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Abstract

Proteins, the central building blocks of life, play pivotal roles in nearly every biological func-

tion. To do so, these macromolecular structures interact with their surrounding environment

in complex ways, leading to diverse functional behaviors. The prediction of these interac-

tions, especially those involving protein-protein interfaces and other molecular interactions,

has long been a major challenge in the field of structural biology. However, with the recent

surge in advanced computational methods, we are now on the brink of making significant

breakthroughs.

I developed the Protein Structure Transformer (PeSTo), a deep learning method that leverages

a novel operation called geometric transformers. PeSTo only requires as input the atomic co-

ordinates and element names of the structure. This general approach allows the model to be

applied to many different tasks without requiring any computationally expensive data pro-

cessing. The method demonstrated an impressive performance in accurately predicting the

protein-protein binding interfaces, outperforming the state-of-the-art methods. I extended

PeSTo to predict protein binding interfaces in general, detecting and distinguishing protein

interfaces with nucleic acids, ligands, ions and lipids. I also show that PeSTo can be spe-

cialized for the prediction of interfaces with specific molecules such as carbohydrates and

cyclodextrins.

The defining advantages of PeSTo are its low computational cost and robustness. Unlike

many existing tools, PeSTo allows for high-throughput processing of structural data, includ-

ing molecular dynamics ensembles. This ability to process large amounts of data efficiently

enabled us to predict binding interfaces for all AlphaFold predicted structures. This ensemble

of binding interfaces, which we call the “interfaceome”, has the potential to help the identifi-

cation of protein binding domains and accelerate research.

Beyond protein interacting interface prediction, PeSTo has been applied to another challeng-

ing problem in protein design: the prediction of protein sequences from backbone scaffolds.

The newly trained model, called CARBonAra (Context-aware Amino acid Recovery from Back-

bone Atoms and heteroatoms), performs on par with the state-of-the-art methods for the

in-silico sequence recovery rate. Unlike other methods, CARBonAra is able to predict amino

acid sequences from a backbone scaffold with other non-protein atoms such as nucleic acids

and ligands. This ability to consider non-protein entities in the design of protein sequences

opens a myriad of possibilities, including the design of proteins that can interact with spe-

cific molecules, such as nucleic acids, leading to potential applications in therapeutics and
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Abstract

biotechnology.

The potential of PeSTo expands as the available protein structure data, or the "foldome", con-

tinues to grow. Given the rapid advancements in structure determination techniques, such as

cryo-EM, the foldome is expected to expand significantly in the coming years. Complement-

ing this, AlphaFold serves as a tool for bridging the gap between sequences and structure.

The ability of PeSTo to utilize these expanding resources will further enhance the scope of

applications.

In conclusion, the development of PeSTo represents a significant leap forward in the applica-

tion of deep learning in structural biology. It not only provides an efficient and accurate tool

for predicting protein interactions, but also opens a new frontier in protein design consider-

ing non-protein entities. By leveraging the rapidly expanding protein structure data, PeSTo

holds vast potential for a broad spectrum of applications in structural biology and material

science.

Keywords: structural biology, deep learning, protein-protein interactions, protein binding

interfaces, protein design, inverse folding problem, geometric transformers
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Résumé

Les protéines, en tant qu’éléments centraux de la vie, jouent un rôle essentiel dans presque

toutes les fonctions biologiques. Ces structures macromoléculaires interagissent avec leur

environnement de manière complexe conduisant à divers comportements fonctionnels. Un

des défis majeurs dans le domaine de la biologie structurelle a longtemps été de pouvoir pré-

dire les domaines impliqués dans ces interactions, essentiellement avec d’autres protéines

mais également avec d’autres molécules. Maintenant, grâce à la poussée des récents progrès

faits dans les méthodes computationnelles, nous sommes sur le point de faire une avancée

significative.

J’ai développé le Protein Structure Transformer (PeSTo), une méthode d’apprentissage pro-

fond (deep learning) qui exploite une nouvelle opération appelée transformation géo-

métrique (geometric transformers). PeSTo ne nécessite en entrée que les coordonnées

atomiques et les noms des éléments d’une structure. Cette approche générale permet

l’application du modèle à diverses tâches, sans nécessiter de calculs couteux dans le trai-

tement des données. La méthode a démontré une performance impressionnante dans la

prédiction précise des interfaces d’interaction entre protéines, surpassant les méthodes de

pointe. J’ai étendu PeSTo à la prédiction des interfaces de liaisons protéiques en général, per-

mettant ainsi la détection et la discrimination entre les interfaces impliquées dans la liaison

avec des acides aminés, ligands, ions ou lipides. J’ai aussi montré que PeSTo pouvait être

adapté dans la prédiction d’interfaces avec des molécules spécifiques tel que les glucides et

les cyclodextrines.

Les avantages caractéristiques de PeSTo sont son faible coût de calcul et sa robustesse.

Contrairement à de nombreux outils existants, PeSTo permet un traitement à haut débit des

données structurelles, notamment les ensembles de dynamique moléculaires. Cette capacité

à traiter efficacement de grandes quantités de données nous a permis de prédire les inter-

faces de liaison pour toutes les structures prédites par AlphaFold, que nous appelons «inter-

faceome». Cet ensemble d’interfaces de liaisons, a le potentiel de permettre la découverte de

protéines d’intérêt et d’accélérer la recherche.

Au-delà de la prédiction des interfaces de liaison, PeSTo a aussi été appliqué à un problème

épineux dans le domaine de conception de protéines (protein design) : la prédiction des sé-

quences en acides aminés à partir de l’échafaudage du squelette protéique. Ce nouveau mo-

dèle, nommé CARBonAra (Context-awareAmino acid Recovery from Backbone Atoms and he-

teroatoms), fonctionne à la hauteur des méthodes de pointe en ce qui concerne le taux de ré-
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Résumé

cupération de séquences in-silico. Mais contrairement à d’autres méthodes, CARBonAra est

capable de prédire la séquence en acides aminés à partir d’un échafaudage du squelette pro-

téique avec des atomes non-protéiques, tel que des acides nucléiques ou des ligands. Cette

capacité à prendre en compte des entités non-protéiques dans la conception de séquences

protéiques ouvre une multitude de possibilités, y compris dans la conception de protéines

pouvant interagir avec des molécules spécifiques telles que les acides nucléiques, condui-

sant à de potentielles applications thérapeutiques et biotechnologiques.

Le potentiel de PeSTo se développe avec l’expansion des données structurelles des protéines,

ou «foldome». Étant donné les avancées rapides du développement des techniques dans la

détermination des structures protéiques, tel que la cryo-EM, on s’attend à une expansion

significative du foldome dans ces prochaines années. A cela s’ajoute des outils tels que Al-

phaFold qui permet de faire le lien entre la séquence et la structure. La possibilité de PeSTo

à intégrer ces ressources en développement permettra encore d’élargir la portée de ses appli-

cations.

En conclusion, le développement de PeSTo représente une percée notable dans l’application

des méthodes d’apprentissage profond en biologie structurelle. PeSTo fournit non seulement

un outil efficace et précis pour la prédiction des interactions protéiques, mais ouvre égale-

ment la voie à la conception de protéines en tenant en compte des entités non protéiques.

En exploitant les données en expansion rapide des structures protéiques, PeSTo possède un

vaste potentiel permettant le développement d’un large spectre d’applications en biologie

structurelle et science des matériaux.
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1 Introduction

1.1 Structural Biology

Proteins are the workhorses of the cell, playing crucial roles in virtually every biological pro-

cess. They serve as enzymes that catalyze biochemical reactions, provide structural support,

function as transporters, and perform myriad other tasks that are essential for life. Under-

standing proteins is central to biology, as they are the building blocks of cellular function and

the ultimate executors of genetic information[1].

Over the past two decades, structural biology has risen as a key field within biology, offering

unparalleled insights into the molecular architecture of proteins[2]. It moves beyond the one-

dimensional string of amino acids that make up a protein to provide a three-dimensional

view, revealing how proteins fold, interact, and function at the molecular level. These three-

dimensional structures offer critical insights into the function of proteins, their interactions

with other molecules, and provide a foundation for drug discovery, among other applications.

Structural biology has not only advanced our understanding of fundamental biology but has

also provided actionable insights for medical research. The advent of technologies like X-ray

crystallography, Nuclear Magnetic Resonance (NMR) spectroscopy, and more recently, Cryo-

Electron Microscopy (Cryo-EM), has revolutionized the field, enabling researchers to visual-

ize proteins and other biomolecules at atomic resolution. This has had a profound impact

on drug discovery, disease understanding, and even biotechnology. Given its significance

and the advances made in recent years, structural biology is positioned at the forefront of

biological sciences[3].

1.1.1 Sequence, Structure, Function

Structural biology is a field that examines the molecular structure of biological macro-

molecules, particularly proteins, and their relationship to function. The fundamentals of

structural biology are encapsulated by the sequence-structure-function paradigm, as illus-

1



Chapter 1. Introduction

trated in Figure 1.1.

Proteins are composed of a sequence of amino acids that fundamentally determines struc-

ture and function. The way this chain folds creates its 3D structure, which is dictated by the

thermodynamics of interactions among amino acids and their environment. The solvent and

thermal fluctuations drives the folding process[4, 5].

The encoding of protein structures in this sequence space strikes a good compromise be-

tween consistency, diversity and similarity. Specific sequences reliably fold into a unique 3D

structure. The diversity in the amino acid chemistry results in a large structural and func-

tional space. On the other hand, the chemical similarity between some amino acids allows

for the gradual sampling of proteins through mutations allowing not only the optimization

of proteins, but also the creation of novel specific functions. Proteins with similar sequences

often results in similar structures, harboring similar or different functions[6, 7].

Sequence Structure Function

Folding Binding

Figure 1.1: Illustration of the relationship between sequence, structure and function. The se-
quence describes the content and order of amino acids from the amino terminal of the protein, called
the chain of amino acids. This protein chain of molecules folds into a specific structure. The structure
in turn determines the function of the protein. In this illustration, the protein performs its function
by binding to a given partner.

Protein sequences have been studied through an evolutionary lens which resulted in many

breakthroughs over the decades. However, the sequence is not the closest causal link to the

function. It can therefore be vulnerable to the correlation against causality problem. There-

fore, protein structures have been studied to better understand the fundamental mechanism

involved in protein stability and interactions with its environment such as the solvent, other

proteins, membranes, nucleic acids and other molecules[7].

1.1.2 Protein structure

The organization of proteins is subdivides into four levels. The primary structure is defined

as the amino acid sequence of the chain. The secondary structure describes the local arrange-

ments such asα-helices andβ-sheets, common patterns of folding driven by hydrogen bond-

ing between backbone atoms. The tertiary structure refers to the overall three-dimensional
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shape of the protein, defined by the arrangement of secondary structural elements and the

spatial positioning of individual amino acids. Finally, the quaternary structure refers to the

assembly of two or more protein subunits which can be identical or different. These different

levels of structure, from the amino acid sequence to the assembled protein complex, provide

a more detailed understanding of how protein structure relates to function.

Over decades, various experimental methods, including X-ray crystallography, NMR spec-

troscopy, and most recently, Cryo-EM, have been developed to elucidate these complex

structures[3]. The structure of a protein is far from static; protein dynamics plays a vital role

in function, often involving conformational changes. As we explore the structure-function

paradigm, we understand that interactions are crucial, which leads us to the next level of

complexity: protein interactions.

1.1.3 Protein interactions

Similar to cogs within a complex mechanism, proteins rarely function in isolation in cells.

They cost energy to the cell to produce and have specific roles. They can have among others a

structural role, catalyze chemical reactions, coordinate cell signalling pathways or transport

molecules. To perform these tasks, they interact with other proteins, nucleic acids, small

molecules, and other cellular components. These interactions can be transient or stable, and

they have significant implications on the protein function[8].

Ultimately, the function of the protein is the most interesting. Understanding what a protein

does in a living cell or an organism is a fundamental yet not simple question. Knowing the

function of a protein in isolation often does not tell us how it functions in a living organism.

However, knowing the interacting partners allows us to understand the biological context in

which the protein is acting. This is of particular importance when considering diseases. For

example, genetic disorders and cancers are often due to malfunction of proteins that have

lost or acquired different binding partners leading to pathogenic consequences. Likewise,

foreign agents interact with cellular proteins. Therefore, the understanding of the biologi-

cal context of a protein is crucial in targeting and designing therapeutics against different

diseases[9].

1.1.4 Structure modeling

Numerous computational methods have been developed to model and study protein struc-

tures, each with its unique advantages and applications. One such approach is molecular

dynamics, which is primarily employed to understand the intricate behavior of proteins in a

biological context[10]. This method simulates the motion, interactions, and conformational

changes of proteins over time, providing insights into their function and interaction mech-

anisms. More generally, integrative modeling takes advantage of multiple types of compu-

tational methods and experimental evidence to model large protein complexes. By lever-
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aging diverse data sources, integrative modeling can construct more accurate and reliable

models, particularly for large or dynamic systems where single-method approaches may fall

short[11].

The field of structural biology has seen a remarkable increase in available data, largely due to

advancements in techniques like X-ray crystallography, nuclear magnetic resonance (NMR),

and cryo-electron microscopy. Most of the known protein structures have so far been ob-

tained by X-ray crystallography. This method yields a high resolution structure; however the

structure represents a static form of the protein. The two other techniques, less widely used

so far, provide information about the dynamics and intermolecular interactions of a complex,

while the resolution due to the intrinsic noise of these methods is lower. This abundance of

data, including much larger set of sequences with experimentally unknown fold, is especially

conducive for deep learning methods, which require large datasets to train accurate models.

The confluence of extensive structural biology data with advanced deep learning algorithms

offers a powerful combination for tackling complex biological challenges, ranging from pro-

tein structure prediction (AlphaFold[12]), inverse folding problems (ProteinMPNN[13]) and

protein binding interface prediction (MaSIF-site[14]).

1.2 Deep Learning

1.2.1 Model, Loss, Optimizer

In the domain of machine learning and deep learning, the model, loss, and optimizer are the

tree main components, as illustrated in Figure 1.2.

Model

Loss
Optimizer

Input Output

Target

"cat"

"dog" ✗

✓

∇

Figure 1.2: Illustration of a general deep learning framework. First, the model can be thought
of a black box that can approximate any mapping from an input to an output. However, the model
contains parameters that can be tuned to obtain a desired output. Then, the loss or objective function
measure how far the output of the model is from the expected target. In conjunction with the model,
the loss defines the optimization landscape of the system. Finally, the optimizer describes how to
modify the parameters of the model to reduce the loss.
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Starting with the model, it can be thought of as a function. It takes an input, processes it, and

then outputs a result. The goal is to have this model transform the inputs into desired out-

puts, which usually represent some kind of prediction or classification based on the data the

model was trained on. Models possess properties of interpolation and extrapolation, which

refer to their capacity to predict outputs from inputs that are within or outside the range of

the training data, respectively. However, models can encounter problems like underfitting

and overfitting. Underfitting refers to a model’s lack of fit to the training data, implying that

the model fails to capture the underlying patterns, while overfitting suggests the model is so

closely fit to the training data that it fails to generalize well to unseen data. The complexity

of the model, governed by parameters or degrees of freedom, can be optimized to mitigate

these issues[15].

The next piece of the puzzle is the loss function. It is essential as it defines the objective of

a task. In essence, it quantifies the deviation of the predicted output from the actual out-

put, thereby measuring the quality of a model. A lower loss indicates a better model, hence,

the objective of optimization is to minimize this loss function. Furthermore, the loss func-

tion allows us to compare different models, serving as a metric to gauge their performance.

However, defining a loss function can be challenging because it greatly depends on how well-

defined the task and objectives are. The ideal loss function accurately reflects the priorities

and requirements of the model’s task.

The final component is the optimizer, which outlines the strategy to improve the model fol-

lowing the defined loss. The goal of an optimizer is to adjust the parameters of the model

such that the loss is minimized. The space of optimization is defined by the tunable param-

eters within the model, forming a multidimensional landscape where each point represents

a specific configuration of parameters. The optimizer navigates this landscape guided by the

loss function. It iteratively updates the model parameters in a direction that leads a mini-

mization of the loss function. By doing so, it improves the performance of the model until it

reaches convergence.

1.2.2 The rise of deep learning

The impressive progress and popularity of deep learning in the world of artificial intelligence

are attributed to several critical theoretical and technical advancements[16]. One of the fun-

damental breakthroughs in deep learning was the discovery of backpropagation. This algo-

rithm, which is used during training, efficiently computes the gradient of the loss function

with respect to the weights in the network. This concept was further advanced with the de-

velopment of programming frameworks that can automatically compute gradients. These

frameworks, such as PyTorch[17] and TensorFlow[18], store computational graphs represent-

ing the operations performed during forward propagation, as illustrated in Figure 1.3.
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x

W b

z pMatMul Add ActFcth

Figure 1.3: Illustration of the computational graph of a single layer neural network. The input x
undergoes a series of operations, namely matrix multiplication (MatMul), addition (Add), and a non-
linear activation function (ActFct), to produce the output or prediction p. Intermediate outputs h
and z are referred to as hidden states. The learnable parameters of the model are W (weights) and b
(bias). To enable backpropagation, all operations must be differentiable. Parameters are optimized
using gradient descent, leveraging the chain rule for gradient computation in an algorithm called
backpropagation[15].

Moreover, these computational graphs can be compiled and optimized for better perfor-

mance. The power of deep learning models comes from their ability to learn complex re-

lationships, but this requires substantial computational resources. The ability to optimize

these computations for specific hardware has proven to be a major contributor to the suc-

cess of deep learning. Graphical processing units (GPUs) was the perfect catalyst for the deep

learning revolution. Initially designed to handle the computational demands of video games,

GPUs have found a new purpose in powering the intensive calculations required by deep

learning models. The parallel processing capabilities of GPUs are particularly well suited to

the matrix and vector operations that are at the core of deep learning[19].

In conclusion, these key elements, backpropagation, automatic computation of gradients

through stored computational graphs, the ability to compile and optimize these graphs and

the use of GPU computing, have all been critical to accelerate the development, research and

applications of deep learning. Each of these milestones enabled to make deep learning the

powerful tool that it is today.

1.2.3 Designing neural networks architecture

When designing neural network architectures, several choices need to be made to build a

model that will perform the specific task effectively. These decisions include identifying what

aspects the model should learn directly from the data, and what aspects should be guided by

the expert knowledge of the designer. The type of model chosen for the task will depend on

the problem at hand, and might involve different flavors of neural networks, which will be

discussed later. An equally critical consideration is the selection of a suitable loss function, a

process often termed "loss engineering", which sets the benchmark for model performance.

Finally, the optimizer needs to be chosen, which will guide the way the model adjusts its

parameters to improve performance.
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Neural networks, the cornerstone of deep learning, can be seen as an extension of linear

models. They chain together multiple linear operations with non-linear activation functions

to transform input data into a desired output. The parameters of these models represent

the "knowledge" they have learned about the mapping from inputs to outputs. Single-layer

neural networks, or perceptrons, are universal approximation function, given enough param-

eters. However, deep learning models opt for multiple layers to provide increased complexity

and flexibility in the mapping[15].

Multiple layers in a neural network model constrain it to learn the desired output progres-

sively. In other words, the model learns the process instead of memorizing the data. For

instance, the analysis of the weights in a convolutional neural network (CNN) reveals how

the network learns to detect edges, progressively evolving towards recognizing more com-

plex and abstract shapes. The memorization is instead within the type of shape the model

has to detect for a given task[16].

In the realm of deep learning, the choice of optimizer is somewhat constrained due to compu-

tational costs. Most optimizers used are variants of the Stochastic Gradient Descent (SGD),

with the Adaptive Moment Estimation (Adam)[20] being one of the most popular and well-

tested choices. In essence, the optimizer determines how the model will navigate the land-

scape of its parameters, seeking the path that will minimize the loss function and enhance its

predictive performance.

1.2.4 Flavors of neural networks

Neural networks, in their underlying concept, are deceptively simple yet remarkably power-

ful. This strength stems from a combination of linear operations with non-linear activations,

all linked together in a chain. The way these operations are assembled opens up an array of

different neural network methods, each with its unique domain of application. The multi-

tude of neural network types can be understood from a data structure perspective. The spe-

cific transformations and manipulations performed on the data within these networks are

directly influenced by the architecture of the network itself, as illustrated in Figure 1.4. The

properties of the data structure also contain information and assumptions on how quantities

are connected.

