2048 bits. The
generation of these fingerprints and the subsequent coe!cient calculations were performed
using appropriate RDKit [142] functionalities.

The conceptualization of compound similarity within meta-learning paradigms presents
a significant complexity. Specifically, the methodology for quantifying similarity must
account for the inherent multi-task nature of the underlying datasets [153]. This neces-
sitates a nuanced approach to similarity measurement, wherein the comparison between
two data instances can be categorized either as within-task similarity—evaluating the re-
latedness of data points within the same task—or between-task similarity—assessing the
relationship between data points originating from distinct tasks. The Tanimoto similarity
metric was calculated across all pairwise combinations of the data points. These pairs
were systematically classified into two distinct categories: intra-task pairs, representing
data points belonging to the same task, and inter-task pairs, representing data points
from di”erent tasks. The resulting similarity scores derived from these pairwise compar-
isons were subsequently aggregated through a mean calculation to yield a comprehensive,
averaged similarity measure. This conceptual framework of within-task and between-task
similarity is illustrated in Figure 4.4, where task identity is represented by color and
chemical space proximity by directional arrows.

Figure 4.4: Illustration of within-task and between-task similarity concept.
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4.4 Classical machine learning modeling

The feature preprocessing pipeline for the classical ML methods involved the application
of standard protocols, beginning with the removal of redundant and invariant features.
Subsequently, numerical features were standardized to ensure scale invariance across vari-
ables while preserving their intrinsic relative distances. To optimize predictive accuracy,
a rigorous feature selection process was implemented. This selection was achieved by
comparing two distinct methodologies: a ranking system derived from a gradient boost-
ing model or the mutual information criterion. The final choice of feature subset was
determined by the method that demonstrated superior performance metrics on the val-
idation set. A suite of classical ML methodologies was employed, encompassing linear
regression (MLR), ensemble decision tree approaches (RF, GB), and basic neural network
architectures (MLP).

The MLR formulation, as specified in Equation 4.5, estimates the parameter vector β̂

through the minimization of a loss function quantifying the discrepancy between observed
target values and those predicted by the linear model. To mitigate issues arising from
high-dimensional feature spaces and multicollinearity, the model may be augmented with
regularization terms, incorporating either the L1 norm (Lasso) or L2 norm (Ridge) of
β. Such regularization imposes constraints on parameter magnitudes, thereby enhancing
model stability and generalization performance [154].

β̂ = arg min
β

{
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(4.5)

The RF algorithm [25] derives its final predictive output through an ensemble structure
of decision trees, as formally defined in Equation 4.6. This aggregation mechanism in-
volves calculating the arithmetic mean of the predictions generated by B individual trees,
denoted as Tb(x).

F (x) =
1

B

B
∑

b=1

Tb(x) (4.6)

While both RF and GB utilize decision trees as fundamental regressors or classifiers, their
ensemble methodologies exhibit a profound architectural divergence. Unlike the parallel
training paradigm of RF, GB [155] adopts a sequential construction process, wherein
subsequent models are trained specifically to mitigate the residual errors generated by
their predecessors. This iterative procedure defines an ensemble comprising M trees, as
formally delineated in Equation 4.7.

FM(x) = f0(x) +
M
∑

m=1

η · hm(x) (4.7)

The MLP algorithm is characterized by a parametric network architecture comprising
multiple layers of interconnected neurons. The initial layer processes the input vector x
through a linear transformation, defined by the application of weights W1 and bias b1,
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followed by a non-linear activation function σ1. The resulting output from this layer serves
as the input for subsequent layers, undergoing iterative transformations. Specifically, a
basic two-layer MLP can be formally represented by Equation 4.8 [156].

y = σ2 (W2 · σ1(W1x + b1) + b2) (4.8)

The optimization of the parameters θ, which encompass both weights and biases, is con-
ducted according to Equation 4.9 with the objective of minimizing the loss function L.
This optimization procedure is implemented through back-propagation, which updates θ

in proportion to the gradient ∂L/∂θ scaled by the learning rate α [157]. In the context
of this study, a sophisticated variant of stochastic gradient descent, specifically the Adam
optimizer, is utilized [158].

θt+1 = θt ↑ α
∂L

(

X, θt
)

∂θ
(4.9)

where θ = {W (l), b(l)}L
l=1

4.5 Deep learning and meta-learning modeling

Deep NN architectures are fundamentally rooted in the principles of MLP models, yet
they achieve enhanced representational capacity through the integration of feature ex-
traction layers. This mechanism facilitates the automatic learning of hierarchical repre-
sentations, wherein intermediate network layers progressively transform raw input data
into increasingly abstract and semantically rich features. Crucially, unlike traditional,
manually engineered descriptors, these learned representations inherently capture com-
plex structural patterns, relational dependencies, and latent properties pertinent to the
specific predictive objective. Consequently, these specialized layers empower deep mod-
els to process raw data modalities-such as molecular graphs or SMILES strings-directly,
thereby obviating the necessity for predefined representations like MD or MF [159].

A Transformer-based NN employs an attention mechanism (Equation 4.10) [160] to encode
each token - i.e., an element of the input sequence - in relation to the entire sequence
context. Within this framework, SMILES representations are treated as sequences of
tokens, where each token corresponds to a component of the SMILES string (e.g., atoms
or bonds). Following the application of attention, the value vector V is computed using
weights derived from the similarity between the query Q and the keys K. Transformer
models may adopt encoder-only, decoder-only, or encoder–decoder architectures, and are
typically pre-trained on large-scale datasets. A widely used example in chemoinformatics
is ChemBERTa [161], which is based on the Bidirectional encoder representations from
transformers (BERT) architecture [150].

Attention(Q, K, V ) = softmax

(

QKT

↔
dk

)

V (4.10)
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The integration of graph priors frequently yields enhanced performance in molecular mod-
eling tasks, which has led to the widespread adoption of GNN within MPP research. Fun-
damentally, the GNN [162] architecture processes data structured as a graph G, defined
by a set of vertices (nodes) V and edges E, as detailed in Equation 4.11. The oper-
ational mechanism of GNN involves iteratively updating node representations through
a message-passing update function (Equation 4.12). Specifically, the graph convolution
operation typically employs a learnable weight matrix W l+1 during the training phase
(Equation 4.13) [163].

G = {V, E} (4.11)

x l+1
v = fθ

(

x l
v, { x l

u : u ↗ N(v) }
)

(4.12)

x l+1
v = W l+1

∑

u↑N(v)↓{v}

1

cu,v

x l
u (4.13)

Training with GNN is visually shown in Figure 4.5.

