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• Fast yet easy to learn with a syntax

similar to R and Python

• Everything is pure Julia

• Easy interfaces to other languages

…so why Julia?

…so why Julia?

Julia for state-of-the-art methods development           Maren Hackenberg 01/12/2022

• Young language with a smaller user

community

• Less training material

• Less mature package ecosystem



Julia doesn’t constrain your thinking 
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• Complex algorithms can be implemented 

in the language itself

• Modification of existing libraries is easy, 

enabling faster prototyping and methods 

development

• No “legacy characteristics”



Exemplary modelling challenge: Disease trajectories of patients with spinal muscular atrophy

Exemplary modelling challenge: Disease trajectories 

of patients with spinal muscular atrophy
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Differentiable programming for flexible model building

Differentiable programming for flexible model building
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Machine 

Learning

Scientific 

Computing

optimise via automatic 

differentiation

write as a

computer program
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Engineering trade-offs in automatic differentation tools
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• Graph-building system in static sub-

language: efficient but less flexible

• Tape-based method: unrolls all 

control flow

• Overhead partly compensated by 

highly efficient kernels for machine 

learning applications

• Source-to-source transformation

• Supports full dynamism

• E.g., straightforward differen-

tiation through ODE solvers

• Supports user-defined structs 

and recursion

• Keeps control flow intact
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Jointly model groups of similar individuals
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Integrating different motor function tests

Integrating different motor function tests
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How do you typically look at single-cell RNA-seq data?
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Dataset from La Manno et al.

Molecular architecture of the 
developing mouse brain, Nature 2021.
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Dataset from La Manno et al.

Molecular architecture of the 
developing mouse brain, Nature 2021.

Developmental stage



Time-series data: promising but challenging!

Time-series data: promising but challenging!

How can we infer developmental trajectories of distinct subgroups of cells?
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…and the scenario in single-cell 

sequencing
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…and the scenario in single-cell 

sequencing
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low-dimensional 

representation
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…
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…

…

encoder decoder

Combining VAEs with dynamic modeling for time-series 

single-cell RNA-sequencing
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Simulation study results
Count data simulated with the splatter R package
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Julia – a pragmatic approach to scientific computing
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• Fresh approach without legacy characteristics

• Fast yet easy to use 

• Removes barriers that so far limit scientific ideas, e.g., by providing 

straightforward access to powerful automatic differentiation libraries

• Key tool for current trends such as differentiable programming:

• Combining deep learning and dynamic modelling for individual 

disease trajectories in a rare disease registry…

• … and for developmental trajectories in time-series single-cell omics 

➢ Add Julia to your toolbox to expand the universe of modelling 

approaches available to your research!

Take home messages
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Thanks to… 

Thanks to… 
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Special thanks to:

Harald Binder

and the AG Machine 

Learning

And thanks to you for listening!
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... at the Institute of Mathematics: 

Philipp Harms, Thorsten Schmidt

… and from the SMArtCARE registry:

Astrid Pechmann, Janbernd Kirschner

If you want to know more: 

https://doi.org/10.1080/00031305.2021.

2002189

https://doi.org/10.1080/00031305.2021.

2002189

https://github.com/maren-ha/

DifferentiableProgrammingForStatisticalModeling

https://doi.org/10.1002/bimj.202000366

https://github.com/maren-ha/DeepDynamic

ModelingWithJust2TimePoints

https://doi.org/10.1002/bimj.202000366

https://github.com/maren-ha/DeepDynamic

ModelingWithJust2TimePoints

maren@imbi.uni-freiburg.de
maren@imbi.uni-freiburg.de

Colleagues at the IMBI:

Michelle Pfaffenlehner

Laia Canal

https://doi.org/10.1080/00031305.2021.2002189
https://doi.org/10.1080/00031305.2021.2002189
https://doi.org/10.1002/bimj.202000366
https://github.com/maren-ha/DeepDynamicModelingWithJust2TimePoints
https://github.com/maren-ha/DeepDynamicModelingWithJust2TimePoints
mailto:maren@imbi.uni-freiburg.de
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