Classical neural networks, also known as multilayer perceptrons[21] (MLPs), view data in a

straightforward manner. An MLP with N inputs and M outputs treats each of the N channels

as independent sources of data, and the M channels as independent data outputs. However,

this simple approach is not always adequate for complex data types like images. Convolu-

tional neural networks[22] (CNNs) are specifically designed to process grid-like data, such as

images, where spatial relationships are crucial. Images, viewed as a 2D grid of pixels, retain

specific patterns and structures that get lost if the image is transformed into a 1D array or

shuffled. CNNs process information about neighboring pixels using parameter kernels and

convolutions, and are specifically tuned for image data, making them more efficient at han-

7



Chapter 1. Introduction

dling this type of data[16].

CNN GNN RNN

Figure 1.4: Illustration of different types of neural networks. Convolutional neural networks (CNN)
are optimized for image data, utilizing convolution operations to capture local patterns in the data.
Graph neural networks (GNN) work on graph-structured data, accommodating heterogeneous rela-
tionships within the data. Recurrent neural networks (RNN) maintain an internal memory-like state,
making them suitable for time series data with an intrinsic direction.

Graph neural networks (GNNs) are a class of machine learning algorithms designed to man-

age complex data structures where the relationship between elements can be more diverse

than simple linear sequences or two-dimensional grids. They are particularly efficient in cap-

turing global properties of the entire graph, such as community structure, or local properties

like the roles and groups of individual nodes. This ability to understand and represent intri-

cate relationships within complex networks is central to their utility. One key domain where

these models come into play is in working with graph-like structures, such as molecules in

chemistry or biology, where atoms are nodes and bonds are edges[23].

Recurrent neural networks (RNNs), including Long Short-Term Memory (LSTM)[24] and

Gated Recurrent Unit (GRU)[25], are particularly adept at processing sequential data. These

networks are designed with the inherent assumption that the data is organized in a one-

dimensional array of variable length and ordering direction. Their unique architecture allows

them to retain information from previous elements in the sequence and use this to influence

the processing of the next elements. This memory-like characteristic is what enables them

to handle complex temporal dynamics and dependencies. They shine especially when tem-

poral relationships are crucial, making them perfect for applications like natural language

processing or time-series analysis. This ordering could represent time in the case of a time-

series, or the sequence of words in a sentence for natural language processing[16].

In order to tackle the intricate task of managing long-range dependencies in text, the Trans-

former architecture was introduced. This powerful model was specifically designed to over-

come the limitations of traditional recurrent models when it comes to processing sequences

with long-term dependencies. At the core of the Transformer architecture is the atten-

tion mechanism[26], which dynamically assigns different weights to different words in a se-

quence, as illustrated in Figure 1.5. This implies that while processing a specific word, the

model can take into account all other words in the sequence simultaneously. The result

is a model that is not only more efficient at handling longer sequences but also better at
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capturing the intricate relationships within them. As a result of these innovative features,

Transformer models have significantly improved performance on tasks like language transla-

tion and text generation, where understanding the context from all parts of the sequence is

key. This has effectively broadened the horizons of natural language processing and machine

learning as a whole[27, 28].

"the" "cat" "is" "eating"

values

input

keys

query

v1

k1

q1

k2 k3 k4

v2 v3 v4

attention

output

A⋅

⋅

z

Figure 1.5: Illustration of the attention mechanism. From each word in a sentence, a value and key
are encoded usually using a neural network. Similarly, one or multiple queries can be encoded from
the same word in the case of the self-attention or from an external context. The key represents the
embedding of a word that can be retrieved by a query when required. Keys and queries can be viewed
as vectors in a high dimensional space; the attention put on a word is related to the cosine similarity
of the key and query. For instance, in this example, if the query requires the subject of the sentence,
more attention will be put on "cat" than on the other words.

In conclusion, neural networks can be tailored to suit specific tasks, making them versatile

tools in the realm of machine learning. The design of these networks requires a certain level

of expert knowledge to make correct assumptions about the task and the nature of the data.

Once the framework is defined, the model can be trained and optimized to perform the task

efficiently. Instead of making assumptions about the underlying model describing the data

(e.g., linear, exponential), we can think more generally in terms of data structure, symmetry,

and relationship between variables.

1.3 Deep Learning in Structural Biology

Deep learning has made considerable strides in structural biology, driving progress in areas

that were previously challenging. The application of deep learning to this field arises from the

recognition that protein structures exhibit patterns that can be learned and predicted by deep

learning models. Existing deep learning approaches have brought us closer to understand-

ing the complexity of protein structures. These methods range from predicting secondary

structure, solvent accessibility, contact maps, to the tertiary structure of proteins.

The use of machine learning methods was accelerated by the availability, quantity and qual-

ity of datasets. The RCSB PDB contains more than 200’000 structures[29] and UniProt[30]

contains just under 250 millions sequences as of August 2023. Given the rapid advancements

in structure determination techniques, such as cryo-EM, the foldome is expected to expand

significantly in the coming years. This database has driven the development of many deep
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learning methods, most notably protein structure prediction methods such as AlphaFold[12].

1.3.1 Key concepts

Protein structure representation

Protein structures can be represented in multiple ways: surfaces describing electrochemical

properties, volumes using voxels of densities, graphs of connected atoms or point clouds, as

illustrated in Figure 1.6. The choice of a representation for a specific problem is important as

it will affect the overall effectiveness of a machine learning model[31].

Protein

Structure

Graph / Point cloud

Surface

Volume

Figure 1.6: Illustration of various protein structure representations. A graph or point cloud of
atoms provides the most detailed view, capturing both connectivity and spatial distribution of atoms.
The surface representation depicts the parts of the structure that are accessible to a solvent. The vol-
ume representation uses image-like voxel-based segmentation to show density within the structure.

Surface representations of proteins provide a view of the electrochemical properties. This

approach maps the topology of the protein, displaying the ridges, pockets, and crevices that

play a vital role in biological interactions. By highlighting the areas of different charges and

polarities, it can be useful in understanding protein-protein interactions, ligand docking, and

overall protein function.

Volume-based representations make use of voxels to depict protein densities. This is akin
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to a 3D version of pixels, where each voxel contains information about the protein struc-

ture within that small portion of space. This volumetric representation allows for a detailed

rendering of the protein’s interior and exterior, thereby providing a comprehensive 3D under-

standing of its structure.

Graph-based representations of proteins turn the attention to the interconnected nature of

atoms within the molecule. In this approach, each atom is considered a node, and the bonds

connecting them are represented as edges. This format is particularly suited to graph neural

networks, offering a powerful approach to explore the relational information embedded in

the protein structure.

Finally, point cloud representations view proteins as a collection of points in a 3D space, each

point corresponding to an atom or a specific part of an amino acid. This method is advanta-

geous for its simplicity and ability to handle large structures efficiently. While it lacks explicit

connection information unlike the graph representation, it captures the spatial distribution

and local structural motifs, making it a valuable tool in protein structure analysis.

Choosing the right representation for a specific problem in protein structure analysis is a

crucial step. It should align with the nature of the problem, the available computational re-

sources, and the assumptions made about the data for the machine learning model to per-

form optimally.

Geometric deep learning: importance of symmetry

In essence, geometric deep learning encompasses a broad spectrum of methods that seek

to expand the traditional scope of neural networks by accounting for geometric and spatial

information. These advancements have enabled deeper insights and more accurate predic-

tions in numerous fields where complex geometric relationships play a central role[32]

Scalar quantities of proteins such as the energy or interactions interfaces are intrinsically

independent of the choice of origin for the coordinate system. We say that these quantities

are translation and rotation invariant. Vectorial quantities such as forces or velocities are

invariant to translation but have to transform with the rotation of the reference frame making

these quantities equivariant to rotation, as illustrated in Figure 1.7.
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global

rotation

Figure 1.7: Illustration of invariant and equivariant properties of a protein structure. Certain
quantities within a protein structure are either invariant or equivariant when the system undergoes
a global rotation. Specifically, the identity of the amino acids at the interface, highlighted in red, re-
mains the same despite rotation, making them invariant. On the other hand, vector quantities, as
shown in the illustration, transform according to the applied global rotation, making them rotation
equivariant.

Volumetric representation of proteins uses voxels to discretize the structure into density

based features [33, 34]. The discretization requires a choice of origin and spacing for the grid

of voxels. For each origin, new feature voxels are generated. It means that this representation

is not rotation invariant. The translation invariance can be acquired by setting the origin at

the center of mass of the structure for example. Because quantities which are interesting to

predict are translation and rotation invariant, the model using voxels as input features has to

learn a rotation and translation invariant mapping. In order to learn this mapping, the model

is usually trained on many rotated representations, increasing the training time of the model.

Moreover, to guarantee invariance, the model has to be trained on all rotations which is not

tractable.

Respecting the symmetry of the system is especially important for predicting quantum in-

teractions accurately as shown by multiple methods for predicting energy and forces at the

quantum mechanical level. The ANI-1 [35] neural network uses Behler and Parrinello sym-

metry functions to encode angular features and the SchNet [36] uses continuous-filter convo-

lutions. The energy predicted are translation and rotation invariant and the forces prediction

are rotationally equivariant.

Alternatively, the representation of protein structures can be intrinsically translation and ro-

tation invariant. For instance, representing molecules and protein structures as graphs is

independent of the reference frame. Atoms or residues represent nodes and bonds or inter-

actions are represented as edges. Graph representation of protein structures has been suc-

cessfully applied to the folding quality assessment [37].

One of the most successful approach is to represent protein structures as point cloud. The

most common approach is to define rotation equivariant convolution operations based
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spherical harmonic as introduced by the Tensor Field Networks[38] (TFN). Spherical harmon-

ics are commonly used in Quantum Mechanics for their ability to describe the wavefunctions

of electrons in atoms. The Cormorant networks[39] further improved this idea with Clebsch-

Gordan non-linearity enhancing the degrees of freedom of the model. TFN architectures

have been successful to predict quality of generated protein-protein complexes[40].

Instead of using spherical harmonics, a simpler approach is to define operations applied di-

rectly to vectors and respecting rotation equivariance. The geometric vector perceptron[41]

(GVP) uses linear operations to compose vector features with gating[42]. Graph neural net-

works have been extended to equivariant graph neural network [43].

Transformers

The introduction of transformers showed that recurrent neural networks are not necessary

to process variable size input: attention is all you need[26]. Transformers couple dynamic

input dimension to an arbitrary output dimension using the keys, queries, values principle.

The values are direct or encoded representation of the dynamic input. The keys are a low di-

mensional embedding of the values used as fingerprint for the matching values. The queries

have an arbitrary size of the desired output dimension. They are matched with the keys using

dot-product attention in order to retrieve the corresponding values. The attention mecha-

nism allows the model to dynamically filter information based on the queries, as illustrated

in Figure 1.5. Transformers are heavily used in natural language processing[44].

The extension of the TFN with an attention mechanism on the message passing leads to

the SE(3)-Transformers[45]. It enables the modulation of angular information through the

spherical harmonics. Many successful methods combine transformers and geometric deep

learning. The major breakthroughs come from the field of protein structure prediction.

AlphaFold2[12] integrates attention in the Evoformer blocks and the structure module. The

third track of the RoseTTAFold[46] model uses a SE(3)-Transformer to refine the atom coor-

dinates during folding. The recurrent geometric network[47] (RGN2) leverages the Frenet-

Serret formulas to represent the backbone of proteins.

1.3.2 Highlighted methods and applications

Protein structure prediction

Protein structure prediction was long considered a computationally complex problem, par-

ticularly for proteins without known homologues. Traditional methods struggled to offer

accurate predictions for these types of proteins. However, the landscape of computational

protein structure prediction underwent a significant transformation with the advent of deep

learning technologies, most notably AlphaFold[12], we specifically refer to its latest version,

formerly known as AlphaFold2. AlphaFold was further adapted into AlphaFold-multimer for

predicting the structure of protein complexes[48].
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The efficacy of AlphaFold is heavily dependent on the availability of both structural and se-

quence data. A substantial part of this sequence data comes from UniProt[30], a database

that aggregates and cross-references protein sequences with various sources of experimental

evidences, providing an enriched understanding of a protein’s characteristics. For the prob-

lem of protein structure prediction, the sequences are particularly useful when they are either

functionally similar or evolutionarily related. These sequences offer valuable insights, such

as the evolutionary coupling of amino acids at contact points within the protein structure.

AlphaFold employs deep learning a complex architecture featuring multiple tracks to extract

the relevant information from sequences and predict the 3D structure of the protein folds.

One of the key components is the Evoformer block, which is responsible for processing mul-

tiple sequence alignments (MSA) and pair representations. Another critical module is the

structure module, which utilizes an invariant point attention mechanism. This module gen-

erates a protein structure based on the processed MSA and pair representations.

Following the success of AlphaFold, several other deep learning-based methods have

emerged in the field. Notable among these are RoseTTAFold[46] and ESMFold[49], which

have also contributed to advancements in protein structure prediction prediction.

Protein-protein interfaces prediction

Most biological functions are fulfilled by protein complexes. In these complexes, the pro-

teins interact with each other via interfaces. These interactions can be either stable, which is

mostly the case for structural components or very transient as in the case of signal transduc-

tions. The strength of these interactions can also be modulated by post-translational modi-

fications that affect either binding or the structure of the proteins. Being able to predict the

interaction for two proteins would be useful either to help to understand their function, to

manipulate their interfaces in order to alter their interactions, or finally to understand mecha-

nistic aspects. Moreover, being able to predict a docking interface is an essential step towards

the design of inhibitors.

Multiple machine learning based protein-protein interaction site prediction methods have

been developed. The idea that fingerprints of protein-protein interactions surfaces can be

used to predict interaction sites was introduced by the SPPIDER[50] model. The method

combines features at the residue level with relative solvent accessibility. Since the structure

of the protein is not always known and methods such as PSIVER[51] predicts interaction site

based on the sequence. Finally, IntPred[52] tried to improve upon the existing methods with

random forest algorithm using surface patches and more features.

The molecular surface interaction fingerprinting (MaSIF)[14, 53] method uses geometric

deep learning on surface patches. In this method, proteins are described with geometric and

chemical features of their surfaces. The deep learning model performs convolution opera-

tions on surface patches to obtain learned descriptors that can be used for multiple tasks. For
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instance, MaSIF-site uses the fingerprint descriptors to predict protein-protein interfaces.

Inverse folding problem

The creation of proteins de novo, in order to engineer their properties for specific tasks is a

massive undertaking. This endeavor has far-reaching implications for various fields includ-

ing biology, medicine, biotechnology, and materials science. Traditional physics-based ap-

proaches have shown promise in identifying the amino acid sequences required to fold into

a given protein structure. However, recent developments have witnessed a new player taking

center stage in this field: deep learning.

Deep learning methods have catalyzed a significant advancement in protein design, enhanc-

ing both the success rates and the versatility of the design process[54]. These modern tech-

niques are steadily redefining the landscape of protein design and significantly boosting the

effectiveness of the process.

ProteinMPNN[13] is a particularly noteworthy example of the recent successes of deep learn-

ing. This tool leverages an encoder-decoder neural network to generate protein sequences.

Impressively, these sequences have been proven through experimental validation to fold as

intended. Furthermore, when coupled with denoising diffusion probabilistic models used for

generating protein backbones, ProteinMPNN has shown significant success, as evidenced in

its use within the RFdiffusion[55] method.

In addition to ProteinMPNN, ESM-IF1[56] is another outstanding model. Based on a protein

language model, it is capable of generating a wide range of proteins that extend well beyond

the known universe of natural sequences. Importantly, the model has not only proven ef-

fective in theory, but has also been experimentally validated, demonstrating a high success

rate.

These examples represent just a fraction of the potential deep learning holds in the realm of

protein design. Some models tackle specific tasks, such as the design of protein interacting

peptides, like in the case of MaSIF[14] which specializes in protein surface fingerprints, to a

host of other protein design tasks, deep learning techniques have found extensive application

and are shaping the future of protein design[57]. Given the current trajectory, the integration

of deep learning in the field of protein design promises to yield even more exciting develop-

ments in the future.

1.4 Research Aims

The first and primary aim of my thesis is the development and optimization of a deep learn-

ing method capable of accurately predicting protein-protein binding interfaces. This method

also extends to detect interactions involving other molecules, such as nucleic acids, ligands,

ions, and lipids, to offer a comprehensive understanding of protein interactions.
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The second aim is to explore the potential applications of the developed method, particu-

larly its utility in analyzing large ensembles of structural data and molecular dynamics simu-

lations. This allows for the creation of an ensemble of predicted binding interfaces that can

assist in identifying proteins of interest for various research applications.

The third aim to adapt the capabilities of the method to a different, but equally challenging

problem in the domain of protein design: predicting amino acid sequences from protein

backbone scaffolds, including those with non-protein atoms. The ability to consider non-

protein entities in sequence prediction enriches the field of protein design, opening up new

possibilities in therapeutics and biotechnology.

Altogether, these aims collectively contribute to expanding the toolset available for structural

biology research, offering a method that not only excels in predicting protein interactions,

but also paves the way for innovative applications in sequence prediction and large-scale

structural analysis.
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2 Methods

In this chapter, I will first discuss the dataset used for training our deep learning model. No-

tably, our focus is on structural data, as opposed to sequence data. The emphasis on struc-

tural data allows us to capture higher-order interactions and geometrical properties that are

often not apparent or easily inferable from sequence data alone. This offers a more com-

prehensive understanding of the function, stability, and interactions of a protein with other

molecules such as nucleic acids, ions, ligands or lipids. Moreover, by focusing on structural

data, we are in a better position to model accurately the underlying physical laws that govern

protein folding and protein-protein interactions.

Next, I will discuss the specific implementation choices made to make this project feasible.

Given our focus on structural data, these choices have been tailored to effectively handle and

process complex geometrical and topological information. Following this, I will outline the

new deep learning operations and architectures I developed specifically for handling struc-

tural data. This section will offer insights into how these methods were designed and their

unique capabilities in the context of structural analysis. Then, I will describe the training and

evaluation protocols that I employed. This includes detailing how I optimized and validated

our models, as well as the metrics used for assessment. Finally, I will elaborate on the various

applications where our newly developed methods have been applied. These applications will

serve as practical examples of use case of our approach.

2.1 Dataset

2.1.1 Protein structure database

Within the realm of deep learning, input data is central to the training process. One of the

main resources for this data, especially when working with proteins, is the Protein Data Bank

(PDB). This comprehensive database contains a vast collection of experimentally resolved

protein structures. These structures are determined using various experimental techniques,

such as X-ray crystallography, NMR spectroscopy, and cryo-electron microscopy.
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PDB contains mainly structures obtained by X-ray crystallography and are hence in a non-

native crystal cell structure. This representation does not always reflect the biologically ac-

curate interactions of proteins since in its native environment, the protein might interact

differently than in a crystal lattice. Luckily, the PDB also offers manually curated biologi-

cal assemblies. These structures contain the biologically relevant assembly of biomolecules.

This is especially relevant to give a more accurate representation of a complex structure, like

the full capsid of a viral protein.

Additionally, the PDB is not limited to just protein structures. It contains many protein struc-

tures with other essential biomolecules like DNA, RNA, and a myriad of small molecules. This

includes ligands, lipids, and carbohydrates, further broadening the scope of data available for

deep learning endeavors in structural biology.

2.1.2 Data processing pipeline

Implementation choices

Our primary data source is the Protein Data Bank (PDB). From this repository, I acquired

all biological assemblies, often referred to as bioassemblies. I chose the PDB[29] format

primarily due to its ease in parsing and reading when compared to other alternatives like

mmCIF[58, 59]. Handling this high quantity of data necessitated specific tools. Hence, I im-

plemented, in Python, a data processing pipeline that allowed us to efficiently process and

store these protein structures.

For parsing PDB files, I utilized the Gemmi[60] parser. As for the additional processing tasks,

I employed the functionalities of both Numpy[61] and PyTorch[17], a powerful tool for nu-

merical computing in Python, integrates seamlessly with PyTorch, a leading deep learning

framework. This synergy ensures a smooth transition of data structures and operations be-

tween the two libraries, eliminating the cumbersome conversion processes that can some-

times plague data workflows. Furthermore, the capabilities of PyTorch are not just limited

to deep learning. It is equipped to run heavy data processing computations, and what sets

it apart is its innate ability to leverage GPU resources. By offloading complex calculations to

the GPU, PyTorch ensures rapid data processing, vastly reducing the time required for com-

putationally intensive tasks. This capability is invaluable, especially when dealing with large

datasets like the ones encountered in our project, making PyTorch an optimal choice for our

processing needs.