The MAML framework presents a compelling methodology for the pre-training of NN.
Its inherent model-agnostic nature allows for its application across diverse network ar-
chitectures. The core objective of MAML is to determine the optimal parameters θ that
minimize the aggregate loss L across the distribution of tasks p(T ), specifically considering
individual tasks Ti (Equation 4.14). The parameter updates are governed by the optimiza-
tion procedure detailed in Equation 4.15. However, this optimization process necessitates
the computation of two distinct gradients, which introduces a significant computational
overhead that ultimately constrains the scalability of the MAML algorithm [124].

min
θ

∑

Ti↔p(T )

LTi
(fθ→

i
) (4.14)

θ ↘ θ ↑ β≃θ

∑

Ti↔p(T )

LTi
(fθ↗α↘θLTi

(fθ)) (4.15)

Overview of modeling with MAML algorithm is depicted visually in Figure 4.6 and in
pseudocode in Algorithm 1.

First-order MAML circumvents the computational complexity associated with second-
order derivatives by approximating these values as zero [124]. The Reptile method further
streamlines this meta-learning paradigm. It operates by sampling a specific task and
performing a limited number (k > 1) of gradient descent steps using the associated data
to update the parameters of the NN. The algorithmic formulation of Reptile is detailed
in Algorithm 2 [125].
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Figure 4.5: Overview of modeling with GNN algorithm

Algorithm 1 The MAML algorithm

Require: Task distribution p(T ), inner LR α, meta LR β

1: Initialize parameters θ

2: while not converged do

3: Sample tasks {Ti} ⇐ p(T )
4: for each task Ti do

5: Sample support set Si

6: θi ↘ θ ↑ α≃θLTi
(θ; Si)

7: end for

8: Sample query sets Qi

9: θ ↘ θ ↑ β≃θ

∑

i LTi
(θi; Qi)

10: end while
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Figure 4.6: Overview of modeling with MAML algorithm

Algorithm 2 The Reptile algorithm

Require: Task distribution p(T ), LR α

1: Initialize parameters θ

2: while not converged do

3: Sample task T ⇐ p(T )
4: for k = 1 to K do

5: Sample data batch Bk from T
6: θ ↘ θ ↑ α≃θLT (θ; Bk)
7: end for

8: end while
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4.6 Implementation details

In addressing the development of an e”ective machine learning pipeline, a series of tools
and libraries were selected based on their compatibility with Python programming lan-
guage and proficiency in handling various data types. The primary platform employed
throughout this project was Python [164], which leverages PyTorch for neural network
construction along with its related libraries such as PyTorch Geometric for GNN [165].
Additionally, Orange Data Mining [144] tools were incorporated to extract CN2 rules and
implement some of the classical machine learning models.

In order to facilitate seamless data handling throughout the pipeline, Pandas [166] has
been employed as a primary data manipulation tool. Scikit-learn [167], another essential
Python library, was used for data preprocessing and pipelines along with the execution of
classical ML algorithms. In addition to PyTorch, XGBoost [168] and LightGBM [169] li-
braries were incorporated into the pipeline to explore additional classical ML models.

Handling chemical data requires specialized tools; thus, RDKit [142], OpenBabel [148],
and Mordred [170] have been integrated into the project, allowing for e!cient preprocess-
ing and manipulation of complex molecular structures. To gain a deeper understanding of
the models under development, interpretation techniques such as SHAP [145], LIME [146],
and ELI5 [147] were employed.

The evaluation of model performance is crucial in any machine learning pipeline; therefore,
Permetrics library [171] was utilized to provide comprehensive metrics for assessing both
classical and deep learning models. Data visualization purposes were met through the
incorporation of Matplotlib [172] and Seaborn [173], the open-source plotting libraries
that enable e”ective presentation of findings. Furthermore, meta-learning techniques
have been explored using deepchem [174] and learn2learn [175] libraries.



Chapter 5

Summary of results and

discussions

5.1 Classical low-data property prediction

The study commenced with utilization of classical ML methods. The datasets under
investigation represented current topics in chemistry of multimolecular systems, partic-
ularly carbon dioxide absorption with ILs (DS1) and lignin isolation from biomass with
ILs (DS2).

The initial phase of the DS1 modeling involved an evaluation of applicability of Fractional
Free Volume (FFV) as a molecular descriptor. The utility of FFV is acknowledged,
yet its scalability to large-scale datasets presents a significant computational challenge.
Consequently, the feasibility of rapidly approximating FFV using alternative metrics (that
possess lower computational overhead than traditional molecular dynamics simulations)
was investigated. To empirically validate these proxies, the Pearson correlation coe!cient
was calculated between FFV and several descriptors: the solvent accessible surface area
(SASA), FFV estimated via energy minimization within a small cluster (approximately
20 ion pairs), and FFV derived directly from the force-field minimized structure of a single
ion pair. The comparative analysis revealed that SASA exhibited the strongest correlation
with FFV (r = 0.62). However, the correlation coe!cients for the small cluster estimation
(r = 0.58) and the single-molecule estimation (r = 0.45) were substantially lower. Despite
the superior performance of SASA, the correlation was insu!cient to justify its use as a
direct substitute for FFV.

The prediction of the FFV value from MD has been demonstrated to be challenging when
employing linear models. Consequently, advanced ML methodologies were utilized to
address this inherent di!culty. The incorporation of ARKA descriptors facilitated the
development of a predictive model for the FFV value, which achieved an R2 of 0.779 on the
test set. While this model exhibits superior performance compared to previously reported
approaches, its overall predictive power remains suboptimal as some information on FFV
is not available in MD. The results of the modeling are shown in Table 5.2 (adapted from
publication A3 of the series).

The performance of ML methods could be further enhanced with MD crafted particularly
for sorption modeling. Even though preliminary studies have shown that inclusion of

37
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Table 5.1: Correlation of FFV proxies with reference FFV.

descriptor calculation method
Pearson correlation
(R) to FFV

FFV
energy minimization followed by molec-
ular dynamics using a large cluster of
molecules

reference

SASA
energy minimization using a single
molecule

0.62

FFV estimation
energy minimization using a small clus-
ter of molecules

0.58

FFV estimation
energy minimization using a single
molecule

0.45

Table 5.2: Comparison in performance between MLP and GB models while trained for
predicting the FFV value.

modeling approach CV R2 CV RMSE test R2 test RMSE

GB 0.474 0.016 0.700 0.013
MLP 0.605 0.014 0.779 0.011

FFV improved performance of MLR models, its’ impact on more complex ML models
warrants further evaluation. For this purpose, GB and MLP algorithms were utilized to
train models for predicting Henry’s Law Constant both with and without FFV among
molecular descriptors. Table 5.3 (adapted from publication A3 of the series) shows how
addition of FFV changes performance of ML models.

