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Subject description 

In the last decade, research in computer vision and artificial intelligence has achieved disruptive results in 
the recognition and synthesis of objects in images by means of deep learning (DL) algorithms, large 
annotated datasets, and adequate GPU resources. However, most existing architectures and algorithms 
having been developed for 2D images, recent successful learning techniques, e.g. convolutional deep 
networks (CDN), do not easily generalize to the most common form of 3D data (point clouds or polygonal 
meshes).  

    While CDNs have been used in some 3D data, e.g. face [TZK+17, TL18] and body modeling [TBC17, 
TYF17, KBJM18], 3D object [WXX+16, MS15, WSK+15] or scene [LYB19] recognition and 
classification, their interest in modeling of complex 3D shapes has not yet been fully explored, and 
extending the learning ability to 3D data remains largely an unexplored area. The majority of DL techniques 
designed for 3D data uses volume as input [WXX+16, MS15, WSK+15], a straightforward 3D equivalent 
of the regular grid structure of 2D images. Such volume representation drastically limits the dimension of 
data that can be learned, and more importantly, does not describe well the boundary shape as found in most 
surface data, i.e. triangle mesh. Alternatively, deep neural networks (DNN) developed for estimating 3D 
shapes from 2D image input adopt limited 3D shape representation such as depth map [SSN09], UV map 
[GNK18], or parametric models of known class of objects such as face [TZK+17, TL18] or body [TBC17, 
TYF17, KBJM18].  

    The aim of this thesis study is to represent and learn 3D structure of a specific class of biological 
objects, e.g. proteins. Determining and studying 3D structure of proteins is a key question in structural 



 
  

 
biology, because structure is related to biological function. Each 3D structure can be described by a defined 
topology, e.g fold. Interestingly, the total number of folds in nature is limited to nearly 1500, leading to the 
relevant question of how protein fold and biological function are related. More specifically, we will design 
and develop devoted descriptors as well as DL architecture that can identify and characterize the 
fold based on the tertiary (3-dimensional) structure of a protein chain, which is composed of a defined 
sequence of amino acids.  

   Previous attempts have used sequence-conservation or frequency-based descriptors of primary [DD01] 
and secondary [WLGZ15, ZDW11] structures, neglecting 3-dimensional structural features. Recent DL 
techniques developed in this context tend to focus on fold recognition by using template protein whose 3D 
structure is known [JHEC15], or sequence-to-fold prediction [HAC18]. However, most of them deploy 
variants of existing descriptors, and fewer exist that can consume directly 3D structure as input.  

 

Figure 1: Secondary structure of proteins: Helix, strand, and coil [ZKL+12]. 

   Arguably, it is of great interest to be able to analyze protein folds by directly working on the 3D shape. 
By fully exploiting the 3D data (rather than only 1D and/or 2D as with conventional sequence-based or 
secondary structure assignment descriptors), we can expect to profoundly improve the performance of DL 
techniques in many relevant tasks, such as recognition, classification, even synthesis of targeted proteins. 

   We are motivated by the observation that the 3D protein structure exhibits a unique characteristic: a few 
known types of wire shapes (defined as secondary structures called alpha-helix, beta-sheet, or coil: see 
Figure 1) “folded” in a relatively compact 3D space. This suggests that efficient, devoted shape descriptors 
as well as DL architecture can be developed, unlocking the limited use of recent learning techniques in 
studying proteins, fundamental structural and functional elements within every living cell.  

   As a first step, we will investigate on new, specific descriptors efficiently encoding the tertiary structure 
of proteins or protein domains, which is composed of a single polypeptide chain "backbone" with one or 
more protein secondary structures. To describe the global 3D structure, we propose to adopt graph, which 
can be consumed by very recent DNNs such as GCN (Graph convolutional network) [VBV18]. The 
sequential information as well as the spatial arrangement can be coded by using a series of 3-dimensional 
vectors in the form of node/edge attributes. Next, we will develop an optimal DL architecture for the new 
descriptors. The possibility of combining the GCN architecture with an RNN (Recurrent neural network) 
[Grav11] will be studied, the latter being designed to learn sequential data. Finally, we will test and tune 
hyper parameters of the network, and compare its performance with existing state-of-the-art methods. We 
note that there exist several public datasets for the training/test for the network: PDB (Protein Data Bank), 
SCOPe (Structural Classification of Proteins — extended), and CATH. 



 
  

 
Requirements 
—  Master degree in Computer Science 

—  Working knowledge of programming in Python/Matlab 

—  Experience in machine learning 

—  Knowledge in structural biology is a plus 
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