Our data processing efforts also involved the selection of an appropriate storage medium.

Given the vastness and complexity of our protein structures data, I opted for the hierarchi-

cal data format version 5 (HDF5)[62], which allowed us to encapsulate all our structural data

within a singular, cohesive dataset. The HDF5 format brings to the table a hierarchical data

structure that resembles a conventional file system in its organization. This structure is ad-

vantageous for various reasons. Firstly, it ensures a streamlined data arrangement, facilitat-
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ing easy data retrieval and manipulation. Furthermore, HDF5 has been optimized for high-

throughput during read operations. This means that the time taken to access and read data

is significantly minimized. Notably, the format is adept at handling parallel read operations,

making it particularly useful for large-scale, simultaneous data access requirements. This

combination of structural clarity and operational efficiency made HDF5 the ideal choice for

our data storage needs.

Representation of the protein structures demanded a balance of simplicity and performance.

In response, I depicted these structures using a Python dictionary. Within this dictionary, var-

ious fields such as coordinates, atom name, and residue name, to name a few, correspond to

Numpy arrays. These arrays store the associated values for every atom present. This design

choice offered us two primary advantages: it eliminated the need for extensive tooling and

was tailor-made for efficient array slicing. An added bonus was the capability to transition

these Numpy arrays into PyTorch arrays with minimal effort. Our framework is not just re-

stricted to static representations. It also supported dynamic data, like that from molecular

dynamics. The format I used can effortlessly incorporate such data by extending the coordi-

nates array with a time dimension.

Curating the dataset

In the process of curating our dataset, a few key decisions and adjustments were imperative

to ensure the consistency and utility of the data for our specific needs. Even with a curated

database like the PDB, raw protein structures often require additional preprocessing to make

them suitable for computational methods.

One of the first decisions was to omit experimentally resolved hydrogens from our dataset.

This decision was driven by two main considerations. First, if needed, hydrogens can be

added back into the protein structures with relative ease. More importantly, the presence of

certain hydrogens is contingent upon the protonation state of specific amino acids. This state

is, in turn, influenced by the pH of the solvent, reflecting the specific environmental condi-

tions under which the experiment was conducted. Given these factors, excluding hydrogens

was a logical choice for our purposes.

Another significant processing step involved standardizing residue numbering. In the raw

PDB data, residue numbering can often be inconsistent due to factors like missing structure

segments, deletions, insertions, and the presence of multiple chains or protein subunits. To

bring uniformity to our dataset, I opted to renumber all residues, starting from 1, disregarding

any gaps, insertions, or other anomalies.

A frequent inconsistency encountered in the PDB entries is the chain naming of non-protein

molecules, commonly referred to as hetero atoms. These hetero atoms, which can include

small molecules, often share the same chain name as proteins, despite being distinct entities.

To address this, I introduced a tagging system for the chain names of all hetero atoms. This
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system allows us to efficiently identify and segregate the various molecules present within a

given structure, ensuring clarity and precision in our curated dataset.

Lastly, protein structures and biological assemblies can also have structural inconsistencies.

For instance, I removed the duplicated subunits, molecules, and ions generated when con-

catenating multiple models within the bioassembly. Moreover, I only kept the first alternate

location of the atoms, as it is most likely to represent the best quality fit.

Structures derived from the database occasionally include water molecules, especially those

resolved through crystallography. Given the nature of our project, I opted to discard these

water molecules during our general preprocessing. While these water molecules can play es-

sential roles in the structural integrity and biological activity of the protein, for many compu-

tational tasks, their presence can introduce unnecessary complications. For instance, voids

in the shell of resolved water molecules would trivially indicate binding interfaces. As a note,

I did carry some experimentation with predicting protein-water interacting surface. The

model showed potential to predict accurately strong water binding sites. However, since I

did not find a relevant application for model, I did not pursue this direction.

Feature engineering

Prioritizing simplicity, our primary objective was to capture the essential details required to

represent a protein from a structural point of view. I settled on atom coordinates for cap-

turing geometry and element names for chemical identity: simplicity without reduction of

the full description of a protein. All other features such as atom name, amino acid type and

secondary structures can be recovered from the atom coordinates and element names, as

depicted in Figure 2.1a. This method represents proteins as a point cloud of atoms, a broad

representation applicable not only to proteins but also all biomolecules in general.

Instead of incorporating pre-selected features, I trusted the capacity of the model to discern

and grasp key details directly from the raw structure. This holistic approach ensures no data

gaps. Given the abundant data on hand, this direct approach is viable. However, for smaller

datasets, it is usually advisable to use a curated set of features.

Understanding the symmetries of a system is essential as they shed light on the non-critical

parameters and the intrinsic properties of that system. For instance, globally translating or

rotating a protein structure does not impact key aspects such as its sequence, interaction

interface, or thermal stability, as illustrated in Figure 1.7. While models can be trained to

recognize these system symmetries, it demands a detailed sampling within this symmetric

space. Specifically, I would need to sample a range of rotations and translations. However,

there is an alternative approach. Instead of training the model through sampling, I can design

it to be naturally insensitive to these transformations. This can be achieved either by focusing

on invariant input features or by making the model processing the information in a way that

remains consistent, regardless of the transformations applied to the system.
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Drawing from the Protein Data Bank (PDB)[29], I extracted the 30 most frequently occurring

atomic elements. I represented the element name using a one-hot encoding. To capture the

spatial relationships between atoms, I utilized pair-wise distance matrices, ensuring trans-

lational and rotational symmetry. Additionally, guided by the principle of simplicity, I used

vectorial quantities to represent the geometric context, as shown in Figure 2.1b. Therefore, I

employed a normalized displacement vector tensor, offering a geometric perspective on the

relative positioning of atoms. To effectively handle these quantities along with scalar features,

I introduced new neural network based operations tailored for this purpose.

States

scalar state

vector state

Geometry

relative displacement

pairwise distance

i

j

Glutamic acid

Alpha helix

Oxygen

Cβ

a b

Figure 2.1: Features selection for protein structure. (a) Example of possible information to describe
a structure, such as the secondary structure, the amino acid type, the atom name based on the chem-
ical context or the atom element. (b) The chosen point cloud description of a structure. Each atom
is associated with a scalar and vector state. The geometry of the structure is described using relative
displacement and pairwise distances.

2.2 Protein Structure Transformer (PeSTo)

I introduce here a new geometrical transformer operation acting on protein structures at the

atomistic level. The structure is represented as a point cloud of atoms. The geometry of

the structure is described with pairwise distances and relative displacement vectors which

guarantee the translation invariance. A scalar state and a vector state is assigned to each

point. The geometrical transformer is a rotation equivariant operations updating the states

of each atom using the states in the local neighborhood. This approach is computationally

inexpensive for preprocessing of the structures compared to other representations such as

surfaces and volumes. The method does not rely on any features requiring to have clean

or well-defined atomic structures such as electrostatics. Therefore, it can be applied on any

atomic structure and allow us to use all protein structures available for training.
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2.2.1 Geometric transformer

C, O, N, S, ...

r

1 2

interactions encoding

transformer decoding

3 nn...

Figure 2.2: Geometric transformer workflow. For each atom, a local neighborhood is extracted.
Within these neighborhoods, the geometric transformer encodes interactions with the center atom
using scalar states, vector states, and the geometry. These encoded interactions are then aggregated
through a transformer. The attention mechanism uses the interactions to define the values and keys
and the state of the center atom defines the queries. Importantly, this transformer-based message
passing operation is independent of the interaction order and can dynamically adapt to various neigh-
borhood sizes.

At the core of the PeSTo architecture is the geometric transformer (G), see Figure 2.2 and Algo-

rithm 1. This key operation updates the state of each atom by considering the local geometry

and the state of atoms within a predefined neighborhood, defined by a set of nearest neigh-

bors (nn). The state of each atom is represented by a scalar state (q) and a vector state (p),

while the geometry is characterized by the pairwise distances (D) and normalized displace-

ment vectors (R). In the PeSTo architecture, each layer (l ) of geometric transformer processes

and propagates the scalar, vector and geometrical information of the structure as described

in Equation 2.1.

q l+1
i , p l+1

i =G(q l
i , p l

i , {q l
j , p l

j ,Di j ,Ri j } j∈nni ) (2.1)

The geometric transformer leverages the attention mechanism based on the queries, keys

and values approach[26] as described in Equations 2.2 & 2.3. The queries for the scalar and

vectorial tracks (Qq , Qp ) are derived from the state of the central atom i (qi , pi ). The keys

(K ) are encoded from the interactions of the central atom i with its neighboring atoms j ,

encapsulating the states of the central atom, the neighboring atom, and their spatial relation

(qi l , pi l , {q j l , p j l ,Di j ,Ri j } j∈nni ). Scalar value vectors (Vq ) and vector value vectors (Vp ) are

respectively extracted from the computed scalar and vector quantities of these interactions.

The transformer allows a flexible linear composition of the vector features and states such

that the resulting vector state is equivariant to a rotation of the input vector. The attention is

done over multiple heads and projected using learned weights for the scalar and vector tracks
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(Wql , Wpl ).

q l+1
i = Attention(Q l

q ,K l ,V l
q )W l

q (2.2)

p l+1
i = Attention(Q l

p ,K l ,V l
p )W l

p (2.3)

Each geometric transformer is composed of 5 neural networks of 3 layers with an exponen-

tial linear unit (ELU ) activation function. The characteristic dimensions are the number of

atoms (N ), the state size (S), the number of nearest neighbors (nn), the dimension of the em-

bedding for the keys (Nk ) and the number of attention heads (Nh). The neural networks have

a flat architecture with hidden layers width equal to the input and output state size (S). The

multi-layers perceptrons (MLP ) are the node query model ( fnqm), encoding scalar key model

( feqkm), encoding vector key model ( fepkm), encoding value model ( fevm), and scalar state

projection model ( fqpm). The vectorial hidden state is projected over the attention heads

with a weighted sum (Wppm) to preserve the rotation equivariance of the operation. The

output vector state belongs to the span of the geometry and vector states.

The geometric transformer is translation invariant, rotation equivariant and independent of

the order of the atoms and order of the interactions. The attention operation allows for a

dynamic number of nearest neighbors (nn). However, in practice, the operation is much

more computationally efficient with fixed number of nearest neighbors. For structures with

a number of atoms smaller than the set number of nearest neighbors, the additional non-

existent interactions are sent to a sink node with a scalar and vector state set to zero. The

residual connection provides a way for the gradient to flow better for deep neural networks

and allows for a gradual update of the state.
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Algorithm 1: Geometric transformer
Input:

Center node features: q ∈RN×S , p ∈RN×S×3

Context neighbors features: qnn ∈RN×n×S , pnn ∈RN×n×S×3

Geometry features: dnn ∈RN×n ,rnn ∈RN×n×3

Output:

New state of center node: q ′, p⃗ ′

// Node and edges features
1 Xn ← concat (q,

∥∥p⃗
∥∥) ∈RN×2S

2 Xe ← concat (dnn , q,
∥∥p⃗

∥∥ , qnn ,
∥∥p⃗nn

∥∥ , p⃗ · r⃗nn , p⃗nn · r⃗nn) ∈RN×n×6S+1

// Queries from node state
3 Qq ,Qp ← fnqm(Xn) ∈RN×Nh×Nk ×RN×Nh×Nk

// Keys from edges state
4 Kq ← feqkm(Xe ) ∈RN×n×Nk

5 Kp ← fepkm(Xe ) ∈RN×3n×Nk

// Values from edges state
6 Vq ,Vp ← fevm(Xe ) ∈RN×n×S ×RN×n×S

7 X⃗g ← concat(Vp ⊙ r⃗nn , p⃗, p⃗nn) ∈RN×3n×S×3

// Scaled dot-product attention and projection

8 qh ← fqpm(softmax(
Qq K T

q√
Nk

)Vq ) ∈RN×S

9 p⃗h ←Wppmsoftmax(
Qp K T

p√
Nk

)X⃗g ∈RN×S×3

// Update state with residual
10 q ′ ← q +qh

11 p⃗ ′ ← p⃗ + p⃗h

2.2.2 Geometric pooling

The geometric transformer focuses on updating the state of individual atoms without per-

forming any reduction in the atom point cloud. However, in some applications, it becomes

relevant to encode the state of a group of atoms. For instance, when predictions need to be

made at the residue level rather than the atomic level. One of the challenges faced when

trying to transition from atomic to residue-level predictions is the inherent variability in

the number of atoms that constitute different residues. This variability means that achiev-

ing a consistent state size reduction is not straightforward. To address this, I introduced a

self-attention based reduction method called Geometric pooling. This method leverages the
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strengths of self-attention mechanisms to effectively reduce and combine the information

from a variable number of atoms to encode a single state per group of atoms.

As described in Algorithm 2, the Geometric pooling is composed of 2 neural networks of 3 lay-

ers with an exponential linear unit (ELU) activation function. The characteristic dimensions

are the number of atoms (N ), the number of residues (Nr ), the state size (S), the dimension

of the embedding for the keys (Nk ) and the number of attention heads (Nh). The neural net-

works have a flat architecture with hidden layers width equal to the input and output state

size (S). The multi-layers perceptrons (MLP ) are the self-attention model ( fsam) and residue

scalar state projection model ( fqpm). The vectorial hidden state is projected with a weighted

sum (Wpr pm) to preserve the rotation equivariance of the operation.

Algorithm 2: Geometric pooling
Input:

Center node features: q ∈RN×S , p ∈RN×S×3

Atoms to residue map: M ∈ {0,1}N×Nr

Output:

States of residue nodes: qr , p⃗r

// Node features and define atoms to residue attention filter
1 Xn ← concat (q,

∥∥p⃗
∥∥) ∈RN×2S

2 F ← 1−M +ϵ

M −ϵ
∈RN×Nr

// Multi-heads residue-localized self-attention masks
3 Zq , Zp ← fsam(Xn) ∈RN×Nh ×RN×Nh

4 Aq ← softmax(Zq +F ) ∈RN×Nr ×Nh

5 Ap ← softmax(Zp +F ) ∈RN×Nr ×Nh

// Attention and projection to the input state
6 qr ← fqr pm(Aq q) ∈RNr ×S

7 p⃗r ←Wpr pm Ap p⃗ ∈RNr ×S×3

2.2.3 Translation invariance

The translation invariance is directly provided by the geometrical features used. The neigh-

bors distances (dnn) and normalized relative displacements (rnn) are independent of the ori-

gin of the coordinate system. The distance is defined as |xi − x j |. The normalized relative

displacement is defined as ri j = xi−x j

|xi−x j | .
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2.2.4 Rotation equivariance

In order to guarantee the rotation equivariance, all operations on vectors in PeSTo are a com-

bination of three rotation invariant and equivariant operations: namely, the scalar product

(invariant), the scalar multiplication (equivariant), and the linear combination of vectors

(equivariant). It follows that the norm (| · |), the element-wise product (
⊙

) and the projec-

tion from N to M vectors (i.e., P X with X ∈ RN×3 a vector and P ∈ RM×N a projection) are

also rotation invariant, equivariant and equivariant, respectively.

Rotation equivariance of the geometric transformer

The packed nodes and edges features (Xn , Xe ) are composed of rotation invariant features

(dnn , q , qnn) and rotation invariant quantities derived from scalar product of (rnn , p, pnn).

The encoded geometric feature (Xg ) is a vector quantity composed of the input vector states

(p, pnn) and element-wise scalar multiplication of the normalized relative displacement vec-

tors (rnn).

The vectorial hidden state (ph) is obtained by two equivariant projections. First the attention

is a projection from the 3n neighborhood vectorial features to N h attention heads (equivari-

ant). Then the Wppm projects the states (S) for all heads (Nh) channels into the final output

state of size S (equivariant).

The final output for the vector state (p ′) is obtained by linear combination of the previous

state (p) and the vectorial hidden state (ph)

Rotation equivariance of the geometric pooling

The packed node features (Xn) is composed of rotation invariant features (q) and rotation

invariant quantities derived from scalar product of (p).

The final output for the vector state at the residue level (pr ) is obtained by two equivariant

projections. First the attention is a projection from the N atoms to Nr residues vectorial

features for Nh attention heads (equivariant). Then the Wpr pm projects the states (S) for all

heads (Nh) channels into the final output state of size S (equivariant).

Rotation invariance of output quantity

The input features of the multilayer perceptron of the interface model are the scalar state

at the residue level (qr ) and the norm of the vector state at the residue level (pr ) both are

rotation invariant.
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2.3 Training and Evaluation

2.3.1 Training objective

In binary classification, a predictor classifies an input into one of two classes: negative (0) or

positive (1). For neural networks, I need operations that are differentiable. This means that

instead of directly predicting 0 or 1, the neural network produces a continuous value between

0 and 1, representing the likelihood of the input being positive. To ensure the output value

stays between 0 and 1, I use the sigmoid function: σ(x) = 1

1+e−x . This function maps any real

number to a value within the [0, 1] range, making it suitable for binary classification outputs.

For a continuous prediction p ∈ [0,1] and a label y ∈ {0,1}, the appropriate loss function for

this type of task is the binary cross entropy (BCE), see Equation 2.4.

l (p, y) = y log(p)+ (1− y)log(1−p) (2.4)

The continuous output from a model is often referred to as prediction confidence, indicating

the certainty of a model in its decision. To classify this output as either positive or nega-

tive, a threshold is used. Typically, a value of 0.5 is the dividing boundary: if the prediction

confidence is 0.5 or higher, it is considered a positive prediction; otherwise, it is viewed as

negative.

2.3.2 Evaluation protocol

When training a model, it is important to properly curate both the training and testing

datasets. The goal is to show the ability of the model to generalize to new, unknown data.

To ensure this, I must prevent the training dataset from containing examples that are too sim-

ilar to those in the testing set. Typically, I partition the dataset into three subsets: training,

validation, and testing. The training set helps us build and refine our model. Meanwhile,

the validation set is employed during training to monitor the progress of the model, detect

overfitting, and determine when training should be stopped. Finally, the test set provides a

means to evaluate the performance of the fully trained model.

In our case, to ensure the model is not memorizing specific patterns from similar structures,

there should be low similarity between the training, validation, and testing datasets. This

entails dividing our protein structures dataset into three distinct sets using specific criteria.

Sequence comparison

When comparing proteins, a common approach is to examine their sequences. Proteins can

have sequences of different lengths due to variations in the protein size or because of in-

sertions and deletions in the sequence. To address this, sequences are aligned to optimize
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a specific alignment metric, ensuring accurate comparison. The primary measure used to

determine the similarity of two sequences is sequence identity. This metric calculates the

percentage of positions with the same amino acid in both sequences. However, simply using

sequence identity can overlook the chemical similarities between different amino acids. To

account for this, the BLOSUM[63] similarity matrix is used. This matrix weight the chemical

similarities between amino acids, offering a more detailed view of a comparison between a

pair of sequences.

Structure comparison

In protein comparison, besides sequence similarity, structural similarity presents a more

challenging aspect. The C.A.T.H. classification is a commonly used method for compar-

ing protein structures. This approach breaks down protein structures based on distinct at-

tributes. At the Class (C) level, structures are categorized by their secondary structure con-

tent, distinguishing whether a protein is mainly helical, largely beta-stranded, or a combi-

nation of both. Next, the Architecture (A) level focuses on the spatial arrangement of these

secondary structures, observing how they are positioned relative to each other. The Topol-

ogy (T) level evaluates the connectivity between these secondary structures, identifying how

various parts of the protein interact and relate. Lastly, the Homologous superfamily (H) level

groups proteins based on their evolutionary relationships, ensuring structures with similar

origins are grouped together.

In practice, following the protocol established by previous methods[14, 13], I set a sequence

identity threshold of 30%. By using this criterion the training, validation, and testing datasets

consist mostly of unrelated proteins. Additionally, when the protein fold is a significant factor,

I incorporate structure similarity thresholds using the C.A.T.H. classification, adding another

similarity constraint alongside sequence identity.