The MLP model demonstrated substantially superior performance compared to the GB
models, yielding markedly better results across both CV and test metrics. Furthermore,
the e!cacy of the MLP model was enhanced by the incorporation of the FFV descriptor.
The models that incorporated the FFV descriptor demonstrated superior performance
relative to the baseline model utilizing only molecular descriptors. The integration of the
FFV descriptor into the MLP model resulted in enhanced performance across multiple
metrics. Specifically, the descriptor improved cross-validation performance, as indicated
by the increase in the CV R2 value from 0.712 to 0.775. Moreover, the observed decrease in
the RMSE (from 1671 to 1710 for MLP utilizing FFV) substantiates the hypothesis that
the FFV descriptor e”ectively reduced the magnitude of prediction errors. The validation
on a test set revealed that the R2 value achieved by the MLP model on the test set
increased substantially, rising from 0.738 to 0.833. This finding underscores the e!cacy
of employing nonlinear ML methodologies in significantly enhancing model predictive
accuracy.

The developed ML models facilitate the extraction of chemical insights regarding car-
bon dioxide solubility in ILs, as illustrated in Figure 5.1 (adapted from publication A3
of the series). The SHAP analysis (Figure 5.1a) identifies free volume (FFV) as the
most influential descriptor. Specifically, a positive correlation was observed between in-
creased free volume and enhanced solubility, suggesting that the structural voids within
ILs facilitate the initiation of CO2 absorption. Furthermore, the Shapley value analysis
provides critical insights into the specific chemical moieties that govern the predicted sol-
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Table 5.3: Comparison in performance between MLP and GB models while trained with
or without FFV descriptor.

modeling approach CV R2 CV RMSE test R2 test RMSE

MLR 0.385 2378 0.711 2464
MLR with FFV 0.466 2346 0.730 2379

GB 0.646 2178 0.507 2926
GB with FFV 0.641 2224 0.617 2580

MLP 0.712 1671 0.738 2386
MLP with FFV 0.775 1710 0.833 1859

ubility. The presence of hydroxyl groups in both anions and cations was identified as a
significant factor promoting high values of the Henry’s Law Constant. Additionally, the
SHAP diagram linked two distinct fingerprints—associated with di”erent chemical envi-
ronments of a fluoride atom—to predictions of elevated carbon dioxide solubility. The
CN2 analysis (Figure 5.1b) further enables the investigation of the impact of combined
chemical moieties. CO2 sorption in ILs is fundamentally governed by two primary mech-
anisms: specific molecular interactions and free volume e”ects. While fluorinated anions
enhance CO2 uptake through favorable interactions with fluorine atoms, often resulting in
moderate-to-high solubility, rule-based models such as CN2 may inadequately represent
these e”ects by excluding chemically relevant features in pursuit of statistical confidence.
Hydroxyl-only ILs (lacking amines or fluorinated anions) exhibit high HLC, indicative
of weak specific interactions. Conversely, when anion fluorination is present, it tends
to dominate the sorption behavior, thereby diminishing the relative importance of other
structural features, such as aromatic rings or long alkyl chains.

(a) SHAP diagram (b) CN2 rules

Figure 5.1: Chemical insights on carbon dioxide solubility in ILs.

Classical ML methodologies were also employed to investigate the DS2 dataset. The pri-
mary objective of the study was to address an existing gap in the literature by developing
a predictive framework for lignin extraction capacity from biomass utilizing ILs as sol-
vents, as shown in Figure 5.2 (adapted from publication A3 of the series). The core of
the research lies in the integration of three distinct categories of input data into a unified
predictive model capable of accurately forecasting extraction yield. The process is influ-
enced by biomass composition, process parameters (like temperature and time), and ILs
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structural characteristics. Given that the extraction process is inherently multivariate,
its outcome is simultaneously dependent on all three input domains. These factors can
contribute independently; for instance, certain solvents may exhibit optimal performance
only within specific temperature ranges, or biomass compositions may necessitate varying
degrees of hydrogen-bond basicity in the solvent to achieve e!cient extraction. Similarly
to DS1, the dataset comprised a limited sample size, consisting of only about 110 records.
The dataset focused on herbaceous biomass, which was selected over woody biomass data
due to its superior volume. However, the integration of both subsets into a single model
proved infeasible, as visual inspection via FreeViz revealed a distinct separation between
the two subgroups.

Figure 5.2: Study design on lignin isolation yield prediction

The predictive models were constructed utilizing GB and RF algorithms. These decision
tree-based methodologies were selected for modeling the process due to their demon-
strated e!cacy with limited datasets. The molecular representations employed included
either MD or MF. A significant challenge arose because certain features within MD and
MF lacked interpretability or direct correlation with the lignin isolation yield. When
the descriptor set was unrestricted, many features were inherently di!cult for human
interpretation. The full model, which incorporated complex descriptors such as AATSC3i
(autocorrelation of lag 3 weighted by ionization potential), MATS3pe (Moran coe!cient
of lag 3 weighted by pauling electronegativity), AXp-5d (5-ordered averaged Chi path
weighted by sigma electrons), and MDEO-11 (molecular distance edge between primary
O and primary O), was consequently classified as a ”blackbox” model. To enhance model
transparency and interpretability, a second model was developed using only a pre-selected
subset of descriptors, which was designated as the ”interpretable” model. The selected
descriptors included aromatic atoms count, number of hydrogen bond donor / acceptors,
estimated partition coe!cient, rotatable bonds count, topological polar surface area, and
molecular weight. The performance metrics for these models in predicting lignin isolation
yield are presented in Table 5.4 (adapted from publication A2 of the series).

The models were subjected to a rigorous inspection of their underlying rationale. This
interpretability analysis was conducted utilizing SHAP, LIME, and ELI5 methodologies.
Analysis of the Shapley values revealed consistent regularities across all developed models:
the e!ciency of the lignin extraction process was predominantly governed by the biomass
composition, specifically the percentage of hemicellulose, alongside two critical process
parameters: time and temperature. Furthermore, the ELI5 model interpretation was
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Table 5.4: The evaluation metrics of models predicting lignin isolation yield.

modeling approach
MD-based model
(test set R2)

MF-based model
(test set R2)

GB blackbox 0.77 0.77
RF blackbox 0.71 0.75

GB interpretable 0.73 0.68
RF interpretable 0.63 0.71

performed on three randomly selected data records representing low yield (record no. 65),
medium yield (record no. 1), and high yield (record no. 46). This comparative analysis
highlighted significant divergences between the RF and GB models. For the GB model,
the MD frequently exhibited impacts comparable to those of the process parameters. This
was evident in the low-yield sample, where nRot and time demonstrated highly similar
importance and impact (both in magnitude and sign), and in the high-yield sample, where
the impact of nHBAcc leveraged the influence of temperature.

