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Figure 1: Multi-factorial dynamics occurring in living tissues challenge the quantification of intracellular process in vivo. 

General challenges in measuring molecular processes in vivo 

Building upon fluorescence microscopy that selectively images molecules of interest, innovations in image processing[1] 

and Bayesian inferences[2] and neural networks[3] have enabled the estimation of thousands parameters that describe  

molecular processes in single-cell experiments [4], [5] (Figure 1.a).  The resolution of this inverse problem have however 

been limited to samples cultured on stiff coverslips that present a distorted view of the biological process occurring in-vivo 

[6], [7]. Measuring those processes in a more physiologically relevant environment (embryo, collagen matrices etc…), 

remains challenging due to the geometry and dynamics of three-dimensional scenes[8] (Figure 1.b) and poorer signal 

quality in deep tissue[9]. One of the key numerical challenges in computer vision for physiological images comes from the 

lack of a priori modelling for the dynamics process to be recognized in the data (Figure 1.c).  Accelerating the framerate 

solves this motion modelling challenge, but it is at the cost of the fluorophore response quality. To estimate the parameters 

of nanometric molecular processes in their native environment, the PhD candidate will develop Bayesian inference 

approaches that combines a priori knowledge on the spatial repartition of molecules and fluorophore response[10]. In order 

to scale toward the estimation to the higher number of parameters, we will investigate recent advances in the combination 

of stochastic model inference and deep neural network[11]. This project will focus on this long-term challenge through the 

study of the role of intracellular trafficking in tissue morphogenesis. 

Biological background 

Tissue morphogenesis relies on spatial patterns and polarity of cell surface molecules, such as adhesion molecules, 

signaling receptors and actomyosin contractility[12]. Trafficking by endo/exocytosis (E/E) endows the cell with a capacity 

to exchange molecules with the outside and to polarize cell surface protein distribution and signaling [9], [10]. How E/E is 

exploited to generate patterns of signaling and adhesion molecules at the cell surface and in turn regulates actomyosin 

contractility to drive morphogenesis is still unknown. This project aims at explaining how E/E fluxes of relevant adhesion 

molecules and signaling receptors are regulated to control cell mechanics during tissue morphogenesis in the fly embryo. 

We will probe this complex system by measuring the spatial distribution and the dynamic of E/E events as well as 

correlating them to patterns of actomyosin contractility and cell morphogenesis. In turn the resulting dynamic will be used 

to measure endo/exocytic fluxes and non-invasively interrogate the temporal hierarchy of endo/exocytic events in 

morphogenetic pathways. 
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The candidate will be trained in the following skills 

• Understanding the image formation process in fluorescence microscopy. 

• Modeling biodynamics under constrains of computational scalability. 

• Bayesian filtering for biodynamics, using statistical and deep-learning-based inference. 

• Interdisciplinary communication.  

• Formulating biological hypothesis and quantitatively interrogate them. 
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