2.3.3 Assessing predictions

There are several scoring metrics available to evaluate the performance of binary classifica-

tion models. These include accuracy (ACC), precision (PPV), negative predictive value (NPV),

true positive rate (TPR), true negative rate (TNR), Matthews correlation coefficient (MCC),

Receiver Operating Characteristic Area Under the Curve (ROC AUC), and Precision-Recall

Area Under the Curve (PR AUC).

It is important to note that both ROC AUC and PR AUC stand out as threshold-free scores.

This means that their values do not depend on a specific threshold used to define a positive

and negative predictions from the prediction. Their main advantage is assessing the rank-

ing ability of the model, making them particularly robust when evaluating models on imbal-

anced datasets. However, even these metrics can be influenced by dataset imbalances and

should always be interpreted with the specific context of the dataset in mind. For instance,
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the prevalence describes the ratio of positive examples in the dataset and gives a specific

context to interpret all the metrics.

2.4 Applications

2.4.1 Protein binding interface prediction

One of the primary applications of the PeSTo architecture is predicting protein binding inter-

faces. The main goal is to develop a model capable of accurately identifying which amino

acids within a protein structure are likely to interact with another biomolecule, as illustrated

in Figure 2.3. A deeper aspect of this goal is to have the model discern interactions of a protein

with other proteins, nucleic acids, ions, ligands, or lipids, predicting more details on the roles

and means proteins have in various biological processes. The results related to this section

can be found in Chapter 3.

To ensure the success of the model, I adopted a systematic approach. First, the dataset was

selected and split to represent a wide range of proteins and their known binding interfaces.

Input features were then chosen to capture essential information from the protein structures.

The labels were defined based on the known interactions of the proteins. Using the Geomet-

ric transformer, I build, trained and tested various PeSTo architecture for the task of binding

interface prediction. I carried out a thorough evaluation and comparison of the model to

assess its performance. Finally, I experimented with various application of the model.

Structure

geometry

Atomic

element

Interacting

interfaces
PeSTo

Figure 2.3: PeSTo. Protein binding interface prediction (on the right in red) from the atomic geome-
try and element using PeSTo.

Dataset

I curated the datasets for training, evaluating and testing the model. The dataset is composed

of all the biological assemblies from the Protein Data Bank[29]. The subunits are clustered

using a maximum of 30% sequence identity between clusters. The clusters of subunits are

grouped into approximately 70% training set (376216 chains), 15% validation set (101700

chains), and 15% testing set (97424 chains). I selected the best hyperparameters by evalu-

ating the model on the validation set. The testing set is composed of the clusters containing

any of the 53 subunits from the MaSIF-site[14] benchmark dataset or 230 structures from the
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Protein-Protein Docking Benchmark 5.0[64] (PPDB5) dataset. Additionally, I extracted a sub-

set 417 structures common in the benchmark dataset of ScanNet[65] and the testing dataset

of PeSTo. Unless specified, all the examples selected to assess the quality of the predictions

from the model belong to the testing set.

Structure processing

The raw structures are not entirely clean and require some minimal processing. I define here

the processing protocol applied on all structures. All models of the structures are loaded as a

single structure. The chain name is tagged with the model identifier to distinguish subunits

from different models. Moreover, the chain name of all non-polymer chemical molecules is

tagged to have them in separate subunits. Duplicated subunits, molecules, and ions gener-

ated when concatenating multiple models are removed. The first alternate location of the

atoms is kept. Water, heavy water, hydrogen, and deuterium atoms are removed from the

structures.

Features and labels

The features and labels define the actual input and output of the model. Both have to be en-

coded in a way that is compatible with the deep learning model. I identified the 30 most

common atomic elements on PDB. The element is used as the only feature as a one-hot

encoding. The input vectorial features are initially set to zero. The distances matrices and

normalized displacement vector matrices are used as geometrical features. Amino acids, nu-

cleic acid, ions, ligands, and lipids are selected from a list of 20, 8, 16, 31, and 4 most common

molecules, respectively. Non-native molecules used to help to solve the structure are ignored.

An interface is defined as a residue-residue contact within 5 Å. All protein-protein interfaces

as well as protein-nucleic acid, protein-ion, protein-ligand, and protein-lipids interfaces are

identified. The details of the interface for each subunit are stored in the dataset as an in-

teractions types matrix (79×79). This enables the selection of specific interfaces as labels at

the start of the training session without having to rebuild the whole dataset. The interfaces

targets can be selected from any combinations of subsets from the 79 molecules available.

Model architecture

I trained and evaluated many architectures and settled on the following one. The input fea-

tures are embedded to an input state size of S = 32 with a 3 layers neural network with hidden

layer size of 32. Each geometric transformer is composed of 5 neural networks of 3 layers to

perform the multi-head self-attention (S = 32, Nke y = 3, Nhead = 2) as described in Algorithm

1. In the same fashion as applying convolution operations on an image, chaining geometric

transformers can propagate information at a longer range than the local context of a single

operation. The main architecture is based on a bottom-up approach, starting from a small
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context of 8 nearest neighbors (≈ 3.4 Å radius) up to longer range interactions with 64 nearest

neighbors (≈ 8.2 Å radius). The size of the context gradually increases allowing the model to

progressively include more information while remaining cheaper in computations and mem-

ory for deep models. 4 sets of 8 geometric transformers with an increasing number of nearest

neighbors for each set (nn = 8,16,32,64) are applied in succession. For structures with a

number of atoms smaller than the set number of nearest neighbors (nn), the additional non-

existent interactions are sent to a sink node with a scalar and vector state set to zero.

The model predicts per residue if a residue is at the interface. Therefore, two additional mod-

ules are added to get the desired output. First, the geometric residue pooling module aggre-

gates the encoding at the atomic-level of the structure to a residue-level description by using

a local multi-head mask on the atoms forming each residues (S = 32, Nhead = 4) as described

in Algorithm 2. Lastly, a multi-layer perceptron with 3 layers of hidden size of S = 32 decoding

the state of all residues and computing the prediction, returning a confidence score from 0 to

1.

Training

The final model is trained to predict protein interfaces with protein, nucleic acid, ligand, ion,

or lipid. The best neural networks architecture was trained for 8 days on a single NVIDIA

V100 (32 GB) GPU. Subunits with a maximum of 8192 atoms (∼100 kDa) without hydrogens

are used to limit the memory requirement during training. Subunits with less than 48 amino

acids are ignored during training. I trained only on the first bioassembly provided by the PDB

database. The effective generalized protein interfaces dataset after filtering is composed of

113805 subunits for training and 29786 subunits for testing.

Methods comparison

Our method was compared with ScanNet[65], MaSIF-site[14, 53], SPPIDER[50] and

PSIVER[51]. ScanNet is the most recent geometry-based deep learning method for protein-

protein interface prediction. MaSIF-site is the best available surface-based deep learning

method for protein-protein interface prediction. SPPIDER is a long-standing and well-tested

method used as a reference for protein-protein interface prediction. PSIVER only uses se-

quence information and is benchmarked to show the difference in performance between

structure-based and sequence-based methods. The benchmarking of PeSTo was performed

using structures taken from the testing dataset exclusively. I use 512 structures per interface

type for the protein, ion and ligand interfaces predictions. The low amount of structures

available limits the testing dataset to 391 and 161 structures for the nucleic acid and lipid

interfaces prediction, respectively.
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AlphaFold-multimer benchmark

I also compared our protein-protein interface predictions with AlphaFold-multimer. I identi-

fied 23 dimers (i.e., 46 interfaces) not present in the training set of PeSTo or of AlphaFold and

with a maximum of 20% sequence identity with the AlphaFold-multimer training set (i.e.,

structures published up to April 30th 2018)[48]. I modeled the protein complexes using the

implementation of AlphaFold-multimer by ColabFold with MMseqs2[66, 67] with the default

parameters of 10 recycles and 5 predicted models. I extracted the protein-protein interfaces

of the AlphaFold-multimer models (i.e., residue-residue contacts within 5 Å) and computed

the average interfaces over the 5 predicted models. PeSTo was used to predict the protein-

protein interfaces for the 46 subunits. Lastly, I computed the accuracy, precision, Matthews

correlation coefficient (MCC), receiver operating characteristic (ROC) and precision-recall

(PR) area under the curve (AUC) on the PeSTo predicted protein-protein interfaces and the

average protein-protein interfaces of the AlphaFold-multimer predicted models.

Molecular dynamics simulations

I also predicted the protein-protein binding interface of protein in different conformations.

20 complexes from the PPDB5 dataset were selected based on the resolution of the struc-

ture and the difficulty to parametrize. For each, we performed a classical 1 µs-long MD

simulation in the NpT ensemble (at 1 atm and 300 K, after NVT equilibration over 2 ns and

with settings as in ref. [68]) of the subunits alone for the bound receptor (bR), unbound

receptor (uR), bound ligand (bL), and unbound ligand (uL). All systems were set up using

CHARMM36m[69] and its recommended TIP3P water model, and MD simulations were run

with Gromacs 2020[70], 500 frames per simulation are used to evaluate PeSTo for a total of

400’000 frames, which are further clustered using the CLoNe algorithm[71] for the analysis of

the unbound states.

Human interfaceome

In order to showcase the potential of PeSTo, we decided to predict the binding interfaces of

all human proteins using structure predicted by AlphaFold. We call this database of interface

the human interfaceome. To achieve this, I downloaded all the available 20’504 (at the time of

writing) AlphaFold predicted structures version 2 for human sequences from the AlphaFold-

European Bioinformatics Institute (AF-EBI) database[12, 72]. The same pipeline and data

analysis can be applied to any organism. The most accurate AlphaFold structure models are

selected with a minimum of 70% of the structure with a pLDDT > 70 and average PAE < 10 Å in

the well-folded regions (pLDDT > 70). The analyzed dataset is composed of 7464 quality

predicted structures from a total of 20,504.

PeSTo was applied to all models. For the analysis of interface residue composition and

UniProt-annotated sequence regions, I considered only predicted interfaces with high con-
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fidence (>0.8) at well-folded regions (pLDDT > 70). Interface residues are grouped into in-

terfaces by connecting all residues at well-folded regions (pLDDT > 70) and at a predicted

interface (>0.5) with α carbon within 10 Å. I selected only the predicted interfaces of quality

with average predicted interface confidence above 0.8 for all analyzes. Two quality interfaces

of different types are overlapping if they share at least 5 residues. Solvent-accessible surface

area per atom of all models was computed using the Shrake and Rupley algorithm[73] imple-

mented by MDTraj[74].

The UniProt-annotated features and GO terms for all corresponding 20’504 AlphaFold mod-

els were downloaded from UniProt website[30]. The features analyzed include a curated list

of annotated features, the subcellular localization, the mutation sites, natural variants, and

the GO biological process and molecular function. The pathogenicity of natural variants was

extracted from the clinical significance of genetic variations available at dbSNP[75].

I downloaded all the 1102 predicted yeast protein complexes with AlphaFold and

RoseTTAFold by Humphreys et al.[76], and extracted the interfaces from the predicted com-

plexes with an interface defined as a residue-residue contact within 5 Å. PeSTo was applied to

predict the protein-protein interfaces on the subunits of the predicted subunits of the com-

plex alone.

2.4.2 Protein-carbohydrate binding interface prediction

After our initial work on predicting binding interfaces of proteins, Parth Bibekar and I aimed

to further experiment with the capabilities of the PeSTo architecture by focusing on more

specific interfaces. One area of interest was predicting the interaction between proteins and

carbohydrates, we trained a new model called PeSTo-Carbo. The main challenge comes from

the data availability. The structures of proteins interacting specifically with carbohydrates

are limited in number, with around 6’000 available. This is significantly smaller compared to

the approximately 100’000 structures we used for the protein binding interface prediction in

general.

We also wanted to dive deeper by predicting binding interfaces between proteins and a partic-

ular class of molecules: cyclodextrins. The data for this is even more limited, with only about

150 structures. Due to this limitation, we experimented with transfer learning techniques.

Our idea was to leverage the insights from our broader protein-carbohydrate interface pre-

dictions to enhance the performance of the model in the subset of this specific molecules.

The results related to this section can be found in Section 3.2.5.

Dataset

PeSTo-Carbo was trained, validated and tested on protein-carbohydrate complexes collected

from the Protein Data Bank (PDB)[29] and the subunits are clustered the subunits using a

maximum of 30% sequence identity between clusters. The training, validation, and testing
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datasets contain 5251, 408, and 343 subunits, respectively. All the subunits in the validation

set have a resolution of less than 3 Å. Similarly, we collected biological assemblies containing

protein-cyclodextrin complexes from the PDB. The training, validation, and testing datasets

138, 12, and 16 subunits for protein-cyclodextrin complexes, respectively. All performance

scores and examples in this work are obtained from the test set.

Structure processing

Every model of the structure is loaded together as one entity. To distinguish them, non-

polymer chemical molecules are given unique chain names for their separate subunits. Water

molecules and hydrogen atoms are eliminated from the structures. In the dataset, cyclodex-

trin subunits are labeled distinctively from other glucopyranoses.

Features and labels

The input structures are described using the atomic elements, a matrix representing the pair-

wise distances between atoms, and the pairwise normalized relative displacement between

atoms. I restrict the atomic elements to the 30 most common elements and represent them

using one-hot encoding. The model works effectively without atom parameterization and

can accommodate incomplete molecular structures.

The model aims to predict the residues that are in contact with carbohydrates. We defined an

interacting interface between proteins and carbohydrates using a 4 Å cutoff distance: amino

acids within 4 Å of a carbohydrate are considered in contact. We labelled protein interfaces

with carbohydrates and cyclodextrin differently.

Model architecture

Similarly to the main PeSTo architecture, we first use a three-layer neural network to con-

vert one hot encoding of the atom element into a scalar state size of 32. The initial vector

state is initialized to a zero state. Then 24 geometric transformers are applied in series, each

having two attention heads, a key size of 3 and a neighborhood of 8 to 64 nearest neighbors.

Lastly, a four-headed self-attention within each residue aggregates the atomic-level encod-

ings into a residue description. A three-layer neural network decodes the residue-level scalar

and normed vector state to predict the binding interfaces using a sigmoid activation function.

Training

Two models with the same architecture were trained with different values of thresholds

for contacts between proteins and carbohydrates. We employed binary cross entropy loss

(BCE) as the objective function for the model. We used the Adaptive Moment Estimation

(Adam)[20] with a learning rate of 1e-4. Furthermore, we assigned a weight of 0.9 to the posi-
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tive label in the loss function to account for class imbalance in our dataset.

2.4.3 Sequence prediction from a backbone scaffold

Our exploration continued as I looked into the potential of the PeSTo architecture in the do-

main of amino acid sequence prediction from a backbone template. Specifically, the objec-

tive was to predict the likelihood of particular amino acids when provided with only the atom

coordinates from the backbone of a protein, as illustrated in Figure 2.4. For this purposed, I

trained a model for the Context-aware Amino acid Recovery from Backbone Atoms and het-

eroatoms (CARBonAra). Our primary objective was to test if sequences sampled from the

prediction of our model could result in structures that can be recovered in-silico through

methods like AlphaFold and AlphaFold-multimer. Subsequently, I looked into the capabil-

ity of the model to improve sequence prediction when I introduce structural information of

specific non-protein biomolecules. Lastly, I was interested to determine if the predicted like-

lihoods from our model were consistent with findings from deep sequencing analysis. The

results related to this section can be found in Chapter 4.
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Figure 2.4: CARBonAra. Protein sequence prediction from a backbone scaffold.

Dataset

The training dataset is composed of ∼370’000 subunits and the validation dataset contains

∼100’000 downloaded from RCSB PDB biological assemblies. The test dataset is composed

of ∼70’000 subunits (single chain proteins) with no C.A.T.H similarity with the training set

and less than 30% sequence identity with the test set. Within the test dataset, I extracted sub-

units without any C.A.T.H similarity and maximum 30% sequence identity with any training

set of PeSTo (∼370’000 subunits), ProteinMPNN (∼540’000 subunits), or ESM-IF1 (∼18’000

subunits). This comparison dataset is composed of 228 subunits: 76 monomers, 37 dimers,

and other 22 multimers. Note that ProteinMPNN and ESM-IF1 both use C.A.T.H and 40%

sequence identity clustering for training and testing.

Features and labels

During the processing phase, I kept only the backbone of proteins (Cα, C, N, O), disregard-

ing the hydrogen atoms, while adding the virtual Cβ using the ideal angle and bond length
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in the same way as in ProteinMPNN[13]. The structures I used to train the model can con-

tain any type of molecule including waters, ions, nucleic acids, and any other non-protein

molecules. The input scalar state contains the one-hot encoded 30 most frequent atomic

elements in the PDB database. The last one-hot channel represents any other or unknown

element. The input vector state is initialized randomly drawn from an isotropic normal dis-

tribution. I incorporated the geometric features using the pair-wise distance matrices and

normalized displacement vector tensor. The output of the model is a prediction confidence

for each amino acid position among the 20 possible amino acid types. These types are repre-

sented as one-hot encoded labels. I optimized the model for multi-class classification of the

20 possible amino acids per position using a binary cross-entropy loss function.

Model architecture

I first embedded the input features into an input state size (S) of 32 using a three-layer neural

network with a hidden layer size of 32. I then applied sequentially four sets of eight geo-

metric transformers[77] (S = 32, Nke y = 3, Nhead = 2), see Algorithm 1. Each set of geometric

transformers corresponds to an increased number of nearest neighbors (nn = 8,16,32,64). In

instances where the number of atoms is less than the set number of nearest neighbors (nn), I

assigned any additional non-existent interactions to a sink node. I configured this sink node

with a constant scalar and vector state of zero. Next, the geometric residue pooling module

reduced the atomic-level encoding of the structure into a residue-level description. This ag-

gregation used a local multi-head mask on the atoms that constitute each residue (S = 64,

Nhead = 4). Finally, I employed a multi-layer perceptron in the last module, which, using a

three layers of hidden size (S = 64) decoded the state of all residues and computed the pre-

diction, consequently generating a confidence score of the 20 possible amino acids through

a sigmoid function ranging from 0 to 1.

Training

I trained our neural network architecture for 16 days on a single NVIDIA V100 (32 GB) GPU. To

manage memory usage during training, I limited the subunits to a maximum of 8192 atoms

(approximately 100 kDa), excluding hydrogen atoms. Furthermore, subunits containing

fewer than 48 amino acids were not considered in the training process. The post-processing

effective dataset contains 86610 structures in the training dataset and 24601 structures in the

validation dataset.

Sequences sampling

I sampled the optimal sequence by taking the highest confidence amino acid per position

from the prediction. To generate sequences with minimum sequence identity to the scaffold,

I selected the highest confidence predicted possible amino acid above the positive prediction
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threshold of 0.5, which is not the original amino acid from the scaffold. The original amino

acid is only used in the sequence generated if it is the only possible option within the posi-

tive predictions. Our criterion for defining similarity between two amino acids relies on their

BLOSUM[63] 62 score. I considered them as similar if this score is above zero. I sampled low

similarity sequence to the original scaffold by restricting the positive predicted amino acid.

When the options are available, I selected the amino acid with the highest BLOSUM 62 score

below or equal to zero compared to the reference scaffold. If there are no options with a BLO-

SUM 62 score below or equal to zero, I sampled the positive predicted amino acid with the

lowest BLOSUM 62 score. I noted that taking only the minimum BLOSUM 62 similarity score

generates sequences with a bias towards special amino acids (i.e., cysteine, proline, glycine).

I performed a BLAST[78] search to measure the novelty of the generated sequences with min-

imum identity and low similarity using the non-redundant protein sequences database (nr)

with a expect value (e-value) cut-off at 100.

AlphaFold and AlphaFold-multimer validation

In the case of monomers, I sampled the highest confidence sequence from the predictions

of CARBonAra for 142 subunits of the testing dataset. I also generated sequences using Pro-

teinMPNN and ESM-IF1 both with a sampling temperature of 1e-6. I modelled the structures

from the generated sequences with ColabFold20 (version 1.5.2) using the alphafold2_ptm
model, in single sequence mode and with 3 recycles[12]. In the case of dimers, I generated se-

quences for one subunit given the sequence of the other subunit. I sampled the sequence

with the highest confidence from CARBonAra for the 31 dimers in the testing dataset for

a total of 62 complexes with conditioning. I predicted the structures from the generated

sequences with ColabFold (version 1.5.2) using the alphafold2_multimer_v2 model, in

single sequence mode and with 5 recycles[48]. To evaluate the sampling flexibility of CAR-

BonAra, I sampled sequences with maximum identity, minimum identity and low similarity

using CARBonAra’s multi-class predictions. In this case, I used AlphaFold using multiple se-

quence alignment since a low sequence identity or similarity negates the sequences match-

ing the reference scaffold in the multiple sequence alignment information. I assessed the

predicted structures from the generated sequence with the original scaffold using the TM-

score[79] and local Distance Difference Test[80] (lDDT) on the Cα coordinates.