The analysis of LIME results, Figure 5.3 (adapted from publication A2 of the series),
revealed several consistent trends regarding the prediction of lignin yield. Across all
three samples, the percentage of hemicellulose (perc hemicellulose) emerged as a dom-
inant predictive feature. Specifically, high hemicellulose content (exceeding 0.56 units)
was identified as a strong positive predictor for lignin yield, whereas intermediate ranges
(0.15–0.35) were associated with predicted low yields. Furthermore, thermodynamic pa-
rameters, namely temperature and time, were found to significantly influence the model
predictions, although their e”ects exhibited non-linear characteristics. In the context of
medium yield samples, reaction time served as the most significant positive factor; con-
versely, in low yield samples, insu!cient reaction time (very short durations) was identified
as a major negative contributor. Low temperatures consistently correlated with decreased
predicted yields, manifesting as a negative contribution across both medium and low yield
examples. A comparative analysis of the models indicated that the RF model demon-
strated a significantly greater sensitivity to the impact of a limited number of features
compared to the GB model. However, the specific importance assigned to individual
descriptors varied between the LIME and ELI5 methodologies. For instance, in sample
46, LIME assigned a substantially higher importance to the descriptor nRot than ELI5.
This suggests that a low count of rotatable bonds—likely linked to the rigid aromatic
structure of the cation—and indirectly implies the high relevance of π ↑ π interactions
involving the aromatic imidazolium ring. Conversely, for samples 1 and 65, the absence
of aromaticity in the cation structure resulted in lower target values, as evidenced by the
LIME graphs for the GB model. The influence of this structural characteristic appears
to be comparable to, or even more pronounced than, the impact of temperature.

The successful application of traditional ML models, prevalent in the ILs modeling do-
main, does not simply transfer with transition into DL applications, however.
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Figure 5.3: Analysis with LIME of the lignin isolation yield prediction model.
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5.2 Graph Neural Networks and bimolecular systems

The study of GNN adaptation to specificity of ILs requires utilization of large datasets.
Consequently, DS3 including data on density, viscosity, and surface tension was utilized.
Several fundamental questions guided the study. First, how does the use of expertise-
based, cleaned data—even if slightly less reliable—a”ect modeling outcomes? Second,
what are the most e”ective ways to encode ionic pairs (cations and anions) into a graph
structure? Third, to what extent is electrostatic information necessary for the perfor-
mance of GNNs? Fourth, how do structure optimization tools (like Open Babel and
RDKit) influence GNN performance? Finally, what is the potential for enhancing model
performance through the application of transfer learning and fine-tuning? The problems
under investigation in that context are visually summarized in Figure 5.4 (adapted from
publication A1 of the series).

Figure 5.4: Overview of factors and methods investigated in the context of GNN appli-
cations for bimolecular systems

Data reported in the literature often exhibits inconsistencies across di”erent systems.
These discrepancies are frequently attributable to variations in measurement protocols,
fluctuations in water content, and the presence of impurities, all of which can influence the
target values. To ensure data comparability and homogeneity, the original benchmarking
studies implemented rigorous preprocessing informed by domain-specific chemical knowl-
edge. Consequently, the designation ”clean” dataset denotes the dataset following the
specific preprocessing procedures detailed in the original article. Conversely, the term
”raw” dataset refers to the data as initially collected and reported in the original publi-
cations, prior to any critical assessment or refinement.

The predictive performance for density (MAD detection, R2 = 0.955) and surface tension
(R2 = 0.79) was superior when utilizing raw datasets compared to models trained exclu-
sively on curated, clean datasets. This finding suggests that GNN exhibit a high degree of
robustness when processing mislabeled data. This phenomenon can be attributed to the
structural diversity inherent in the raw dataset, which encompasses a broader chemical
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space of ILs. The increased structural heterogeneity allows the GNNs to adapt more e”ec-
tively to the underlying molecular information. Specifically, the exposure to a more diverse
training set facilitates the optimization of convolutional layers, enabling the extraction
of more generalized molecular features. Conversely, the viscosity models demonstrated
a deterioration in statistical parameter performance. This contrasting outcome is likely
attributable to the presence of numerous outliers within the viscosity dataset, where a
subset of data points exhibits magnitudes up to seven orders of magnitude greater than
the mean.

Figure 5.5: GNN models performance by outlier detection method

The modeling framework incorporated charge assignments for systems where the cation
and anion were optimized through both separate and joint procedures. A total of ten
configurations were evaluated, derived from five distinct charge calculation methodologies:
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no charge, formal charges, Gasteiger-Marsili, MMFF94, and QTPIE partial charges. The
results of these evaluations are presented in Table 5.5 (adapted from publication A1 of the
series). While the utilization of formal charges among the graph input yielded marginally
superior metrics, the analysis indicates that the optimization strategy employed for the
ionic liquid molecule exerts a more substantial influence on the model’s performance than
the specific method used for charge calculation.

Table 5.5: Comparison of R2 for separately and jointly optimized representations with
di”erent charge representations.

Charge representation
separately opti-
mized (test set R2)

jointly optimized
(test set R2)

No charges 0.79 ± 0.06 0.74 ± 0.11
Formal charges 0.79 ± 0.05 0.76 ± 0.07

Gasteiger charges 0.78 ± 0.04 0.74 ± 0.11
MMFF94 charges 0.78 ± 0.04 0.73 ± 0.08
QTPIE charges 0.77 ± 0.05 0.72 ± 0.09

The representation of ILs within the graph-based framework was explored through three
distinct methodological approaches. In the first scenario (A), the cation and anion molec-
ular structures were optimized independently, treating each as a separate molecular graph.
These optimized graphs were subsequently integrated into a single matrix structure, where
the cation graph occupied the upper-left quadrant, the anion graph was positioned in the
lower-right quadrant, and the remaining matrix elements were populated with null values.
Conversely, the second scenario (B) treated the cation–anion pair of ILs as a unified graph,
allowing for the simultaneous optimization of the entire molecular structure. To main-
tain structural consistency, atoms originating from the cation were systematically listed
prior to those from the anion. Finally, the third scenario (C) involved performing two
parallel graph convolutions—one dedicated to the cation and one to the anion—rendering
matrix concatenation inapplicable. The scenarios are shown in Figure 5.6. The analysis
indicates that optimal predictive performance was achieved when ILs were modeled as a
single graph, provided that the constituent ions were optimized independently. This sug-
gests that ILs can be conceptually treated as a mixture, where the convolutional layers are
capable of capturing inter-ionic interactions within the interstitial volume. Although the
di”erences in performance across the various modeling scenarios were marginal, particu-
larly when considering the standard deviation, it is noteworthy that the optimal configu-
ration also yielded the lowest standard deviation. Consequently, this modeling protocol
demonstrates the highest degree of reliability.

