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Small data vs. big data
Web of Science search
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Small data vs. big data 
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An exemplary small data challenge: Learn disease trajectories

of patients with spinal muscular atrophy
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How could we tackle such a modelling problem?
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• Small data challenges require dedicated methods 

• „differentiable programming“ represents an approach to

modelling that is promising for small data

• We’ll get deeper into that! 

• Step 1: How it looks like – demo (Colab notebook Part I) 

• Step 2: How it really works – blogpost + discussion

• Step 3: How to use it for our problem – hands-on (Colab 

notebook Part II) 



Differentiable programming: demo in Google Colab 
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• Time to start your own notebook (as first install + precompile takes ~15 

minutes)! 

• Please check out the instructions in the workshop Github repository: 

https://github.com/maren-

ha/NORBIS_workshop_differentiable_programming

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


Differentiable programming: Blogpost
Reading + discussion
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… btw you can actually fit an elephant with 4 parameters …
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… produces… 



Reading + group discussion (45 minutes)
Please discuss in groups and collect answers on the digital white board!
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• Place a dot on the flipchart coordinate system: I mostly work with … big data – small 
data; explicit knowledge-driven models (regression, physical models, dynamical 
systems…) – black-box / data-driven models (random forests, neural networks,…) 

1. Can you think of examples for “big” and “small” datasets in your discipline or 
research sub-field?

2. How would you define “small data” as opposed to big data, what characteristics 
would you take into account?

3. What did you find interesting/cool/surprising about the blogpost? 

4. Name a statement you didn’t fully understand or didn’t agree with!

5. How does differentiable programming work in practice, what are the core 
ingredients?

6. Can you think of an example for a task or an application where you would use 
something like deep learning, and of a task where you prefer explicit domain 
modeling?



I mostly work with… 
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Small data
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• small data is not only about the number of observations but also the level of 

hereogeneity, amount of structure, … 

• → relative definition

• The specific challenges require a set of dedicated methods



Differentiable programming for flexible model building

22-10-25
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Bringing it together: combining explicit dynamic 

modeling and deep learning for a small data problem
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Describe individual SMA trajectories as ODEs in the 

latent space of a deep learning model 
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Describe individual SMA trajectories as ODEs in the 

latent space of a deep learning model 
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Describe individual SMA trajectories as ODEs in the 

latent space of a deep learning model 
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Jointly model groups of similar individuals
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Integrating different motor function tests
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Thanks to… 
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Special thanks to: 

Manuela Zucknick

Harald Binder

and the AG Machine Learning
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If you want to know more: 

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

maren@imbi.uni-freiburg.de

Colleagues at the IMBI and from the

SMArtCARE registry: 

Eva Brombacher

Michelle Pfaffenlehner

Astrid Pechmann

Janbernd Kirschner

https://doi.org/10.1080/00031305.2021.2002189
https://doi.org/10.1080/00031305.2021.2002189
https://doi.org/10.1002/bimj.202000366
mailto:maren@imbi.uni-freiburg.de
mailto:maren@imbi.uni-freiburg.de
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Backup: Why Julia? +  

differentiable programming for 

time-series single-cell 

  RNA-seq and 

  statistical modelling 



• 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?
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• 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” 



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



Modelling challenge I: Predict COVID-19 ICU demand
Missing data in the “Intensivregister”

• 63% of all hospitals have missing daily reports

• 7% of hospitals with more than 25% missing daily reports

22-10-25
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A model to predict increments of daily cases

22-10-25

current ICU cases

newly infected COVID-

19 cases in the county
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For each hospital: 

• Linear model of the increments

• Accounting for missing daily reports

• A non-linear optimisation problem



Defining a loss function and optimising with Zygote 

22-10-25

*as long as the function is differentiable
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→ If you can program it, 

     you can estimate the  

     model parameters 



Differentiable programming for flexible model building

22-10-25
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Defining a loss function and optimising with Zygote 
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*as long as the function is differentiable
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→ If you can program it, 

     you can estimate the  

     model parameters 



Results: Comparing prediction performance

22-10-25

Prediction model Sum of squared error over all hospitals

Zero model 86.0

Mean model 89.24

Modified mean model 84.34

LOCF + regression 181.07

Increment model 74.75
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How do you typically look at single-cell RNA-seq data?
t-stochastic neighborhood embedding (tSNE) for dimension reduction 
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Data from La Manno et al. (2021) Molecular 

architecture of the developing mouse 

brain. Nature 596, 92-96.
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Dimension reduction can be misleading
Data: ex utero mouse embryo E8.5
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Cell Types

Figures taken  from Chari et al. (2021) 

The specious art of single-cell 

genomics. bioRxiv preprint, doi: 

10.1101/2021.08.25.457696.



Comparing popular dimension reduction methods
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Results: Cluster spreading + rotation
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Why deep learning?
Neural networks can easily be combined with other explicit models
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Simulating time-series scRNA-seq count data
Count data simulated with the splatter R package
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Simulation study results
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https://github.com/maren-ha/scVI.jl
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