Molecular dynamics simulations

Luciano Abriata selected 20 complexes from the Protein-Protein Docking Benchmark 5.0

dataset[64] based on structure resolution and parameterization difficulty. For each complex,

we conducted a standard 1 µs-long molecular dynamics (MD) simulation in the NPT ensem-

ble (at 1 atm and 300 K, following a 2 ns NVT equilibration and using settings as per ref. [68])

for the bound receptor, unbound receptor, bound ligand and unbound ligand. We set up all

systems using CHARMM36m[69], running MD simulations with GROMACS 2020[70] (single

chain structure) MD, we sampled 500 frames for each simulation and computed the average
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prediction confidence.

Comparison with deep sequencing

As a case study, Fernando Meireles and I showed that residue-wise estimated probabilities

of CARBonARa can be reliably correlated with experimentally determined mutations for

the class A β-lactamase TEM-1. This widely studied enzyme has been subjected to deep

mutagenesis[81], where the effect of consecutive triple point mutations along the whole ex-

tension of the protein was analyzed, covering all 20 naturally occurring amino acids per po-

sition. The generated libraries were introduced in E. coli and selected based on ampicillin

resistance. These data were used to compute a statistical change in free energy of binding

(∆∆Gst at ) of mutation of all wild-type residues in the protein. This value was calculated as

∆∆Gst at = RT l n(
pw t

pmut
), where pw t and pmut are the probabilities of finding the wild-type

and mutant amino acids, respectively, at the analyzed sequence position. The same calcu-

lation was performed on an MSA of 156 sequences of class A β-lactamases, to compare the

conservation profile of this family with the requirements imposed by the mutagenesis as-

says. Aiming at assessing the ability of CARBonARa to recover evolutionary-related residue

profiles, we used its residue-wise estimated probabilities to compute the ∆∆Gst at per posi-

tion of TEM-1. We used two structures of TEM-1 as input for the model: TEM-1 in the apo

state (PDB ID: 1JTG, removing all non-protein atoms) and TEM-1 retaining its catalytic water

and β-lactam nitrocefin at the catalytic pocket. Docking of this ligand to TEM-1 was car-

ried out with AutoDock Vina[82] and the analyzed pose was selected based on the proximity

of the carbonyl group of the β-lactam ring to the catalytic residue S70. We then calculated

Pearson’s correlation coefficient (ρ) of the ∆∆Gst at per sequence position between the men-

tioned approaches, assessing if the overall ranking of the∆∆Gst at obtained could be similarly

explained by the deep sequencing, the conservation profile, and the estimated probabilities

of CARBonAra.
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3.1 Introduction

Molecular interfaces are ubiquitous in biology and of utmost relevance beyond their central

role in establishing cell boundaries and intracellular organization[83, 84, 85]. Especially so

around proteins, which perform their functions by interacting with other proteins as well as

with nucleic acids, membranes, and molecules and ions of various kinds.

Predicting the interactions that a given protein can establish with other molecules re-

mains a major challenge in biology, still open despite numerous developments along var-

ious fronts[86, 87, 88, 14]. The most modern methods for predicting protein interactions

currently target the prediction of either specific pairs of interacting residues/atoms, rely-

ing intensively on the analysis of residue-residue coevolution patterns and thus limited to

protein-protein interactions, or predicting only which regions of a protein are prone to

interaction[14, 89, 90, 91, 92, 93, 94, 95]. Even the latter, presumably a simpler problem,

is yet far from solved, and most methods aim mainly at discovering protein interfaces tai-

lored to interact with other proteins, with a strong focus on features of the protein surface

and in some cases also exploiting their sequence conservation. These methods are thus lim-

ited, because the calculation of protein surfaces and mapping of their properties are time-

consuming, complicating their high-throughput application at the proteome scale; besides,

they require parametrizations and are very sensitive to details and errors of the 3D structure

or model[14, 91, 93, 94, 95, 65]. Meanwhile, methods that rely on sequence conservation

or residue coevolution often perform poorly for shallow sequence alignments. Approaches

based on folding protein complexes de novo simultaneously discovering the interaction in-

terfaces and subunit conformations, such as AlphaFold-multimer[48], are limited to protein-

protein interactions, are far slower than predicting the interaction interface from structures

and will fail if the folding protocol itself fails.

Here, building on the recent successful application of transformers[26, 44, 12, 46] to various

problems in natural language processing and protein structure prediction, we developed a

rotation-equivariant transformer-based neural network that acts directly on protein atoms

predicting interaction interfaces with high confidence, without the need for parameteriza-

tion of the system’s physics, running fast enough to process large structural datasets such

as ensembles from molecular dynamics simulations or entire foldomes. We build on this

transformer to develop PeSTo—the Protein Structure Transformer—a generalized predictor

of protein binding interfaces.

Trained to predict protein-protein interaction interfaces, PeSTo outperforms the state-of-the-

art. Training to predict other kinds of binding interfaces was straightforward as the method

does not depend on any explicit parametrization of physicochemical features. Therefore,

confident predictions of protein interactions with nucleic acids, lipids, ligands and ions

are also easily produced. Given the computational performance of the method, we could

provide it not only as standalone code but also implemented in a user-friendly webserver

(pesto.epfl.ch). PeSTo runs fast enough to allow processing of large volumes of structural
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data, such as molecular dynamics trajectories, enabling the discovery of cryptic interacting

interfaces[96, 97], and the continuously growing foldome provided by AlphaFold predictions,

which allows us to perform a detailed analysis of the human interfaceome.

3.2 Results

3.2.1 The Protein Structure Transformer (PeSTo)

Many successful methods combine transformers[26, 44] and geometric deep learning[14]

representing structures as graphs or point clouds and integrate the requirement of the in-

variance or equivariance of the neural network[37, 43, 38, 39, 40, 98, 99]. The major break-

throughs come from the field of protein folding[31], where AlphaFold[12] integrates attention

in the Evoformer blocks and the structure module and the third track of the RoseTTAFold[46]

model uses a SE(3)-Transformer[45] to refine the atom coordinates during folding. Moreover,

the recurrent geometric network[47] (RGN2) leverages the Frenet-Serret formulas to repre-

sent the backbone of proteins, and the geometric vector perceptron[41] (GVP) uses linear op-

erations to compose vector features with gating[100]. Multiple other machine learning-based

protein-protein interaction site prediction methods have been developed[14, 50, 53, 51].

We introduce here PeSTo, a parameter-free geometric transformer that acts directly on the

atoms of a protein structure. As shown in Figure 3.1 and detailed in Methods 2.4.1, the struc-

ture is represented as a cloud of points centered at the atomic positions, and its geometry

is described through pairwise distances and relative displacement vectors which guarantee

translation invariance. The atoms are described using only their elemental names and coor-

dinates without any explicit numerical parametrization such as mass, radius, charge or hy-

drophobicity. Each atom is associated with a scalar state (q) and a vector state (p) encoding

the properties of the structure. We define a geometric transformer operation acting on this

cloud of points to update these states using the states and geometry in their local neighbor-

hood as shown in Figure 3.1a. The interactions between atoms for all nearest neighbors (nn)

is encoded using the geometry (i.e., distance and displacement vector) and the state of the

pair of atoms involved. A multi-head attention layer eventually decodes and regulates the

propagation of the information (Algorithm 1).

The geometric transformer operation is translation-invariant, rotation-equivariant and inde-

pendent of the order of the atoms and order of the interactions. In order to retain the rotation

equivariance of the vector states (see Methods 2.4.1), the transformer attention linearly com-

bines the scaled vectors from the local geometry and local state vectors to dynamically prop-

agate vector state information based on the local context. The attention operation allows for

a dynamic number of nearest neighbors (nn). However, in practice, the operation is much

more computationally efficient with a fixed number of nearest neighbors. In the same fash-

ion as applying convolution operations on an image, chaining geometric transformers can

propagate information at a longer range than the local context of a single operation. There-
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Figure 3.1: Overview of the PeSTo method. (a) Primary geometric transformer acting on the scalar
and vectorial state of an atom at layer t. The interactions between the central atom and the nearest
neighbors are encoded. A transformer is used to decode and filter the interactions information and
to compute the new state of the central atom (Algorithm 1). (b) The architecture of PeSTo for the pre-
diction of interaction interfaces. The model is composed of multiple layers of geometric transformers
with a set number of nearest neighbors (nn) and residual connections. The structure is reduced to
a residue representation through an attention-based geometric pooling (Algorithm 2). The residue
states are collapsed, and the final prediction is computed from a multi-layer perceptron (MLP). (c)
Example of application of the primary geometric transformer to all atoms in a structure.

fore, the main architecture is based on a bottom-up approach, starting from a small context

of 8 nearest neighbors (∼3.4 Å radius) up to long-range interactions with 64 nearest neigh-

bors (∼8.2 Å radius, Figure 3.1b). The size of the context gradually increases allowing the

model to progressively include more information while remaining cheaper in computation

requirements and memory for deep models. The residual connection between geometric

transformers enables to train deeper neural network architectures. Two additional modules

aggregate the atom-based geometric description at the residue level independently of the

number of atoms within a residue (i.e., geometric residue pooling, Algorithm 2) and predict

whether each amino acid is at an interacting interface or not (Figure 3.1c).

In comparison with previous approaches like the SE(3)-transformer[45] that uses spherical

harmonics to encode geometrical context, our method simply uses vectors, modulating their

information through the transformer attention. Compared to equivariant convolution, our

method is based on graphs with geometry and performs message-passing using transform-

ers.
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Figure 3.2: Assessment of protein–protein interface predictions with PeSTo. (a) Example of protein-
protein interface prediction for the unbound conformation of Streptogrisin B (PDB: 2QA9) as can be
retrieved at pesto.epfl.ch. The confidence of the predictions is represented with a gradient of color
from blue for non-interfaces to red for interfaces. The ligand in yellow was subsequently added based
on the structure of the complex (PDB: 3SGQ) to show the quality of the prediction. (b) Compari-
son against other methods for protein–protein interface prediction. The methods are evaluated on
PeSTo groundtruth on two different testing datasets for ScanNet and MaSIF-site. (c) Benchmark of
our method on bound and unbound experimental structures, as well as their conformations sampled
by 1 µs-long MD simulation for 20 complexes taken from the PPDB5. (d) Recovery rate (considering
top 10% predicted residues) for the clustering of predicted interfaces on 1 µs-long MD simulations
of the unbound state only, compared to the predicted interface of the experimental structure for the
unbound receptor (uR) and ligand (uL) for 20 complexes taken from the PPDB5. (e) Protein–protein
interface prediction on the experimentally resolved structure of unbound porcine pancreatic elastase
(left, PDB: 9EST) and an open conformation sampled using MD (center) and selected using clustering
on the conformations. The ligand in yellow was subsequently added based on the structure of the
complex (PDB: 1FLE) to show the quality of the prediction. R217 is shown in licorice to illustrate the
rearrangement of the loop region. (Right) The root mean square deviation (RMSD) from the experi-
mental unbound conformation and recovery rate average over 4 frames are shown as a function of the
simulation time (the red dots indicate the selected snapshot shown in (d)).
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3.2.2 Protein-protein interface prediction

We trained a PeSTo model using over 300’000 protein chains from the PDB (see Methods 2.4.1)

to predict which residues are involved in a protein-protein interface as flagged by an output

value ranging from 0 to 1 (Figure 3.2a). Zero means that the residue is predicted to not be

engaged in interactions, while values of 1 predict the residue to be at an interface. In practice,

the actual value of the prediction reflects the confidence of the prediction at the residue level,

such that values farther away from 0.5 imply higher confidence, see Figure 3.3.

Figure 3.3: Prediction quality estimation. Estimated correlation between protein-protein interface
prediction confidence and prediction quality. Evaluated on 8192 structures randomly sampled from
the testing dataset.

We first evaluated the performance of PeSTo against the most recent method develop to ad-

dress a similar task, namely ScanNet[65]. We used a benchmark dataset of 417 structures

commonly shared by the two methods (see Methods 2.4.1). On this benchmark PeSTo out-

performs ScanNet without multiple sequence alignment (MSA) with a median receiving op-

erating characteristic (ROC) area under the curve (AUC) of 0.93 against 0.87 (Figure 3.2b).

Moreover, we compared the speed of the two methods quantitatively (Figure 3.4), finding

that the average runtime for PeSTo (5.3±2.8s) and ScanNet without MSA (9.1±1.8s) on CPU

are comparable. However, the runtime of ScanNet with MSA (160±83s) is two orders of mag-

nitude slower than PeSTo, providing no substantial improvement against PeSTo.
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Figure 3.4: Runtime comparison of PeSTo with ScanNet. We compare PeSTo to ScanNet with and
without multiple sequence alignment (MSA) on CPU (Intel i9-9900K) using 417 structures from the
ScanNet benchmark dataset. We show the CPU runtime the distribution (shaded) and mean of the
distribution (line) of each method

We further compared PeSTo on the same dataset used to benchmark MaSIF-site[13, 53]6 (one

of the best algorithms currently available), which we excluded from our training set at 30% se-

quence identity. PeSTo reaches a median receiving operating characteristic (ROC) area under

the curve (AUC) of 0.92 against 0.8 for MaSIF-site followed by SPPIDER[50] and PSIVER[51]

(Figure 3.2b). The interfaces predicted by PeSTo have a higher ROC AUC than all other meth-

ods benchmarked here for 38 out of 53 structures.

Finally, we compared the protein-protein interfaces as predicted by PeSTo against those pre-

dicted by AlphaFold-multimer. We selected 23 dimers (i.e., 46 interfaces) from the structures

within the validation set of PeSTo and AlphaFold (see Methods 2.4.1). We observed that PeSTo

(0.94 ROC AUC and 0.84 PR AUC) performs almost as well as AlphaFold-multimer (0.94 ROC

AUC and 0.88 PR AUC) without the additional cost of computing any multiple sequence align-

ment. These results show therefore how our method can be used to quickly screen for poten-

tial interfaces with an accuracy comparable to AlphaFold-multimer.

To further showcase the quality of the predictions in real-world applications, we tested pro-

teins from the Protein-Protein Docking Benchmark 5.0[64] (PPDB5) dataset in their unbound

conformations. The example in Figure 3.2a shows PeSTo recovering the interaction interface

of Streptogrisin B with ovomucoid from its unbound conformation (0.93 Å RMSD from the

bound state) with a ROC AUC of 0.96. Overall, on the whole PPDB5 dataset composed by a

variety of targets of variable difficulty for the general task of protein-protein docking, PeSTo

reaches a median ROC AUC of 0.78 for predictions on the unbound structures and 0.85 for

the respective bound states.

Importantly, the short time needed to run the model (i.e., 300ms for a 100kDa protein from

PDB load to prediction on a single NVIDIA V100 GPU, Figure 3.5) allows us to evaluate snap-

shots from large structural ensembles efficiently, extracted from molecular dynamics (MD)

simulations. We applied PeSTo for protein-protein interface prediction on conformations

sampled by 1 µs-long atomistic MD simulations of the experimentally derived unbound and

bound subunits of 20 selected binary complexes taken from the PPDB5 (Figure 3.2c). The
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bound and unbound structures along with the MD-sampled conformations reach a median

ROC AUC of 0.85, 0.82 and 0.79, respectively. We observe that the model performs almost

as well on experimentally solved bound and unbound conformations. Although overall the

ROC AUC decreases with a higher RMSD from the bound structure (Figure 3.6), our method

is still able to recover the interface with a ROC AUC higher than 80% for most structures and

MD-sampled conformations.

Figure 3.5: Profiling of the run time of PeSTo as a function of the size of the structure. Run time
evaluated (a) on GPU (NVIDIA RTX 2080 Ti) and (b) on CPU only (Intel i9-9900K). For structures of
around 100 kDa (8000 atoms), the average total runtime is 300 ms with 130 ms to parse the file, 30ms
to process the structure and 140 ms to run the inference on a high-end GPU. Data are presented as
the mean ± standard deviation using (a) n=194 and (b) n=19 randomly sampled structures from our
test set per range of number of atoms.

Figure 3.6: Effect of conformation on prediction quality. ROC AUC as a function of RMSD for dif-
ferent conformations for the 80 simulated subunits from the PPDB5 dataset. The RMSD is computed
from the bound conformation of the subunits in the reference complex. Starting conformations are
indicated with a black dot.

In some cases, processing MD trajectories of unbound proteins with PeSTo identifies certain
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interfaces better than when PeSTo is run on the starting static structure, which suggests an

impactful practical application of our method to real-life situations (Figure 3.2d). Striving to

provide a protocol for every-day applications of PeSTo, we consider that a user might look for

a handful of high-ranked residue predictions to characterize the binding interface. We define

therefore the “recovery rate” as the ability to predict the 10% high-ranked residues, which in

the case of our MD dataset correspond to 3± 2 residues. If all these residues are predicted

correctly, we consider that the interface is fully recovered. Out of 20 complexes composed

by 40 constituent subunits and relative interfaces, the model has a perfect recovery rate for

16 interfaces when applied straightaway on the experimental structures of the unbound sub-

units. Out of the remaining 24 cases, we show that it is possible to fully recover the binding

interface for additional 16 subunits (80%) using MD to more extensively sample the protein

conformation landscape and clustering to further group predicted interfaces.

For instance, PeSTo predicts no interface for the experimentally solved structure of the un-

bound porcine pancreatic elastase (PDB ID 9EST) (Figure 3.2e). The unbound experimen-

tal conformation has a backbone RMSD of 1.2 Å from the bound complex with elafin (PDB

ID 1FLE). However, MD simulation starting from the unbound porcine pancreatic elastase

alone shows a conformational switch leading to the recovery of the interaction interface with

elafin with a cluster center ROC AUC of 0.92 and perfect recovery rate of predicted binding

interface (i.e., 3 residues in this case). Inspecting the MD simulation unveils that the mo-

tion of a loop in elastase is required to allow elafin to enter the pocket and accommodate an

inter-molecular β-sheet that stabilizes the complex as solved experimentally.

3.2.3 General protein binding interface prediction

In light of the results for protein-protein interface predictions, we extended the model to find

and identify more types of interfaces, resulting in a generalized PeSTo model that predicts

protein interaction interfaces with other proteins as well as with nucleic acids, ions, ligands,

and lipids. We trained a generalized PeSTo model with PDB structures featuring all the kinds

of expected interactions, as described in Methods 2.4.1. The interface predictions for protein-

nucleic acid interfaces are almost as good as for protein-protein interfaces, reaching ROC

AUC of 0.89 for the testing set (Figure 3.7a). The generalized model can also detect ion, lig-

and, and lipid interfaces with ROC AUCs of 0.87, 0.86, and 0.77, respectively on each testing

set. The model does experience some confusion between ions and ligands as revealed by the

confusion matrix (Figure 3.8). Poorer performance on protein-lipid prediction depends on

the quite limited number of protein-lipid complexes available so far in the PDB (only 0.7% of

the utilizable data we compiled). We note that retraining the model on the same dataset but

with a maximum of 5% sequence identity instead of 30% between training, validation and test

sets results in equivalent performances within ±1% ROC AUC in average over all interfaces

prediction type, confirming PeSTo stability over homology reduction.
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Figure 3.7: General protein binding interface prediction with PeSTo. (a) ROC curve for the predic-
tions of different types of interfaces with PeSTo. (b–f) Examples of predicted binding interfaces. The
confidence of the predictions is represented with a gradient of color from blue for non-interfaces to
red for interfaces. The structures in yellow and green were added subsequently from the reference
complexes. (b) Colicin E7 endonuclease domain in complex with DNA and a zinc ion (PDB: 1ZNS). (c)
core-biding factor subunit alpha-2 in complex with core-binding factor subunit beta and DNA (PDB:
1H9D). (d) Antigen-binding fragment in complex with RNA (PDB: 6U8K). (e) Steroidogenic factor 1
bound to a phosphoinositide (PDB ID: 7KHT). (f) Predicted interface with nucleic acid for the my-
cobacterial integration host factor (PDB ID: 6TOB). Residues observed to bind DNA through solution-
state NMR are represented with spheres. The DNA molecule is modeled from an X-ray structure of the
protein homolog from S. coelicolor, crystallized with DNA (PDB ID: 4ITQ).
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Figure 3.8: Confusion matrix between actual and predicted interfaces at the residue level. Each
interface type is randomly sampled equally at ∼3600 residues per class. The confusion matrix is nor-
malized per actual interface. We observed nucleoside triphosphates (ATP, GTP) and diphosphates
(ADP, GDP) pockets misclassified as nucleic acid binding regions, a reasonable confusion given the
chemical similarity of all these molecules.