The fine performance of the aforementioned models builds a foundation for further studies.
Since the GB model operates well with limited dataset (76 records), the model meta-
trained on many gas-ILs systems should also work fine. Similarly, the model on lignin
isolation should form a basis for subsequent modeling of isolation of hemicellulose and
cellulose. They all could benefit from more deep architectures. This was shown to be
limited by dataset size needed for GNN modeling, however. The aspiration to overcome
this limitation raises need for utilization of meta-learning protocols.
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Strategies to express bimolecular systems’ structure with graphs
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Figure 5.6: Scenarios of transitioning from bimolecular structure to graph

5.3 Preliminaries on meta-learning applications

The insights obtained from classical ML formed a basis for studies on few-shot learning.
For this purpose, meta-learning was utilized. In this protocol, two-step approach utilizes
meta-training on similar tasks (e.g. solutes or toxicity endpoints) and adaptation on a
task of interest (test task). This method was applied in preliminary research to dataset
DS1. The task was defined as a prediction of solubility of a particular solute (in the case
of DS1 dataset - gases) in ILs. The meta-training set contained 84 data points in total
for 15 di”erent gases.

The scarcity of data resulted in a need for its augmentation. In total, 27209 simulated
data points for 6 tasks were obtained with COSMO-RS simulations. The utilization of this
data requires an appropriate training protocol, however. A simple merge of simulated and
experimental data might result in conflicts between experimental and simulated structure-
property relationships. Consequently, it was decided to first meta-train the MAML model
with simulated data. This step was crucial for the model to encode physically plausible
relationships. In the second step, the model was further meta-trained with more reliable
experimental data. The two step protocol of meta-training MAML model with synthetic
data is shown in Figure 5.7.

Table 5.6 (adapted from publication A3 of the series) illustrates the application of MAML,
which was meta-trained according to the previously described two-step protocol. Con-
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COSMO-RS

Physical model
(low predictive accuracy)

Artificial data (pre-training)

Meta-learning

Black-box model
(enhanced predictive accuracy)

Experimental data (fine-tuning)

Figure 5.7: Two step protocol of training MAML model with synthetic data

sequently, all models utilized the MF training method, as the computational expense
associated with 3D MD was deemed prohibitive. The e!cacy of the MAML algorithm
was initially assessed using experimental data, where training solely on this dataset yielded
no performance enhancement and resulted in suboptimal model performance (R2 < 0.6).
This poor outcome is primarily attributed to the limited scale of the meta-training dataset,
which caused the adaptation phase to dominate the training regimen, e”ectively mimick-
ing training from scratch, thereby indicating that meta-initialization o”ered no advantage
over a random initialization. Conversely, the incorporation of COSMO-RS predicted val-
ues into the training set significantly improved model performance. In this augmented
scenario, the MAML-based NN model surpassed the performance metrics of the classical
NN model. Quantitative analysis revealed an increase in the training set R2 metric from
0.648 to 0.708. Furthermore, pretraining utilizing simulated data demonstrated a sub-
stantial performance boost, elevating the test set R2 from 0.518 to 0.643, confirming the
algorithm’s capacity to e”ectively leverage simulated data for performance enhancement.
Nevertheless, the MAML models exhibited lower performance metrics when compared to
a baseline NN model augmented with FFV among MD (R2 = 0.643), which achieved
a best-case scenario R2 of 0.833. To enhance the accuracy and generalizability of these
models, the utilization of larger, more robust datasets should be prioritized. Moreover,
expanding the scope of these models by applying MAML to alternative solubility mea-
sures, such as weight or mole fraction, which are prevalent in the literature, is warranted
to broaden their utility in predictive modeling applications.

Table 5.6: Comparison in performance between MLP and MAML (augmented with sim-
ulated COSMO-RS data) for HLC prediction

modeling approach test set R2 test set R2

Multilayer Perceptron (MLP) 0.629 0.636
MLP with FFV descriptor 0.648 0.670

MAML MLP-based 0.590 0.518
MAML MLP-based (two-step protocol) 0.708 0.643

Consequently, the investigation of the MAML method was warranted for larger datasets.
The availability of carbon dioxide solubility data is significantly enhanced when expressed
as a mole fraction of CO2 in ILs. Figure 5.8 (adapted from publication A3 of the series)
illustrates the evolution of the model metrics, specifically R2 and RMSE, as a function
of the adaptation set size. The results demonstrate that the MAML model maintained
a consistent and highly stable training protocol, even when fine-tuned using only 32
samples. This observation suggests that the model was e”ectively trained to facilitate
rapid adaptation to novel problems using limited data. Given that the meta-training
dataset lacked specific data regarding the CO2 mole fraction in ILs, this outcome is an
intriguing finding, indicating that the solubility of novel gases can be successfully modeled
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even with restricted data when employing MAML. When contrasted with the traditional
GB model, MAML exhibits superior performance for adaptation sizes below 256 samples.
However, in regimes characterized by higher data availability, the GB model demonstrates
the capacity to outperform neural network approaches.

Figure 5.8: Metrics of meta-models for gas solubility prediction (adapted for carbon
dioxide task).

The demonstrated e!cacy of MAML when applied to a substantial dataset concerning
gas absorption, characterized by mole fraction, necessitates a broader investigation into
its applicability across diverse domains.

5.4 Attentive meta-learning for toxicity prediction

A promising application for MAML lies in the domain of toxicity prediction. Chemical
toxicity databases, which document measured toxic e”ects across various biological assays,
can be conceptualized as a collection of data where each specific endpoint constitutes an
individual task for a meta-learning model. This framework is particularly compelling
because it enables the meta-model to acquire adaptive capabilities by leveraging prior
meta-training on related or analogous endpoints. However, significant modeling challenges
persist, primarily due to the scarcity of toxicity data, a constraint that is exacerbated when
addressing less frequently studied endpoints. This necessitates an investigation into the
e!cacy of MAML when applied under conditions of severely limited task availability for
meta-training.