We next illustrate the generalized PeSTo model showcasing five examples from the testing

set that attest to its capacity to discern among various interfaces, even when they are over-

lapping or under-represented in the PDB. The first example (Figure 3.7b) corresponds to the

colicin E7 endonuclease domain, which binds DNA through an interface that includes a zinc

ion (PDB ID 1ZNS). Running the apo-protein through the generalized PeSTo returns correct

predictions for both interfaces, even in the overlapping part. The second case (Fig. 3.7c) cor-

responds to the complex formed by RUNX1 with a dsDNA bound to one end and the protein

CBFβ bound to the other (PDB ID 1H9D). Running the isolated RUNX1 through the gener-

alized model returns clear, accurate interfaces through the DNA and protein channels. In

the third example (Figure 3.7d) we challenge the generalized model with the structure of an

antibody that binds RNA (PDB ID 6U8K) as opposed to most available antibodies which are

bound to other protein targets. The generalized model correctly predicts no interface for pro-

teins and the correct interface for RNA.

Although on interfaces with lipids the generalized PeSTo performs less well, in practice we

observe that the model is able to accurately detect lipid-binding pockets for soluble proteins

(exemplified by the steroidogenic factor in Figure 3.7e) and even the membrane-spanning

regions of transmembrane proteins (Figure 3.9). Despite not specifically trained for any of

these, in both cases PeSTo is able to detect specific pockets for lipids with stronger scores. We

note that many protein interfaces with lipids are only partially evident in PDB structures (for

example a single lipid bound to a membrane-spanning region), resulting in low training data

quality thus leading to an artificial drop of the ROC AUC.
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Figure 3.9: Example of lipid interface prediction for transmembrane protein. Homopentameric
5-HT 3A serotonin receptor (PDB ID: 6Y5B).

Interestingly, we also find that PeSTo extends its prediction power over its own training, as ex-

emplified for the case of a DNA-binding bacterial integration host factor (mIHF) for which an

X-ray structure of the DNA-bound form was available (Figure 3.7f). This structure presents

in the biological assembly one DNA-binding interface[101] that was included in the train-

ing set, but solution-state NMR titrations have shown a far more extensive interaction sur-

face, mainly spread over two surface patches as required to bend DNA as demonstrated by

AFM[102]. PeSTo’s predictions for this protein go beyond its training, pointing at two surface

patches that match very well with the NMR data in solution.
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3.2.4 High-throughput prediction of binding interfaces for the human proteome

We sought to explore the whole human proteome and analyze what we call hereafter the inter-

faceome, namely all the potential protein interfaces able to bind other proteins, nucleic acids,

lipids, ligands and ions. For this task, we obtained all the structures and models for human

proteins in the AlphaFold-European Bioinformatics Institute (AF-EBI) database[12, 72]. The

database currently includes highly accurate structures, many actually containing domains

with experimentally solved structures, models with no structures in the PDB or with little ho-

mology to PDB structures yet highly accurate as judged by AlphaFold predicted local distance

difference test (pLDDT) and predicted alignment error (PAE), and also several models of very

low pLDDT and PAE scores. We selected 7464 high-quality models for further analysis from

the total of 20504 entries based on their pLDDT and PAE scores, as described in Methods

2.4.1.

We could immediately notice that our model produces robust results that further validate

the quality of interface predictions. In particular, the amino acid distributions for specific

molecular interfaces recapitulates known biochemistry (e.g., Arg and Lys residues are mostly

engaged in nucleic acid interactions, hydrophobic amino acids in lipid-binding sites, etc., see

Figs. 3.11, 3.10). Furthermore, mapping the predicted interfaces to UniProt-annotated fea-

tures showed strong agreement with the expected functional roles of the binding interfaces

(Fig. 3.12a). Additional support for the quality of the predictions came from the mapping of

the predicted interfaces and their subcellular localizations, GO functions and processes (Figs.

3.13, 3.14, 3.15).

Figure 3.10: Predicted interface composition. Charged (ARG, HIS, LYS, ASP, GLU), polar (SER, THR,
ASN, GLN), hydrophobic (ALA, VAL, ILE, LEU, MET, PHE, TYR), and special (CYS, GLY, PRO) residue
composition for the different predicted interface types.
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Figure 3.11: Probability of residues to be at a predicted interface. (a-e) Probability of different
amino acids to be at a protein-protein, -nucleic acid, -ion, -ligand or -lipid predicted interface. (f)
Probability of different amino acids to be at any interacting interfaces.
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Figure 3.12: PeSTo-based analysis of the human proteome. (a) Percentage of entries with specific
UniProt features for which PeSTo predicts an interaction interface at the annotated sequence region.
(b) Percentage of sites with mutations, pathogenic or benign natural variants within a predicted in-
terface. The baseline is the probability of a random residue being within an interface. (c) Percentage
of overlapping interfaces for all 10 pairs of five interface types. (d) Comparison of predicted protein-
binding interfaces from PeSTo using the models of yeast protein complexes predicted by Humphreys
et al.[76]. Regions of the predicted structures are filtered out at different pLDDT thresholds. (e) Hu-
man receptor for retinol uptake (STRA6, UniProt Q9BX79). Protein interfaces predicted with PeSTo.
Sites of interest as described by Berry et al.[103] are highlighted with spheres and are consistently
found by PeSTo predictions.
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Figure 3.13: Subcellular localization. Probability of a protein within a specified subcellular localiza-
tion to have an interface with (a) protein, (b) nucleic acid, (c) ion, (d) ligand, (e) lipid.
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Figure 3.14: GO molecular function. Probability of protein with the specified molecular function to
have a protein-nucleic acid interface (Minimum sampling of 200 examples per GO term).
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Figure 3.15: GO biological process. Probability of protein with the specified biological process to
have a protein-lipid interface (Minimum sampling of 200 examples per GO term).
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We interrogated further the human interfaceome for the geometrical features of the predicted

interfaces and observed that when computing their solvent-accessible surface areas (SASA),

interactions with proteins and nucleic acids involve the largest areas with 32±22 and 29± 23

nm2, respectively, while ligands and ions involve small pockets of 16±7 and 7±4 nm2. The

SASA distribution for protein-lipid interactions has instead a bimodal distribution that re-

flects specific lipid-binding sites (17±9 nm2) and large lipid coronas surrounding transmem-

brane protein domains (75±19 nm2, Fig. 3.16).
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Figure 3.16: Solvent accessible surface area. Solvent accessible surface area distribution of pre-
dicted interfaces for protein (a) -protein (32±22 nm2), (b) -nucleic acid (29±23 nm2), (c) -ion (7±4
nm2), (d) -ligand (16±7 nm2), and (e) -lipid (17±9 nm2 and 75±19 nm2)

As further validation, extending the analysis to another eukaryotic proteome, we compared

PeSTo predictions to the available predictions of protein binary complexes of the yeast pro-

teome derived with AlphaFold and RoseTTAFold[76]. Also in this case, we observed a very

good correlation between sets of residues involved in interfaces with the ROC AUC steadily
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increasing as the analysis is limited to regions of the models of higher quality (Fig. 4d). More-

over, we identified additional binding interfaces that can extend further the interaction net-

work of binary complexes and can be used as complementary means to better describe and

model the architecture of large protein complexes (Fig. 3.17).

Figure 3.17: Number of interfaces. Distribution of the number of (different) interfaces per subunit.
The total number of disjoint interfaces is shown as “all” interfaces count. The number of different type
of interfaces (i.e. protein-protein, -nucleic acid, -ion, -ligand and -lipid interfaces) is indicated as the
“unique” interfaces count.

Notably, 47% of the UniProt annotations for mutation sites fall in a predicted interface, 28%

correspond to pathogenic natural variant sites, and 14% to benign natural variant sites with

a baseline of 19% for random residues being within an interface (Fig. 4b). As we make all

these predictions fully available in the PeSTo website and the underlying structural models

are freely available in the EBI database, it is straightforward for cell biologists to consult where

exactly these pathogenic mutations fall and what interactions they might compromise, in or-

der to develop rational working hypotheses that could help further therapeutic development.

Carrying on to a large-scale analysis of the predicted interfaces, we observed strong segrega-

tion for certain kinds of interfaces and a quite large overlap for others (Fig. 4c and Fig. 3.18).

An example of the former case is that of protein interfaces prone to interact with proteins or

with ions/ligands, which are highly segregated. Studying these patterns further could poten-

tially help in the discovery of allosteric regulation mechanisms. Among pairs of interfaces

that feature a quite extensive overlap are those that mediate interactions with other proteins

and with lipids, which could possibly point at reversible protein dimerization/oligomeriza-

tion at membranes. On actual application of PeSTo to address biological questions, specific

cases shall be looked at carefully, and overlaps or lack thereof might bring information as

exemplified next.
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Figure 3.18: Intersecting and disjoint interfaces. Number of interfaces that contained two types of
interfaces either overlapped (∩) or not (⊔).

Importantly, the availability of high-resolution structures and high-quality AlphaFold mod-

els of the human proteome, as well as other proteomes, provides biologists with the oppor-

tunity to immediately and easily interrogate specific interaction predictions of their proteins

of interest, developing quickly working hypotheses, and designing new experiments, allow-

ing in turn to discover new biology. Among multiple interesting examples, we highlight here

two cases of proteins that lack structures in the PDB but where the application of PeSTo to

AlphaFold models proposes clear prompts to drive forward biological studies: the human re-

ceptor for retinol uptake STRA6 (UniProt Q9BX79, Fig. 4e) and the PRAME family member 1

(PRAMEfm1, UniProt O95521, Fig. 4f).

STRA6 is modeled in the AlphaFold—EBI database as a monomer, although one would ex-

pect it to be most likely a dimer like most small-molecule transmembrane transporters. We

applied PeSTo to the model as provided (i.e., as monomer) and to a model of the dimer built

with AlphaFold-multimer. PeSTo predicts in both cases interfaces prone to interact with other

proteins and with lipids. In the monomeric model, part of the interface predicted to interact

with lipids overlaps with an interface predicted for proteins, suggesting this is the region for

homodimerization within the membrane. Accordingly, this interface is not predicted for the
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dimer, and the new set of residues predicted to interact with lipids makes perfect sense as the

membrane-spanning region (Fig. 3.19). Another set of residues predicted to form interfaces

for protein binding map to 4 locations outside the transmembrane region (Fig. 4e). On the

cytoplasmic side of the membrane, three STRA6 segments with strong predicted potential

for protein interaction map to a site made up of two folded elements that overlap with se-

quence segments that Berry et al.43 actually proposed as a binding site for regulator cellular

retinol-binding protein 1 (CRBP1), next to a predicted interaction site that corresponds to a

known kinase binding site (JAK2). On the extracellular side of the membrane, a binding site

expected for the carrier retinol-binding protein (RBP) is also predicted. Therefore, residues

with high protein interaction scores (e.g., K324-K348 for the reported RBP, L251-R257 and

R638-L46 around the reported CRBP1 site, and D612-K626 for the kinase site, Fig. 4e) are

potential candidates for mutagenesis studies aimed at probing the various interactions.

We finally compared protein-protein interface predictions of PeSTo with modeling protein-

protein interactions using AlphaFold-multimer[48], a procedure richer in information as in-

cluding also evolutionary couplings. On the STRA6 example, AlphaFold-multimer predicts

binding of CRBP1 onto STRA6 around the same residues that we discuss from literature, i.e.

essentially the same prediction as PeSTo. However, AlphaFold-multimer does not predict

any interaction at all for JAK2 and predicts an incorrect binding site for RBP. In the case of

PRAMEfm1, we detect a plausible interface for nucleic acid binding, which AlphaFold is not

trained to predict, and we detect a protein interaction region of high confidence but with-

out any information about the identity of the partners, precluding to test with AlphaFold

any obvious, specific complex. These comparisons highlight a synergic intersection between

PeSTo and AlphaFold-multimer for the prediction of protein-protein interactions. Namely,

PeSTo can produce predictions that are consistent with the reported biochemistry, while

AlphaFold-multimer can interrogate these binding interfaces when the network of interac-

tions is known.
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Figure 3.19: Details for STRA6 example (UniProt Q9BX79). PeSTo predicted interfaces for (a,b)
protein-protein and (c,d) protein-lipid interactions with estimated membrane location. (a,c) Al-
phaFold predicted monomers with highlighted protein-protein and protein-lipid interfaces overlap.
(b,d) AlphaFold-multimer predicted dimers.
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3.2.5 Specialized protein binding interface prediction

Bibekar P., Krapp L.F., Dal Peraro M.

PeSTo-Carbo: geometric deep learning for prediction of protein-carbohydrate

binding interfaces

Disclaimer

The following section is adapted from the unpublished work.

Contributions

B.P., L.F.K. and M.D.P. conceived and designed the research project. B.P. implemented PeSTo-

Carbo. B.P., L.F.K. and M.D.P. analyzed the data. B.P., L.F.K. and M.D.P. wrote the paper.

Introduction

Carbohydrates are the primary source of energy for all organisms[100]. Studying the inter-

actions between carbohydrates and protein through experimental techniques can be chal-

lenging due to their weak binding affinities[104]. Now, with the availability of large datasets

containing experimentally solved protein-carbohydrate complexes[29, 105] and the rapid de-

velopment of machine learning methods to learn from these data, there is a motivation for

developing computational methods to study protein-carbohydrate interactions.

Results

Here, we introduce PeSTo-Carbo, a specialized application of PeSTo, trained to predict

protein-carbohydrate interacting interfaces. In this case, since we are interested in a spe-

cific type of molecules, the interface is defined using a 4 Å distance threshold between an

amino-acid and a carbohydrate, as described in Methods 2.4.2. The model was evaluated on

359 (with 343 carbohydrates and 16 cyclodextrins) randomly selected chains while ensuring

that the sequence identity between the training and the test set at most 30%. The best model

achieved a median ROC AUC of 0.92 and PR AUC of 0.54 for protein-carbohydrate interfaces.

Furthermore, for protein-cyclodextrin interfaces, the model achieved a ROC AUC of 0.85 and

a PR AUC of 0.28.

Further, to showcase the flexibility of our method, we also trained PeSTo-Carbo to differen-

tiate protein-cyclodextrin interfaces specifically alongside protein-carbohydrate complexes.

Cyclodextrins have been shown to stabilize proteins in liquid and dry states and inhibit the

aggregation of proteins by protecting hydrophobic regions of the peptides in their apolar cen-

tral cavity[106]. This makes cyclodextrins important molecules with various applications in
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pharmaceutics, drug delivery, and chemical industries[107, 108]. Training the model on both

carbohydrates and cyclodextrin demonstrated better performance for predicting interacting

interfaces with cyclodextrin, despite the limited available training data (138 complexes with

cyclodextrin). The model achieved a ROC AUC of 0.85 and a PR AUC of 0.28, showing promis-

ing performance for potential applications.
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Figure 3.20: Example of protein-carbohydrate and protein-cyclodextrin interface prediction us-
ing PeSTo-Carbo. The model is applied on the protein structure alone. The confidence of the pre-
dictions is shown with a gradient of color from blue for non-interfaces to red for interfaces. The car-
bohydrates (yellow) and other small molecules (green) are subsequently added to assess the quality
of the prediction visually. (a) Bacterial solute receptor AcbH complexed with beta-D-galactopyranose
(GAL) (PDB: 3OO6). (b) Xylanase (XynB) complexed with beta-D-xylopyranose (XYP) and calcium ion
(Ca) (PDB: 4PN2), (c) Alpha-Amylase complexed with alpha-D-glucopyranose (GLC) and calcium ion
(Ca). The structure also contains a N-glycosylation site at Asn161 (PDB: 3VM7). Predicted protein-
carbohydrate (d) and protein-cyclodextrin (e) for the glucose-dependent insulinotropic polypeptide
and receptor in complex with beta-cyclodextrin (PDB: 2QKH).

To illustrate the performance of the method, Figure 3.20 shows the predicted interface with

carbohydrates or cyclodextrin for some selected structures. Our model accurately predicts

binding interfaces with different carbohydrates, as shown in Figure 3.20a, b, and c. It also

correctly ignores non-carbohydrate binding sites, such as those with ions, demonstrated

in Figure 3.20b and c. For the Alpha-Amylase protein (Figure 3.20c), the model identifies

the Asparagine 161 as a carbohydrate-binding site, aligning with its known status as an N-
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glycosylation site. This suggests the potential of the model for identifying glycosylation sites.

In the case of the glucose-dependent insulinotropic polypeptide, we show that the model

can predict specifically cyclodextrin binding, see Figure 3.20d and e. In thise case, the model

predicts a binding with cyclodextrin but not with other carbohydrates.

3.3 Discussion

We showed here that a geometrical transformation of protein atomic coordinates suffices to

detect and classify protein binding interfaces at high resolution, surpassing the prediction

capabilities of other methods without the need of explicitly describing the physics and chem-

istry of the system, hence without the overhead of pre-computing molecular surfaces and/or

additional properties. All this with modest computational resources and at a very high speed

that enables the analysis of large structural ensembles, for example those produced by molec-

ular dynamics simulations, which discloses the opportunity to investigate the dynamic fea-

tures of protein interaction networks. Likewise, large structural datasets, like those being

created by the latest generations of tertiary protein structure prediction tools, can be easily

analyzed, as done here for the human foldome, with the possibility to quickly access new

biological discoveries.

To make PeSTo-based predictions for proteins available to the community, we implemented

it in a webserver at pesto.epfl.ch (Figure 3.21 and 3.22), accessible free of charge without regis-

tration. The server takes any protein structure and model in PDB format (uploaded or fetched

from the PDB or the AlphaFold-EBI databases) and returns them with additional informa-

tion reporting on the confidence of the prediction on a per-residue basis. Output files can

be downloaded or visualized right within the website. Furthermore, we provide the source

code as to facilitate application to large structural ensembles as done here for the human

interfaceome.

Provided that sufficient training data are available, the method can be easily upgraded (as

for instance to improve further protein-lipid predictions) and is reusable for other spe-

cific applications. Even in cases where data is limited, we showed that the method can

be specialized: the approach demonstrated promising performance for predicting protein-

cyclodextrin binding interfaces. In fact, the parameter-free PeSTo architecture is general

enough that could be easily accommodated to pursue other structure-based problems such

as docking or modeling interactions with materials. The description is totally agnostic to

the exact physicochemical properties of the atoms in the structure, thus easily extendable

to other materials and fields, and is probably also less sensitive to problems related to the

starting structures such as missing atoms as compared to methods that require intermediate

calculations of surfaces and volumes.

Given the ever-growing accumulation of structural information and rapid expansion of pre-

dicted foldome data, PeSTo stands as an accurate, flexible, fast, and user-friendly solution to

dissect the vast and dynamic interaction landscape of proteins and can be readily used to

64

https://pesto.epfl.ch/
https://github.com/LBM-EPFL/PeSTo
https://github.com/LBM-EPFL/PeSTo


3.3 Discussion

discover new and richer biological insights.

Figure 3.21: Homepage of the PeSTo website
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Figure 3.22: Example of results from the PeSTo website
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Protein design and engineering are evolving at an unprecedented pace leveraging the ad-

vances of deep learning. Current models nonetheless cannot natively consider non-protein

entities within the design process. Here we introduce a deep learning approach based solely

on a geometric transformer of atomic coordinates that predicts protein sequences from back-

bone scaffolds aware of the restraints imposed by diverse molecular environments. This new

concept is anticipated to improve the design versatility for engineering proteins with desired

functions.

4.1 Introduction

Designing proteins de novo to engineer their properties for functional tasks is a grand chal-

lenge with direct implications for biology, medicine, biotechnology, and materials science.

While physics-based approaches have had success in finding amino acid sequences that fold

to a given protein structure, deep learning methods have recently brought a dramatic accel-

eration by enhancing the design success rates and versatility. Among the most recent and

notable examples, ProteinMPNN, based on an encoder-decoder neural network, is able to

generate protein sequences experimentally proven to fold as intended[13, 109]. More re-

cently, coupled with denoising diffusion probabilistic models for the generation of protein

backbones, ProteinMPNN in RFdiffusion has shown remarkable success[110]. In addition,

ESM-IF1, based on a protein language model, is capable of generating highly diverse proteins

well outside the known universe of natural sequences[56, 49]. The model has also recently

found experimental validation reporting a very high success rate[111, 112, 113, 114, 115], like

for example MaSIF which specializes in the design of protein interactions via learned protein

surface fingerprints[14, 57].

Although these models can natively handle multiple protein chains in their inputs, and as

such they can design the sequences of interacting proteins, they cannot natively consider

non-protein entities within the design process, which hampers their versatility and limit their

spectrum of application. Here, to address this limitation, we introduce CARBonAra (namely,

Context-aware Amino acid Recovery from Backbone Atoms and heteroatoms), a new protein

sequence generator model based on our recent Protein Structure Transformer (PeSTo[77]),

a geometric transformer architecture that operates on atom point clouds. Representing

molecules uniquely by element names and coordinates, PeSTo’s transformer can be applied

to and predict protein interfaces with virtually any kind of molecules, either other proteins,

nucleic acids, lipids, ions, small ligands, or cofactors. Based on the same architecture, trained

uniquely on structural data available on the PDB, CARBonAra predicts the amino acid confi-

dence per position from a backbone scaffold alone or complexed by any kind of non-protein

molecules. The model uses geometrical transformers to encode the local neighbourhood

of the atomic point cloud using the geometry and atomic elements. It encodes the interac-

tions of the nearest neighbours and employs a transformer to decode and update the state

of each atom. By pooling the atom states from the atomic to the residue level and decoding

them, the model predicts multi-class residue-wise amino acid confidences (Figure 4.1a and
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Methods 2.4.3). CARBonAra thus provides a potential sequence space that can be refined

through the incorporation of specific constraints, such as a molecular context critical to the

protein’s function, a particular objective, or provided allowed conformations. CARBonAra of-

fers a novel level of flexibility in protein design by recognizing and incorporating any molec-

ular context into its sequence predictions. This distinctive capability of our method expands

therefore the scope of applications in the field of protein design.

Figure 4.1: CARBonAra architecture and comparison with other state-of-the-art methods. (a) The
model applies multiple geometric transformer operations to the coordinates and atom element of a
backbone scaffold with added virtual Cβ to predict the amino acid confidence at each position in the
sequence. (b) Comparison of the sequence recovery of different methods for monomers and dimers
with indicated median sequence recovery. (c) Percentage of AlphaFold predicted structures, in single
sequence mode, above a TM-score threshold.

4.2 Results

4.2.1 Inverse folding benchmark

CARBonAra performs on par with state-of-the-art methods like ProteinMPNN and ESM-IF1

for sequence prediction of isolated proteins or protein complexes (Figure 4.1b), while having

a similar computational cost taking only a few seconds per run (∼3 seconds). Our method

achieves a median sequence recovery rate of 51.3% for protein monomer design and 56.0%
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for dimer design when reconstructing protein sequences from backbone structures. More-

over, the success rate of the generated sequences using AlphaFold in single-sequence mode

is commendable, especially in generating structures with a TM-score above 0.9 (Figure 4.1c).

In order to better characterize the model, we analyzed the interpretability of the prediction’s

confidence. The Pearson correlation of 0.88 between prediction confidence and the sequence

recovery rate suggests that model’s confidence can be a reliable indicator of prediction qual-

ity (Figure 4.2a). Next, we analyzed the relationship between prediction confidence and the

likelihood of the prediction being accurate across all amino acids (Figure 4.2b). Based on

these insights, we derived a score from the prediction confidence. This score effectively quan-

tifies the accuracy of the prediction of the model. Our analysis revealed a linear relationship

between this interpolated score and the recovery rate (Figure 4.2c). Thus, the score offers an

estimate on the quality of a generated sequence.

a b c

Figure 4.2: Prediction confidence analysis. (a) Recovery rate as a function of the average maximum
prediction score (943 structures from the testing dataset). (b) Relationship between prediction confi-
dence and the prediction accuracy for each amino acid type (4096 subunits from the training dataset).
(c) Rescaling prediction score into a prediction confidence correlated with the probability to be cor-
rect (943 structures from the testing dataset).

4.2.2 Flexible sequence sampling strategies

In contrast to other methods, CARBonAra uses multi-class amino acid predictions that gener-

ate a space of potential sequences, opening various possibilities for sequence sampling. For

example, one can tailor sequences to meet specific objectives, such as achieving maximal or

minimal sequence identity, or low sequence similarity in order to design unique sequences

with a specific fold (Figure 4.3, see also Methods 2.4.3).
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Figure 4.3: Analysis of different sequence sampling approaches using AlphaFold with MSA. (a)
Local Distance Difference Test (lDDT) of AlphaFold predicted structures against scaffold monomers
from sequences generated using CARBonAra with, as objective, maximum sequence identity, mini-
mum sequence identity, and low sequence similarity. (b) lDDT of the AlphaFold predicted structures
as a function of the expect value (E-value) of the generated sequences. (c) Close up on the generated
sequences with a high E-value. (d) Using the birch pollen allergen Bet v 1 protein (PDB: 6R3C) as a
scaffold, in white, a new sequence was generated with a low sequence similarity as objective. The Al-
phaFold predicted structure, in red, has a lDDT of 70 with the reference. The generated sequence has
a 7% identity and 13% similarity with the original scaffold protein. When compared to the reference,
the predicted structure has a lDDT score of 70.

We observed that the model is able to learn the tighter amino acid packing at protein cores

thus resulting in higher recovery rates and fewer amino acid possibilities for buried amino

acids (Figure 4.4a-c). As such, CARBonAra confidently recovers core amino acids while

demonstrating greater flexibility on the protein’s surface, unless additional functional or

structural constraints are provided.

a b c

Figure 4.4: Analysis of buried against surface amino acids. (a) Sequence recovery, (b) number of
predicted options per position and (c) number of residues as a function of the average Cβ distance of
the 8 nearest neighbours (18866 structures from the testing dataset).
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An informative way to refine the sequence space uses dynamics as a constraint. By applying

CARBonAra to structural trajectories from molecular dynamics (MD) simulations, we were

able to improve sequence recovery, especially in cases that previously showed low recovery

rates (Figure 4.5). Simultaneously, we observed a reduction in the number of possible amino

acids predicted per position. This further limit the sequence space and could enable the

design of targeted structural conformations.

Figure 4.5: Effect of conformations changes on recovery rate. Comparison of the sequence recov-
ery between the predicted sequence on crystal structures and the consensus sequence predictions
derived from 500 frames sampled from 1 µs molecular dynamics simulations for 80 monomers.

4.2.3 Context-aware sequence generation

More importantly, leveraging PeSTo’s architecture, this model has the new ability to perform

protein sequence prediction conditioned by a specific non-protein molecular context. On a

test set similar to the one used for PeSTo, we show that the overall structure median sequence

recovery increased from 54% to 58% (Figure 4.7) when an additional molecular context is

provided. In particular, CARBonAra achieves median sequence recovery rates at the inter-

face of 56% when protein interacting partners are considered and 55% when nucleic acids

are used as interfacial restraints, providing a significant improvement over predictions with-

out context (Figure 4.6a). Similarly, the recovery rate at the interface improved significantly if

small-molecule entities such as ions (67%), lipids (57%), and ligands (60%) are included (Fig-

ure 4.6a). Including these molecules boosts sequence recovery in their surroundings, and

reduces the number of amino acid possibilities to sample from (Figure 4.6b). This shows

CARBonAra’s power to properly craft the residue types required for the binding of specific

molecules.
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Figure 4.6: Context-aware amino acid recovery extends to various biomolecules. (a) Sequence re-
covery at the interface (residues within 5 Å) without and with proteins, nucleic acids, ligands, ions, and
lipids binders. (b) Number of predicted possible amino acids per position at the interface (residues
within 5 Å) without and with proteins, nucleic acids, ligands, ions, and lipids binders (considering a
confidence prediction threshold of 0.5). (c) Colicin E7 endonuclease domain in complex with DNA
and a zinc ion (PDB: 1ZNS). The protein-DNA interface (residues within 4 Å) is highlighted in blue.
The protein-zinc shell is highlighted in red (residues within 3 Å). (d) Estimated accurate prediction
probability for the scaffold amino acids at the protein-DNA interface and the protein-zinc shell with
and without the presence of DNA and zinc. (e) Nitrocefin docked in the active site of the β-lactamase
TEM-1 (PDB: 1BT5). Relevant residues for substrate recognition and hydrolysis are shown in blue, ni-
trocefin in green, and the catalytic water molecule in red. (f) Prediction confidence with and without
the substrate for the relevant amino acids for binding. (g) Correlation of the predictions with deep se-
quencing analysis of TEM-1. (h) Correlation variation by adding the context (nitrocefin and catalytic
water) for the amino acids close (in Cβ distance) to the substrate.
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Figure 4.7: Benchmark of different use cases. Sequence recovery distribution for systems of
monomers, multimers and any biomolecules (18866 structures from the testing dataset). The me-
dian sequence recovery is indicated for each case.

An exemplary case to illustrate the power of this approach is the endonuclease domain of

ColE7, which interacts with duplex DNA in a zinc-dependent manner[116]. The sequence

recovery rate obtained by CARBonAra showed a significant increase from 29% to 52% at the

metal and DNA interfaces when the zinc ion or the 12-bp DNA duplex was included as re-

solved in the native structure (Figure 4.6d). Thus, imposing the presence of non-protein in-

teracting interfaces can enhance the sequence recovery rate significantly, also with respect

to predictions done by ProteinMPNN (24%) and ESM-IF1 (43%). Interestingly, when a non-

native molecular context is provided such as a larger ion (e.g., calcium) the sequence recov-

ery rate decreased (Figure 4.8). Thus, the predicted amino acid confidence of an ion pocket is

widely dependent on the given context, as illustrated also for the metallo β-lactamase BJP-1

(Figure 4.9).

Figure 4.8: Effect of changing the ion type on the prediction. The prediction confidence for the
three most important amino acids for ion binding in the case where the zinc ion of Colicin E7 is re-
placed with a calcium ion.
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b c

d e

a

Figure 4.9: Ion binding pocket design. Effect of the ion context on the optimal predicted sequence
in the case of a metallo β-lactamase zinc binding pocket. (a) Metallo β-lactamase structure with a
pocket containing two zinc ions (PDB ID: 3LVZ). (b) WT pocket of the metallo β-lactamase. Pocket of
an AlphaFold predicted structure with a designed sequence applied to the scaffold structure without
zinc ions (c), containing the original zinc ions (d) and containing a manually placed chloride ion (e).

Relevant for enzyme design is the possibility to design sequences under the restraints pro-

vided by a desired substrate or high-affinity ligand. To test this case, we explored CAR-

BonAra’s ability to predict the sequence of a TEM-1β-lactamase-like enzyme when the native

context at the active site is provided (Figure 4.6e). Without context, the catalytic S70 and sub-

strate binding R244 are never predicted positively (confidence of 0.39 and 0.11 respectively,

Figure 4.6f), however, when the prediction is done with a β-lactam (here nitrocefin) docked

at the catalytic pocket, the catalytic triad S70, K73, and E166, along with key residues neces-

sary to β-lactam binding (i.e., N132, R244) all have a high prediction confidence (> 0.8) and

low ranking (top 2) (Figure 4.10). Importantly, in this case, the sequence recovery is maximal

when also the catalytic water is considered, hinting at a very high sensitivity for the molecular

context.

Figure 4.10: Effect of the docked nitrocefin and catalytic water in TEM-1 on the prediction ranking.
Rank of the prediction from maximum to minimum confidence for the 5 important amino acids at the
pocket without and with the docked nitrocefin and catalytic water.
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Given that TEM-1 β-lactamase has been widely studied, we took the occasion to probe what

information CARBonAra’s residue-wise amino acid probabilities provide when compared to

experimental data. We correlated the estimated probabilities to the residue-wise amino acid

probabilities measured experimentally through deep sequencing of a saturated mutagenesis

library of the TEM-1 β-lactamase[81] (Figure 4.6g). We observed an average correlation of

0.51 ± 0.21 for CARBonARa with deep sequencing data, which is similar to the correlation

between the deep sequencing data with the multiple sequence alignment of this enzyme’s

family (0.52 ± 0.22). This shows that CARBonARa’s estimated probabilities can capture func-

tional sequence variability, a central topic in the realm of protein evolution[117, 118]. More-

over, we observed that adding the context to the active site of TEM-1 (i.e. docked nitrocefin

and the catalytic water) improved the correlation locally (i.e. for amino acids within 5 Å) but

also affects the predictions of amino acids further away (up to 10 Å). These results hint at the

possibility to use CARBonAra for the study of the effect of a specific context locally as well as

their long-range influences (Figure 4.6h).

4.2.4 In silico de novo structure design

We then applied our sequence prediction method, CARBonAra, to de novo protein design

with a specific aim to create a non-natural protein fold. Our target was a triangular struc-

ture made out of alpha helices, featuring a holo core rather than the typical hydrophobic

core found in most proteins. A rough template of the desired structure was initially prepared

manually and subsequently refined using Foldit[119]. Once refined, CARBonAra was used to

predict the sequence for this structure. We validated this sequence by generating its corre-

sponding structure in-silico using AlphaFold.

The design process was iterative, involving multiple cycles of prediction and refinement.

Each cycle used CARBonAra for sequence prediction, AlphaFold for in-silico structure val-

idation, and Foldit for structural refinement. We continued this iterative process until the

structure reached a high predicted lDDT score with AlphaFold in single sequence mode. The

final structure, as shown in Figure 4.11, successfully captures the intended non-natural shape,

showing, in-silico, the effectiveness of our approach.

We used CARBonAra to sample sequences and subsequently folded them using AlphaFold

in single sequence mode. This process was iteratively performed until we obtained five se-

quences that exhibited a pLDDT score above 80 and conformed to the target triangular shape.

The five best sequences were then subjected to experimental testing to assess their viability.

The results confirmed that all five sequences were expressible and soluble. Further valida-

tion was conducted using circular dichroism spectroscopy. The data from the spectroscopy

showed that all five constructs are predominantly helical in their secondary structure. This

aligns well with the in silico results, however more experimental testing should be performed

to very that the fold corresponds to the computational prediction.
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Very high (plDDT > 90)

Confident (90 > plDDT > 70)

Low (70 > plDDT > 50)

Very Low (50 > plDDT)

Figure 4.11: AlphaFold predicted structure of a de novo designed triangle protein. Fernando Meire-
les built the template triangle structure manually and using Foldit. From this initial template, we gen-
erated an optimized sequence using CARBonAra. We show here the AlphaFold predicted structure in
single sequence mode (average predicted lDDT of 88.9).

4.3 Discussion

CARBonAra offers a new approach to predicting protein sequences based on their backbone

geometry. By using a geometric transformer architecture, it can operate in a structure-centric

manner across different molecular contexts.

The method is flexible in its sampling strategies. It can operate through direct sampling meth-

ods for straightforward applications. Additionally, it is context-aware and can adjust predic-

tions based on interactions with not only proteins but also other types of biomolecules like

nucleic acids, lipids, ions, and small molecules. This added layer of context can improve the

accuracy of sequence predictions. There’s also potential for using dynamics as a constraint

in sampling, offering a more realistic representation of molecular behavior.

Pairing the capabilities of CARBonAra with modern diffusion models for backbone confor-

mation sampling opens new opportunities for designing protein-based materials and thera-

peutics. Overall, CARBonAra broadens the scope of computational approaches in the field,

offering both enhanced predictive accuracy and broader applicability.
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5 Conclusion and perspectives

5.1 Summary

In summary, this work represents significant advancements in three main domains: new

method development in deep learning, binding interface prediction, and sequence predic-

tion from backbone scaffolds.

Method Development

We have successfully defined, developed, and implemented a novel neural network opera-

tion known as the Geometric Transformer. This operation harnesses the properties of global

translation and rotation symmetry, ensuring that the Geometric Transformer is both transla-

tion invariant and rotation equivariant. This unique characteristic offers robustness in pro-

cessing any structures. Further enhancing the capabilities of our method, we introduced a

new self-attention operation, the Geometric Pooling. This operation plays a crucial role in re-

ducing and embedding the point cloud state, making it possible to transition from an atomic

to a residue point cloud representation.

Building upon these foundational operations, we then established an architecture named

PeSTo, an acronym for Protein Structure Transformer. One of the standout qualities of PeSTo

is its inherent simplicity. It operates directly on structural data without necessitating any pre-

processing and effectively processes any point cloud of atoms. This direct approach not only

streamlines the prediction process but also minimizes potential sources of error introduced

during preprocessing. Lastly, the modularity of PeSTo is one of its significant strength. Its

design ensures that it can be easily adapted and applied across a variety of tasks, highlighting

its general applicability in structural biology.
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Binding interfaces prediction

PeSTo has proven itself as a formidable tool in predicting the binding interfaces of proteins

with a wide range of biomolecules. Notably, this includes interactions with other proteins,

nucleic acids, ions, ligands, and lipids. Comparative analysis revealed that PeSTo surpasses

existing methods, especially in predicting protein-protein interfaces, placing it at the fore-

front in this domain. We also demonstrated that PeSTo is able to predict binding interfaces

with limited data. This capability was highlighted through its accurate predictions involving

lipids, carbohydrates, and notably, cyclodextrins.

In terms of scalability and applicability, we challenged PeSTo by employing it to predict inter-

faces for a vast number of structures produced by AlphaFold. The results of these predictions

is what we have termed the "interfaceome", a comprehensive database of interfaces. The cre-

ation of the interfaceome not only attests the efficiency of PeSTo efficiency but also positions

it as a powerful tool for extensive protein interaction analyses.

Inverse folding problem

In our studies, we also demonstrated that PeSTo can be used for more than just protein in-

terface prediction. We applied it to the inverse folding problem and developed a method

named CARBonAra for this purpose. CARBonAra was shown to perform as well as other lead-

ing methods in predicting sequences from backbone scaffolds. We evaluated, in-silico, the

method using AlphaFold and AlphaFold-multimers: by predicting the structure based on the

sequences generated with CARBonAra. One key feature of CARBonAra is its ability to work

with both protein and non-protein molecules. This is because PeSTo can handle any type of

atomic point cloud. When given information about the structural context, CARBonAra can

adjust and improve its predictions. Finally, we found that CARBonAra can work with a variety

of structural contexts, ranging from proteins and nucleic acids to ligands, ions, lipids, and

water molecules.

5.2 Importance and Implications

Conceptual significance

One important conceptual significance of this work is the strategic choices made in structure

representation and model architecture. One primary consideration was to keep the struc-

tural description as general as possible. The aim behind this was twofold. First, a general

framework has the intrinsic capacity to be applied across a broad array of applications. This

breadth is advantageous as it increases the method’s utility in diverse research areas. Second,

having a flexible framework allows for adaptability. In situations where a particular problem

proves too challenging to solve with the available dataset, the model can be easily repurposed

for a different task. This provides a level of robustness and ensures that the work remains rel-
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evant and applicable, even as new challenges emerge in the field of structural biology.

To demonstrate this flexibility and broad applicability, we successfully applied the architec-

ture to two distinct but equally challenging problems: predicting binding interfaces and pre-

dicting sequences from a protein backbone. This not only validated the approach but also

showcased its versatility, substantiating the concept that a well-designed, general model can

indeed serve multiple purposes effectively.

It is worth emphasizing the type of representation chosen for atoms, as it plays a central role

in the effectiveness and versatility of the model. The selected atomic description is intuitively

aligned with physics. Each atom is described by a scalar state, which can encapsulate various

properties like charge and mass. Additionally, every atom is associated with a vector state

that can contain information about velocity, momentum, spin, and so on.

This choice in representation does not just stop at basic atomic properties; it also captures

geometrical specifics. Bond angles and dihedral angles, for instance, often have energetically

more favorable conformations. The vectors are designed to hold this geometric information

without overall additional complexity.