The DS5 dataset encompasses data pertaining to four primary toxicity targets: E. coli,
IPC-81, AChE, and Vibrio fischeri. Prior investigations utilized the GB algorithm, pred-
icated on the assumption that decision tree-based methodologies are e”ective for small
sample sizes, typically ranging from 100 to 200 instances. However, the influence of
dataset size on the resulting performance metrics remains insu!ciently explored. This
analysis aims to evaluate the e!cacy of meta-learning as a viable alternative to conven-
tional methodologies.

The benchmarking of molecular representations using the GB algorithm across four tasks
revealed the absence of a universally optimal representation (Table 5.7). While 2D molecu-
lar descriptors and ChemBERTa embeddings demonstrated superior performance in tasks
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such as E. coli and IPC-81, molecular fingerprints proved more e”ective for AChE and Vib-
rio fischeri. To ensure the reliability of the few-shot learning assessment, a representation
capable of consistent performance across all scenarios was prioritized. Consequently, 2D
molecular descriptors were selected for subsequent modeling, as they consistently achieved
R2 values exceeding 0.8 across all tasks, a threshold not met by either transformer em-
beddings or molecular fingerprints.

Table 5.7: Performance of GB models using 2D RDKit descriptors and ChemBERTa
embeddings relative to the molecular fingerprints baseline from [105]. #R2 and percentage
change are computed with respect to the MF baseline.

Test task
MF baseline

(R2)
2D RDKit descriptors

ChemBERTa embed-
dings

#R2 % change #R2 % change

E. coli 0.800 +0.090 +11.3% +0.080 +10.0%
AChE 0.830 ↑0.029 ↑3.5% ↑0.021 ↑2.5%
IPC-81 0.770 +0.038 +4.9% +0.060 +7.8%

Vibrio fischeri 0.870 ↑0.030 ↑3.4% ↑0.096 ↑11.0%

Figure 5.9 illustrates the evolution of performance metrics across varying adaptation set
sizes. The results indicate that the traditional GB method maintains robust performance
when the training set comprises at least 64 samples across the evaluated benchmarks.
This observation is consistent with the established understanding that decision tree-based
approaches are generally e”ective even with limited data; however, their predictive utility
diminishes significantly when the dataset size is substantially reduced. Conversely, MAML
demonstrates the capacity to e”ectively leverage the structure-toxicity patterns acquired
during the meta-training phase.

The performance of the MAML model exhibited variability across the investigated tasks.
This heterogeneity may primarily be attributed to the degree of similarity between the
test tasks and the training tasks, or to the extent of chemical space overlap between
the adaptation and meta-training sets. The former remains di!cult to assess within
the current experimental framework. Two of the endpoints, E. coli and Vibrio fischeri,
are bacterial, and their performance trends may be correlated due to shared biological
characteristics. In contrast, the IPC-81 utilizes rat leukemic cells, while the AChE task
focuses on a specific molecular target.

The AChE toxicity data appears distinct from the other datasets, as it pertains to an en-
zyme rather than a whole organism or cell line. To quantitatively evaluate this distinction,
the Tanimoto similarity was computed for all possible pairs of data points, categorized as
either within-task (same task) or between-task (di”erent tasks), and the resulting values
were averaged. The AChE dataset demonstrated a relatively high within-task similarity
of 0.244 compared to the other tasks, yet it exhibited significant dissimilarity when com-
pared to other tasks, such as a between-task similarity of 0.132 with the E. coli task. This
pronounced distinction suggests that the unique nature of the AChE dataset, character-
ized by both high internal cohesion and low external similarity, may be a contributing
factor to the observed underperformance of the MAML model on this specific task relative
to the others.
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Figure 5.9: Comparison between MAML and GB models (negative metrics values not
shown)

The comprehensive ILTox database encompasses a broader range of data than the sub-
set employed in this study, yet its overall utility remains subject to critical evaluation.
While the dataset is extensive, the coverage of chemical space and biological endpoints
is notably uneven. Specifically, the chemical space covered is often task-specific rather
than providing broad coverage across the most common ILs. Furthermore, despite the full
ILTox dataset containing significantly more tasks (221), the average record count per task
is approximately 8, which is substantially lower than the ⇐ 160 records typically found
in higher-fidelity subsets of the ILTox database. Figure 5.10 illustrates the performance
of MAML models trained under three distinct meta-training scenarios. The baseline sce-
nario (green) utilized four primary tasks from the ILTox database, selected for their high
reliability and data availability. The second scenario (blue) employed a subset of the IL-
Tox database curated to match the endpoint categories (animals, cells, microorganisms,
plants) of a test task. The third scenario utilized the entire ILTox database. The results
indicate that increasing the size of the meta-training set did not consistently lead to im-
proved model performance. In certain instances, such as adaptation to the E. coli task,
the performance di”erences across the scenarios were minimal. Conversely, for tasks like
AChE or Vibrio fischeri, the utilization of the full database resulted in generally inferior
model performance.

The random selection of less frequently investigated tasks from the ILTox database was
employed to validate the predictive capabilities of the MAML model. Specifically, across
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Figure 5.10: Metircs of MAML model utilizing di”erent meta-training datasets (green -
MAML trained using only 4 main tasks, blue - MAML meta-trained using tasks similar
to the test task, pink - MAML pre-trained using all tasks, negative metrics values not
shown)

twelve randomly selected tasks, the MAML model demonstrated qualitative performance
with a MAPE below 40% on ten of the twelve tasks when utilizing an 8-shot adaptation
protocol. When employing a 32-shot adaptation protocol, the MAPE error was in the
range from 17% to 51%.

The observed high standard deviation in metric values for adaptation set sizes of 2, 4,
or 8 samples is attributable to inherent variability in the selection of these sets. This
variability indicates that the model’s predictions are significantly influenced by the specific
compounds included in the adaptation set. To mitigate this impact, a potential strategy
involves reducing the number of trainable parameters. It is hypothesized that while
structure-toxicity correlations may be shared across di”erent endpoints, their relative
significance varies depending on the specific endpoint. Although this assumption simplifies
the problem, the potential benefits of parameter reduction may outweigh the drawbacks
associated with oversimplification and introduced bias. To validate this hypothesis, a
modified variant of MAML, termed Attentive MAML (Att-MAML), was introduced. This
framework incorporates an auxiliary scaling layer within the neural network architecture,
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designed to modulate the feature importance pertaining to a specific endpoint of interest.
Crucially, only the weights associated with this learned scaler are optimized during the
inner loop of meta-training. In contrast, all network weights are updated during the outer
loop of MAML, enabling the model to acquire general structure-toxicity relationships.
During subsequent testing on held-out tasks, the adaptation process adheres to the inner-
loop protocol. Consequently, while traditional MAML focuses on learning an adaptation
strategy (”learning how to learn”), Att-MAML enables the model to learn how to scale
features to adapt the relative importance of structure-toxicity relationships identified
during meta-training, e”ectively adapting the feature importance. A visual representation
of this proposed modification is provided in Figure 5.11.