This atomic and geometric representation can also be exploited for further research and ap-

plication. One intriguing avenue is to use these vector states as inputs for the geometric trans-

former. For example, incorporating velocity information into the model could be particularly

useful for accelerated molecular dynamics. Moreover, the output vector states of the geomet-

ric transformer could be useful for sampling different conformations. The output vector state

could also be applied for the fitting or refining of atom coordinates in a Cryo-EM density map.

For this, we could adapt the geometric transformer operation to integrate the density based

information, adding another track to the architecture for predicting the coordinates of the

atoms in the Cryo-EM map. The vector input and output open up new possibilities for the

application of the model in more complex and nuanced tasks in structural biology.

Implications of the general interface prediction

While we have generalized the prediction to include a variety of biomolecules, there is room

to push the boundaries further. For protein-protein binding interfaces, our preliminary ex-

periments indicate promising results in identifying specific amino acids that come into con-

tact at the interface. This application could shed light onto the nature of protein-protein

interactions. Specifically, it could be employed to analyse the specificity or non-specificity of

certain amino acids within an interface and identify key residues that play a crucial role in

the binding mechanism.

Building on this concept, the framework can also be adapted to predict detailed protein bind-

ing interfaces with nucleic acids, such as DNA and RNA. This extension could revolutionize

our understanding of protein-DNA and protein-RNA interactions. For instance, we could

foreseeably predict specific binding motifs, thereby adding another layer of granularity to the
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existing body of research. Such detailed predictions open new avenues for the exploration

and understanding of complex biological systems.

Broader impact of this work

The conceptual reach of this work is not limited to proteins; it invites a more comprehen-

sive view of biomolecules. For example, using CARBonAra, the sequence prediction model,

we can in theory design protein binders that interact specifically with DNA or RNA. These

binders can be fine-tuned to optimize specificity or non-specificity of the binding motif. Ad-

ditionally, the problem can be easily reversed to predict DNA or RNA sequences based on a

specific backbone structure of DNA or RNA in the context of a known protein.

A key strength of the architecture is its agnosticism toward the type of biomolecule. It only

requires atomic elements and coordinates for its calculations, making it broadly applicable.

More specifically, the model can be applied to non-standard amino acids and understand the

nuances in chemical differences of post-translational modifications. This feature allows for

the approach to be extended to more complex biomolecules like glycans.

Furthermore, the agnostic nature of the architecture of the model allows its application to

extend beyond the realm of biomolecules. The same principles could be employed in various

disciplines including chemistry, material science, and physics. This versatile approach offers

a powerful tool for studying a wide array of molecular interactions, paving the way for future

advancements in multiple scientific fields.

Future directions in drug discovery

The potential applications of this work in drug discovery are particularly promising. Although

drug discovery is a multifaceted and highly competitive field, there are more straightforward

problems where the architecture can make immediate contributions. The first important

question, this application can help solve is the identification of cryptic pockets in proteins.

Training the model for this specific task could provide a valuable tool for screening new tar-

gets for drug interaction, a pivotal step in drug development.

Second, the architecture can be extended to predict interfaces with specific fragments of lig-

ands. By training the model using a loss inspired from the Contrastive Language–Image Pre-

training (CLIP), it becomes possible to scan a large library of compounds to identify potential

drug candidates. This could result in methods that are more efficient than currently existing

ones, offering a more robust toolset for drug design. Overall, the technology has the capacity

to advance not only the field of structural biology but also to make significant strides in the

ever-important domain of drug discovery.

Addressing more complex issues in drug design requires identifying the current weaknesses

of existing methods. In my view, the central bottleneck is the accurate modeling of interac-
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tions between molecules. Protein structures are inherently dynamic and function within a

specific biological context. This adds layers of complexity when searching for targets; if the

optimal conformation space of a specific target is not known or available, the accurate com-

putation of binding affinity becomes challenging.

Another key issue lies in the docking of ligands and scoring their likelihood of binding in a

given conformation. Here, an intriguing solution could be the computational co-folding of

proteins with ligands, aimed at achieving accurate protein-ligand docking. The PeSTo archi-

tecture, relying on atomic elements, coordinates, and the molecular topology, could poten-

tially be adapted for this purpose. Such an algorithm could engage in first-principles struc-

ture determination both folding the protein and resolving other molecules without the need

for external information such as Multiple Sequence Alignment (MSA). The details of the pro-

posed approach will be elaborated on in a subsequent section.

Potential of this foundational method

The geometric pooling operation we introduced, which reduces information from the atomic

to the residue level, is highly adaptable and can be generalized for varying degrees of com-

pression. This opens the door for more extensive structure embedding, beyond just the

residue level. In practice, the geometric transformer and geometric pooling operations can

be interwoven in series. By doing so, the architecture is capable of incrementally processing

and compressing structural information down to a single geometric point.

This architecture essentially forms the encoder module of a full autoencoder setup. The util-

ity of such an encoder extends beyond our initial applications; it could be particularly useful

for predicting global properties of a structure. Examples include thermal stability, biological

function, or even the subcellular localization of a given protein. Thus, the extension to an au-

toencoder architecture amplifies the range of problems that can be addressed in structural

biology.

Next, the decoder module can be build using geometric unpooling operations that allows for

the progressive decompression of the encoded information to recover the original structure.

More specifically, I suggest that the unpooling operation is dependent on the geometric infor-

mation encoded within the vector states and can be structured in a U-net style architecture

for effective decoding. I propose to employ an attention mechanism within this decoding

phase. In this setup, the scalar states of the compressed state serve as the keys, the vector

states of the compressed state act as the values, and the scalar states from the prior uncom-

pressed state serves as the queries.

Combining the encoder and decoder modules form the full autoencoder architecture. It en-

ables the embedding of structures in a latent space that can be subsequently decoded to re-

cover the structure. The autoencoder architecture offers versatility for different applications.

One such application is the embedding and sampling of molecular conformations. By en-
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coding conformations into and sampling conformations from a latent space, the model can

efficiently generate new, plausible states.

As mention previously, another promising application lies in first-principles protein folding.

A straightforward way to achieve this would be to feed the model atomic elements, topology,

and random coordinates. The architecture could then iteratively refine these initial condi-

tions to approach the target structure. An enhancement to this would be to incorporate tech-

niques inspired from the stable diffusion approach, allowing for diffusion in the latent space

to more efficiently and accurately recover the target structure.

In drug docking scenarios, the complete folding of the protein might not be necessary if we

already have the undocked structure of the protein. In such cases, the model could take the

undocked protein and ligand structures as inputs and predict the docked ligand with the

protein, allowing the conformation to adapt to the ligand if necessary. In a broader perspec-

tive, first-principles structure prediction could model the interactions between any type of

molecules such as protein-lipids for perpheral membrane proteins or to study the implica-

tions of non-natural amino acids such as post-translational modifications.

In conclusion, the significance of this work extends beyond the developed examples. Given

that the model is agnostic to the type of biomolecules and the composition of the system, it

offers the potential to predict and model interactions between any types of molecules at the

structural level. This universality could have profound implications across various scientific

domains.
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Disclaimer

The following section is adapted from the unpublished work.

Contributions

L.F.K., C.C. and M.D.P. designed the research project. L.F.K. implemented the transport pro-

cessing pipeline. C.C. conducted the experiments. L.F.K., C.C. and M.D.P. analyzed the re-

sults.

A.1 Introduction

Nanopores are pores on the nanometer scale allowing the transport of small molecules

through thin surface material. There are two families of nanopores: biological or organic

nanopores and solid-state or inorganic nanopores. Biological nanopores are usually toxins

produced by bacteria in order to create a hole in the membrane of a cell, leading to an unreg-

ulated flow of ions and small molecules and the death of the cell. Solid-state nanopores are

man-made pores in materials with a thickness of several nanometers.

It has been observed that the translocation of small molecules through a nanopore generates

current blockades that can be used as a signature to identify single molecules [120]. Moreover,

nanopores can also be applied to polymers such as DNA, enabling nanopore-based sequenc-

ing [121]. Using nanopores as a sensing method opens the door for various applications in

single-molecule characterization, as well as other ways to store digital information [122]. Bi-
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ological nanopores have multiple significant advantages over their solid-state counterparts.

First, pore-forming toxins are self-assembling and will automatically insert themselves into a

lipid bilayer. For most nanopore, the self-assembly consistently creates pores with the same

structure and a hole of the same size. Second, the structure of the nanopore can be finely

tuned with mutations to fit a specific application [123][124].

Analyzing transport signal is a complex task due to the low signal-to-noise ratio (SNR). This

low SNR makes it challenging to accurately detect and analyze events in the data, as the actual

signals are often obscured by noise. Various methods have been developed to process these

signals and to detect and analyze events more effectively [125, 126]. Traditional approaches

might include filtering techniques and statistical methods for step detection. However, these

methods often fall short when dealing with the complexities and ambiguities presented by

the low SNR, particularly for short and fast events.

Deep learning techniques have shown promise in tackling this problem. Specifically, convo-

lutional neural networks (CNNs) and recurrent neural networks (RNNs) have been applied to

the classification of translocation events in transport signals[127]. CNNs are particularly use-

ful for spatial pattern recognition and can extract hierarchical features from the data, while

RNNs can capture temporal dependencies, which are often important in the context of trans-

port events.

In this work, we introduce a data analysis pipeline designed specifically for processing and

analyzing large volumes of transport signals. The signals are measured with the experimental

setup explained in Figure A.1. The pipeline is constructed to manage the complexities and

challenges inherent in signal data. We have applied this pipeline to two distinct applications:

the classification of tailor-made polymers for data storage[122] and the identification of post-

translational modifications (PTM) on disordered peptides.

The tailor-made polymers were designed to encode ’0’ and ’1’ using monomers with very

different sterical volumes, as described in our previous work[122]. They are terminated by

two adenosine and a padding ’0’: ’AA0...0AA’. The ’0’ and ’1’ in the middle of the chain defines

the information stored. For instace, we have 1-bit (’AA0x0AA’), 2-bits (’AA0xx0AA’), 3-bits

(’AA0xxx0AA’) and 4-bits (’AA0xxxx0AA’).
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Figure A.1: A single nanopore, in this case aerolysin, is inserted in a lipid bilayer. A voltage
is applied to the conductive buffer between the cis and trans chambers. The charged linear
analyte is capture by the pore and translocated through the pore resulting in a blocked cur-
rent: an event. The chemical properties of components of the polymer can displace a vary-
ing amount of current, enabling the identification of different type of analytes with a unique
event fingerprint.

A.2 Methods

We describe here the transport signal processing (TSP) pipeline to detect and process translo-

cation events for the classification of polymers. The first stage semi-automatically processes

raw measurements by segmenting the signal, detecting the open pore current, detecting the

events, and processing the events. The second stage is used to manually select segments and

events by filtering out outliers. The processed selected events can then be used for further

analysis or deep learning applications.

A.2.1 Signal processing

We assume that all the measurements are done at a constant voltage. First, the signal is di-

vided into multiple segments in order to remove unwanted measures, see Figure A.2a,b. The

segmentation is done using voltage discontinuities that can indicate that the pore is blocked.

It is also segmented by scanning on an 8s window for large current variations from the mean.

For each segment, the open pore current is automatically detected and the current distribu-

tion is fitted with a Gaussian function to extract the average and standard deviation (σ) of the

open pore current.

Events processing

For each segment, the events are detected and processed, see Figure A.2c. Events are detected

using a detection threshold at 3σ from the average open pore current. We then process each

event by extracting the core of the event using an adaptive cut-off within the event to remove

the tails of the event. The local extrema are extracted. The relative current is defined as the
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current divided by the average open pore current. It is used to normalize small variations in

open-pore current between measurements.

Segments and events filtering

Segments of the signal with no current or multiple pores are filtered using an upper and lower

threshold on the average open pore current. Moreover, segments with a high open pore cur-

rent noise level (σ > 4.2 pA) that can indicate an issue with the pore or the experimental setup

are filtered. Events with a dwell time between 0.4 and 30ms are kept while discarding short

spike events and rare long events. Moreover, outliers are discarded by keeping events with

an average relative current between 10 and 60%. On average, ∼90% of non-spike events de-

tected are kept. Spike events are defined as purely convex events without any distinct local

maxima within the event.

Data analysis

In our data analysis, we employed several statistical methods to assess the signal of events.

Specifically, we calculated the mean, standard deviation, kurtosis, and skewness of the cur-

rent within the event. These statistics provide a comprehensive understanding of the distri-

bution characteristics of the signal, helping us identify patterns or anomalies. In addition to

statistical analysis, we also used k-means clustering on interpolated events. This technique

allows us to group similar events together, making it easier to observe trends or differences

within the dataset. The interpolation before clustering ensured that the events were compa-

rable on a similar scale.

We implemented a consistency check using the Kullback-Leibler (KL) divergence between

measurements. This helped us quantify the similarity or divergence between different sets

of statistics, thereby allowing us to validate the reliability of our data analysis procedures.

Lastly, we developed an algorithm for levels analysis, employing a multi-Gaussian fit on the

local extrema distribution. This advanced method helps us identify multiple states or levels

within the signal, which is critical for understanding more complex event structures.

Overall, our data analysis involved a mix of statistical metrics, clustering, consistency checks,

and advanced fitting techniques to provide a comprehensive evaluation of the event signals.
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%
3σ

Figure A.2: (a) Example of raw signal segmentation using voltage or current discontinuities
from a measurement of AA00100AA at 25°C and 100 mV. (b) Part of a segment showing the
open pore current signal and events. (c) Example of event detection and processing using an
adaptive cutoff and local extrema extraction. (d) Deep recurrent neural network for events
classification using the local extrema as input features composed of a long short-term mem-
ory (LSTM) layer with state size 64 and a multilayer perceptron (MLP) with 4 hidden layers
of size 256. The output of the model illustrates the classification task for the 1 to 4-bits poly-
mers.

Deep learning

The local extrema position in relative current and time within the event are used as input fea-

tures. The events can have different lengths, so we used a long short-term memory (LSTM)

recurrent neural network, which is well suited for the variable sizes of inputs. The deep learn-

ing model is composed of the blocks of operations, see Figure A.2d. First, a single pass LSTM

layer with state size 64 reads and encodes the variable length input features. Second, a mul-

tilayer perceptron (MLP) with 4 hidden layers of size 256 decodes the output from the LSTM

layer and identifies the event. The model is trained to identify single events using the cross-

entropy loss as a criterion. The number of classes depends on the classification task. The

architecture can be adapted to different classification problems based on the data quality

and quantity. An optional, filtering RNN can be trained in parallel. It is a scaled-down ver-

sion of the classification RNN trained to assess the quality of the predictions. It is used in

conjunction with the classification confidence to filter out events with low confidence pre-

dictions.
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Datasets

We applied our method to two different classes of polymers: tailor-made polymers and pep-

tides with PTMs. The task of polymers identification was divided into five tasks: 1 bit (71’000

events, 2 classes), 2 bits (440’000 events, 4 classes), 3 bits (550’00 events, 8 classes), 4 bits

(2’850’000 events, 16 classes) and 1 to 4 bits (3’910’000 events, 30 classes) polymers. The task

of PTM identification was divided into 3 tasks: Localized PTM (WT, nY125, pY125) (64’000

events), single PTM (WT, nY125, nY136, pS129, pY125) (100’000 events), multi-PTMs (WT,

nY125, nY125nY133nY136, nY136, pS129, pY125, pY125pS129) (120’000 events).

To create a proper train, evaluation, and test dataset, we grouped events based on their seg-

ment of origin. This approach ensures that events in each dataset come from different blocks

of measurements. By doing so, we mitigate the risk of overfitting and introduce a level of gen-

eralization. The advantage of this segmentation strategy is that it makes the events unbiased.

This is crucial for the practical application of our model, as it ensures that the trained model

can be effectively applied to new, measured segments in real-world scenarios.

A.3 Results

We defined and developed a method for the classification of tailor-made polymers and then

applied the same protocol to the identification of PTMs from peptide translocation events.

A.3.1 Events processing and features selection

We observed that the trained models were not performing as well when evaluating them on

events measured from another instance of the pore. Mainly, the experimental conditions

are not exactly the same, and the open pore current can be different between measurement

instances. We hypothesized that the first current drop when the polymer enters the pore and

the current increase when the polymer is leaving is dependent on the instance of the pore

but not relevant to the identification of the polymers. Using our adaptive cutoff, we obtain an

accuracy of 93±1% on events core instead of 81±2% for raw events on the validation dataset

for the same training accuracy of ∼95%. Extracting the core of the event forces the model

to recognize patterns within the event instead of using the current changes when the event

enters and leaves the pore to recognize the pore instance. Therefore, we show that our trained

models are generally applicable to subsequent instances of the pore.

Using normalized events (z-score), we obtain an accuracy of 72±1% against 93±1% for raw

events core on the validation dataset. Further analysis revealed that the rescaling of the am-

plitude of the signal (dividing by the standard deviation) is the major contributor to the de-

crease in performance with an accuracy of ∼75% against ∼85% for current centered events

only on the validation dataset. Therefore, rescaling the events distort some information im-

portant for the identification of the polymers.
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As a baseline, we trained and evaluated a simple fully connected neural network (NN) on

handpicked features. The selected features are the dwell time, the relative current average,

standard deviation, skewness and kurtosis, the number of local extrema, and the peak to

peak relative current. For 1-bit, 2-bits, and 3-bits polymers, we obtain an accuracy of 92±1%,

79±2%, and 76±1% for the RNN model respectively and 89±1%, 91±1%, and 71±2% for the

NN model respectively. We observe that the hand-picked features do not scale well with the

increasing number of classes.

A.3.2 Evaluation of the deep learning model

In evaluating our deep learning model, we found that it performs robustly in both polymer

classification and PTM identification tasks, see Figure A.3a,d. The model achieved a con-

sistent ROC AUC score of approximately 0.9 across all classification tasks, indicating a high

level of performance. It is noteworthy that the performance of the model scales well with the

number of classes. While identifying events becomes theoretically more challenging as the

number of different polymers increases, our model maintains a strong ROC AUC score. For

instance, in a 1-bit case with only two combinations, the model performs just as well as in a

4-bit case with 16 combinations.

Another key finding is that the accuracy of event classification is directly correlated with the

dwell time of the event, as shown in Figure A.3b,e. Short events, which contain less informa-

tion and more noise, are harder to classify accurately. Conversely, the longer the event dwell

time, the more information is available for accurate identification.

We also introduced a fine-tuning step based on confidence levels to ignore events of poor

quality (Figure A.3c,f). With a selection rate of 1 in 2 detected events, the model already

shows high accuracy across all classifications. However, when we tightened the selection rate

to 1 in 4 events, the predictive accuracy of our model was maximized.

In summary, our deep learning model not only performs well in classifying polymers and

identifying PTMs but also shows scalability with the number of classes. We show that there

is a direct relationship between event dwell time and classification accuracy. Furthermore,

the performance of the model can be fine-tuned by using confidence levels to filter out low-

quality events.
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Figure A.3: Assessment of our deep learning model on polymers (a,b,c) and post-
translational modifications (PTMs) (d,e,f) classification tasks. (a,d) Receiver operating char-
acteristic (ROC) curve and area under the curve (AUC) scores. (b,e) Model accuracy as a func-
tion of the dwell time of the events. (c,f) Model accuracy for different confidence thresholds
is expressed as the selection rate of the events.

A.4 Discussion

These applications showcase the versatility and broad applicability of our methodology. Our

results demonstrate that the pipeline performs well in single-event analysis across different

types of analytes. This underscores the utility of our approach, highlighting its potential for

diverse applications in the field of transport signal analysis.

Our method can be extended to general sequence-to-sequence prediction using the con-

nectionist temporal classification loss [128]. It would allow us to generalize our method to

the prediction of the sequences of polymers with arbitrary lengths. Moreover, events inter-

pretability using approaches such as integrated gradient [129] can be used to analyze and

understand translocation events. Transformers [26, 27] are the current leading deep learning

approach for natural language processing. Unlike recurrent neural networks such as LSTM or

GRU, the computational complexity of transformers scales with the input length. Due to the

length of the events, recurrent neural networks are more competitive than transformers due

to the scaling computational complexity. Improving the classification and reading of analytes

could be achieved using linear time and space complexity with linformer [130] or performers

[131]. As an added benefit, the integrated attention mechanisms in transformers can be used

to interpret events. This information can be used to improve pore designs and experimental

conditions.
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ska, A. Liwo, E. A. Lubecka, M. Maszota-Zieleniak, A. K. Sieradzan, R. Ślusarz, P. A. We-
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