A. Traditional MAML

Input Hidden Hidden Output

↭ updates

all θ updated

Inner loop

meta-update

Input Hidden Hidden Output

↭ updates

Outer loop

B. Attentive MAML

Input Scaler Hidden Output

↭ updates frozen

θatt

Inner loop

meta-update

Input Scaler Hidden Output

↭ updates ↭ updates

Outer loop

Scaler (always updated) Active parameter Frozen (Inner Loop only)

Figure 5.11: Visual explanation of MAML algorithm and the proposed attentive (Att-
MAML) modification
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The e!cacy of the Att-MAML methodology was evaluated across four primary tasks
utilizing a leave-one-task-out protocol, in contrast to the conventional MAML approach.
As illustrated in Figure 5.12, the comparative analysis between MAML and Att-MAML
demonstrates that the modified protocol facilitates a reduction in the standard devia-
tions of performance metrics, thereby diminishing the model’s reliance on the selection of
adaptation sets. Furthermore, in certain instances, Att-MAML yielded enhanced metric
values. However, this improvement was contingent upon an increased computational cost,
specifically necessitating a prolongation of the meta-training phase due to the requirement
for a greater number of training episodes to e”ectively extract the structural-toxicity re-
lationships.

Figure 5.12: Attentive MAML (red) comparison with traditional MAML (green) (negative
metrics values not shown)

5.5 Task Similarity Aware Meta-Learning

The application of MAML for modeling the toxicity of ILs yielded valuable insights; how-
ever, certain limitations regarding the potential of MAML remain unresolved. Specifically,
the absence of an unambiguous task embedding precluded the quantitative evaluation of
how task similarity influences MAML performance. A fundamental assumption under-
pinning this approach is that the MAML meta-model will exhibit superior adaptability
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to tasks that are structurally similar to those encountered during meta-training. This
assumption is particularly pertinent in the context of solubility prediction, where struc-
turally analogous solutes are expected to exhibit comparable solubility profiles within a
given solvent. To empirically test this hypothesis, the Tanimoto similarity between solute
molecules was employed as a proxy for task similarity. This definition allowed for the
calculation of a pairwise similarity matrix. To assess the degree of similarity of a specific
task relative to the broader meta-training set, the maximum similarity value (i.e., the
similarity to the closest neighbor in chemical space) was calculated for each task. Conse-
quently, a low value for this metric indicates that no similar compounds exist within the
meta-training set, whereas a high value suggests the presence of at least one closely resem-
bling molecule. Based on these derived values, the tasks were subsequently categorized
as either similar or dissimilar to the other meta-training tasks.

To investigate the dependency of MAML performance on the similarity between test
tasks and meta-training tasks, a series of computational experiments were conducted
utilizing tasks from the DS6 dataset. Given that DS6 comprises approximately 110 tasks,
a subset of 12 tasks (representing roughly 10% of the total) was selected for testing.
To enhance the statistical robustness of the sample, a cross-validation-like protocol was
implemented. Specifically, 18 tasks were randomly selected from both the 20 most similar
and the 20 most dissimilar tasks. This selection was further structured into three folds for
task-cross-validation. In this setup, the MAML model was trained on the meta-training
tasks and subsequently adapted using a 128-shot adaptation set for each test task. Each
experimental run consisted of 6 similar and 6 dissimilar testing tasks, totaling 18 tasks
per group across the three folds. The comparative performance between MAML and a
classically trained GNN is presented in Figure 5.13. The relative di”erence in RMSE
error was quantified as (RMSEGNN ↑ RMSEMAML)/RMSEGNN . The analysis revealed
that for the dissimilar task group, the relative error di”erence occasionally exhibited a
larger magnitude. Conversely, for the similar task group, the majority of the relative error
di”erences clustered near zero, suggesting that MAML achieves competitive performance
relative to GNN, despite the latter typically utilizing larger sample sizes than 128 per task.
Furthermore, a non-parametric Kruskal–Wallis test demonstrated that the di”erence in
the relative RMSE error between the similar and dissimilar task groups was statistically
significant (p = 0.04).

The suboptimal performance of MAML on tasks dissimilar to the meta-training distri-
bution indicates a significant challenge in out-of-distribution adaptation. This deficiency
stems from both the inherent limitations of the MAML algorithm and its lower base-
line performance compared to the GNN model. To address this, the Reptile algorithm
was adopted, as its simpler meta-learning structure more closely approximates traditional
GNN training, potentially yielding superior pre-adaptation performance. While transi-
tioning to Reptile necessitated architectural adjustments, particularly regarding batch
normalization stability, the selection was driven by the need for a meta-learning ap-
proach that better preserves the structural feature extraction capabilities of the GNN
model.

The Reptile algorithm was further modified, as shown in Algorithm 3. This algorithm
is designed to facilitate the e!cient training of a model, parameterized by θ, across a
diverse distribution of tasks, p(T ). It constitutes a modification of the standard Reptile
algorithm by introducing a ”Task Similarity Factor” (TSF) to dynamically modulate the
learning rate based on the degree of similarity between the active task and the broader
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Figure 5.13: Relative error di”erence between GNN and MAML by group: similar or
dissimilar tasks

task distribution. The procedure commences with the stochastic selection of a task, T ,
from p(T ). Subsequently, a data batch, Bk, is sampled exclusively from the selected
task T . The similarity between T and all other tasks within p(T ) is then quantified.
The maximum similarity score, denoted as τ , is identified, and the TSF is computed
via the relation: TSF = 2 ↑ max(τ). The final phase involves updating the model
parameters θ by performing a gradient descent step on the loss function LT associated
with the current task and data batch. Critically, this update is scaled by the TSF. These
iterative steps continue until the model exhibits convergence, i.e., its performance ceases
to improve. The TSF serves as a mechanism to regulate the magnitude of the learning
step: when the current task exhibits high similarity to the general distribution (i.e., τ

is large), the TSF is small, resulting in a conservative update that mitigates premature
over-specialization. Conversely, when the current task is highly unique or dissimilar to
the distribution (i.e., τ is small), the TSF is large, enabling a more aggressive adaptation
to the specific characteristics of that task.

Algorithm 3 The Task Similarity Aware Reptile algorithm

Require: Task distribution p(T ), LR α

1: Initialize parameters θ

2: while not converged do

3: Sample task T ⇐ p(T )
4: for k = 1 to K do

5: Sample data batch Bk from T
6: τ ↘ {Tc(T , t̃) : t̃ ↗ p(T )}
7: TSF ↘ 2 ↑ max(τ)
8: θ ↘ θ ↑ α≃θLT (θ; Bk) · TSF
9: end for

10: end while

The core mechanism of the proposed algorithm involves modulating the loss function by
a task similarity factor, as illustrated in Figure 5.14. Conceptually, the procedure entails
randomly selecting a task and subsequently computing the similarity of its associated
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solute molecule against all other meta-training solutes. The resulting vector of similarity
scores is then aggregated into a scalar value via a maximum operation. To enhance com-
putational e!ciency, this scalar is pre-computed to circumvent the overhead associated
with pairwise calculations during training. This pre-computed value serves as a scaling
factor applied to the loss function. Specifically, in its most straightforward linear formu-
lation, the scaling factor is defined as 2↑ max(similarity). Consequently, tasks possessing
highly similar analogs are assigned a loss value approaching unity, whereas dissimilar tasks
are assigned higher weights, thereby promoting a more robust and flexible neural network
architecture following the meta-training phase.

Task Similarity Aware Meta-Learning

Meta-Training Tasks

S

OH

sample task

Target Solute
CH3

Toluene

Task Similarity

S

OH

0.91

0.62

0.25

0.12

ts scaler = 2 - 0.91
2−max(similarity)

Pseudocode (PyTorch style)

optimizer.zero grad()

out = model(input)

loss = crit(out, y) * ts scaler

loss.backward()

optimizer.step()

Figure 5.14: Visual explanation of Task Similarity Aware Meta-Learning

The TSA-Reptile model was designed to address the modeling of dissimilar tasks. By
employing loss scaling, the network was prevented from overfitting to the adaptation of
the average task, thereby facilitating superior adaptation to out-of-distribution tasks rela-
tive to the training set. This approach was validated across six distinct tasks, specifically
concerning the activity coe!cients of 2-propanol, tert-butylethyl ether, diethyl ether,
methanol, water, and acetonitrile within the context of ILs (Figure 5.15). The empir-
ical results demonstrated that the TSA-Reptile model exhibited superior performance
compared to the MAML algorithm on five of the six evaluated tasks.

The scaling of the loss function in the TSA-Reptile framework necessitates further investi-
gation. Several scaling strategies could be considered. The linear scaling approach, which
was previously detailed, represents the most straightforward option. Alternative scaling
mechanisms include exponential scaling (exp(↑S)) or inverse scaling (1/S) with respect
to the similarity S to the meta-training task. Figure 5.16 illustrates the comparative
performance of these variants against the MAML method across both similar and dissim-
ilar tasks. For tasks exhibiting similarity to the meta-training tasks, the MAML method
demonstrates a significant performance advantage over the Reptile-based approaches, sug-
gesting that MAML’s capability to adapt to tasks resembling the meta-training set is a
contributing factor. Conversely, dissimilar tasks yield divergent results. Across all TSA-
Reptile variants employing distinct scaling functions, the performance metrics are largely
comparable, with the inverse scaling variant exhibiting a marginal superiority over the
other configurations.
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Figure 5.15: Performance Comparison of MAML and TSA-Reptile by Compound



58 CHAPTER 5. SUMMARY OF RESULTS AND DISCUSSIONS

Figure 5.16: Performance Comparison of MAML and TSA-Reptile by Compound



Chapter 6

Conclusions

This dissertation addresses a critical bottleneck in computational chemistry: the opti-
mization of machine learning and deep learning models under data-limited regimes. By
addressing the inherent challenges of data scarcity in chemoinformatics, this work de-
lineates distinct pathways for advancing both chemical modeling applications and the
underlying computational methodologies. Through a sustained investigation into ionic
liquids, deep learning architectures, and meta-learning strategies, it was demonstrated
that significant progress can be made even when training data is limited.

The primary application of this research concerns the optimization of scientific research in
solvent discovery. It was demonstrated that a novel descriptor could be proposed to signif-
icantly enhance the quality of non-linear models for carbon dioxide solubility prediction.
Through the utilization of association rules, it was revealed that specific combinations of
moieties that favor both microscopic (free volume) and macroscopic (Henry’s Law Con-
stant) properties describing sorption. Crucially, this study validates the concept that
association rules provide reliable guidance on beneficial ion pairs favoring solubility. Al-
though chemical interpretation was not the sole objective of the primary modeling tasks,
it was shown that these show cases o”er a validated interpretative tool that can influence
future research in areas where model interpretation is an e”ective means of drawing con-
clusions. This includes research on lignin isolation, where the interpretability of model
predictions served as a validation of the models’ rationale. Furthermore, the proposed
pipeline proposed is su!ciently robust to serve as a foundational basis for subsequent
community e”orts on modeling lignin isolation with deep eutectic solvents.

Regarding the computational methods, a major e”ort was devoted to deep learning ap-
proaches for bimolecular systems. While graph priors remain influential in chemical mod-
eling, a gap in how to apply them to bimolecular systems was addressed. This work
involved reviewing the literature and benchmarking known and newly proposed methods
to represent ionic liquids as graphs, alongside an evaluation of data quality.

Regarding the meta-learning approaches, domain-specific adaptations to the meta-learning
approaches have been proposed. In toxicity prediction, introduction of a bias to MAML
based on structure-toxicity shared between endpoints was introduced. This resulted in a
model that learns only latent feature importance during adaptation. Similarly, in sorp-
tion modeling, it was suggested that adapting a model is easier when similar tasks (as
approximated via the Tanimoto coe!cient between solutes) are utilized in meta-training.
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Consequently, task similarity-based scaling of the loss function was implemented to in-
crease the performance of the Reptile model on dissimilar, out-of-distribution tasks.

Ultimately, this research contributes to both the applications and methods of chemoinfor-
matics. I demonstrate that leveraging chemical similarity between target molecules serves
as a powerful proxy for task similarity, resolving the challenge of assessing similarity in
tasks that vary significantly. By improving meta-learning approaches, it was demonstrated
how the structure of bimolecular systems should be expressed with graphs. These con-
tributions validate that low-data ML is not only feasible for complex molecular systems
but also capable of providing explainable insights that align with chemical intuition. This
thesis proves that with the right architectural and learning adjustments, deep learning
can o”er robust, interpretable tools for solving emerging challenges in chemistry.
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