S

¢
y 4

NORBIS

Pao

- UNIVERSITATS
MEDBIOINFO.se o

Differentiable programming for flexible
modelling with small data

Maren Hackenberg
Institute of Medical Biometry and Statistics, Faculty of Medicine and Medical Center —
University of Freiburg, Germany

8th Annual NORBIS Conference, Rosendal

¢ NIKUMFREIBURG



Small data vs. big data

Web of Science search

small data ‘O big data

22500
15000

7500

Number of publications

= N n/

0 O \J J 4 w t + + t 1 1 t 1 | )
2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

INIVERSITATS
INIKUMFREIBURG -

22-10-25 Differentiable programming for flexible modelling with small data - Maren Hackenberg



Small data vs. big data

naturemedicine

Explore content v About the journal v  Publish with us v

nature > nature medicine > articles > article

Article | Published: 13 August 2018

Clinically applicable deep learning for diagnosis and
referralinretinal disease

Jeffrey De Fauw, Joseph R. Ledsam, Bernardino Romera-Paredes, Stanislav Nikolov, Nenad

Tomasev, Sam Blackwell, Harry Askham, Xavier Glorot, Brendan O'Donoghue, Daniel Visentin

George van den Driessche, Balaji Lakshminarayanan, Clemens Meyer, Faith Mackinder, Simon

Bouton, Kareem Ayoub, Reena Chopra, Dominic King, Alan Karthikesalingam, Cian O. Hughes,

Rosalind Raine, Julian Hughes,

Dawn A. Sim, Catherine Egan, ... Olaf Ronneberger &

1

£ ) Volume 136, May 2018, Pages 142-145
ELSEVIER

When small data beats big data

Julian ). Faraway, Nicole H. Augustin & &

STATISTICS &
PROBABILITY

Statistics & Probability Letters

The volume and complexity of diagnostic imaging is increasing at a pace faster than the
availability of human expertise to interpret it. Artificial intelligence has shown great
promise in classifying two-dimensional photographs of some common diseases and
typically relies on databases of millions of annotated images. Until now, the challenge of
reaching the performance of expert clinicians in a real-world clinical pathway with three-

dimensional diagnostic scans has remained unsolved. Here, we apply a novel deep
learning architecture to a clinically heterogeneous set of three-dimensional optical
coherence tomography scans from patients referred to a major eye hospital. We
demonstrate performance in making_a referral recommendation that reaches or exceeds
that of experts on a range of sight-threatening retinal diseases after training on only
14,884 scans, Moreover, we demonstrate that the tissue segmentations produced by our
architecture act as a device-independent representation; referral accuracy is maintained

when using tissue segmentations from a different type of device. Our work removes
previous barriers to wider clinical use without prohibitive training data requirements
across multiple pathologies in a real-world setting.

Small data is sometimes preferable to big data. A high quality small sample can
produce superior inferences to a low quality large sample. Data has acquisition,
computation and privacy gosts which require costs to be balanced against benefits.
Statistical inference works well on small data but not so well on large data.
Sometimes aggregation into small datasets is better than large individual-level
data. Small data is a better starting point for teaching of Statistics.
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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?

« 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 1)
« Step 2: How it really works — blogpost + discussion

« Step 3: How to use it for our problem — hands-on (Colab
notebook Part Il)

= Pl 2|
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Differentiable programming: demo in Google Colab

« Time to start your own notebook (as first install + precompile takes ~15
minutes)!

« Please check out the instructions in the workshop Github repository:
https://qgithub.com/maren-
ha/NORBIS workshop differentiable programming

a) using Google Colab (recommended)

e Prerequisites: You need a Google account (and a small bit of free space on your Google Drive).

e Pros: Requires no local installation of Julia, no OS-dependent intricacies when installing packages o After you have copied the notebook to your drive:

etc. o run the first cell to install the Julia kernel
e Cons: You have to re-install Julia and all the required packages again whenever your Colab runtime o re-load the page (by clicking on the icon in the address line of the browser or pressing Ctrl
crashes or restarts, which will take some time (~ 5-10 minutes). +R)

* Instructions: o upload the Project.toml file from this repo to your Google Drive (Click on "Files" in the left

o get a copy of the notebook to your Google Drive: Open the notebook... menu, then on the upload icon, then select the file)

© ...and create a copy in your Google Drive o proceed by running the next cells, which check the installation and install the package

Very important <~ Please make a copy of the notebook straight away or upload the dependencies

Colab_Practicals.ipynb file from the repository to your Google Drive, so that you have a copy in
your own Google Drive! Otherwise you will not be able to save it and any changes you do in the
notebook will be lost after you close the tab.

IVERSITATS
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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

flux

What Is Differentiable Programming?

With four parameters | can fit an elephant, and with five | can make him wiggle his trunk.

- John Von Neumann

The idea of “differentiable programming” is coming up a lot in the machine learning world. To
many, it's not clear if this term reflects a real shift in how researchers think about machine
learning, or is just (another) rebranding of “deep learning”. This post clarifies what new things

differentiable programming (or aP) brings to the machine learning table.

Most importantly, differentiable programming is actually a shift opposite from the direction
taken by deep learning; from increasingly heavily parameterised models to simpler ones that

take more advantage of problem structure.

INIVERSITATS
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... btw you can actually fit an elephant with 4 parameters ...

pl, p2, p3, pd = (50 - 3@im, 18 + 8im, 12 - 10im, -14 - 60im)
p5 = 4@ + 20im

function fourier(t,C)
f = zeros(size(t))
A, B = real(C), imag(C)
for k in 1:1ength(C)
f .+= A[k].*xcos.(k .xt) + B[k].*sin.(k .xt)

produces...

end
return f
end

function elephant(t, pl, p2, p3, p4, p5)
npar = 6
Cx = zeros(Complex, npar)
Cy = zeros(Complex, npar)

Cx[1] real(pl)*1lim
Cx[2] = real(p2)*1lim
Cx[3] = real(p3)
Cx[5] = real(p4)

Cy[1] = imag(p4) + imag(pl)*lim
Cyl[2] = imag(p2)*1im
Cy[3] = imag(p3)*1im

x = push!(fourier(t,Cx), —imag(p5))
push!(fourier(t,Cy), imag(p5))

return x,y
end

X, y = elephant(collect(range(@, 2pi, length=1000)), pl, p2, p3, p4, p5)
plot(y, -x, seriestype = :scatter, legend=false) | Plot{Plots.GRBackend() n=1}
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AAPT American Journal of Physics [+

HOME BROWSE INFO FOR AUTHORS COLLECTIONS AAPT Books

Home > American Journal of Physics > Volume 78, Issue 6 > 10.1119/1.3254017

é‘] Full + Submitted: 20 August 2008 + Accepted: 05 October 2009 + Published Online: 12 May 2010

Drawing an elephant with four complex parameters
American Journal of Physics 78, 648 (2010); https://dol.org/10.1119/1.3254017

Jirgen Mayer

* Max Planck Institute of Molecular Cell Biology and Genetics, Pfotenhauerstr. 108, 01307 Dresden, Germany
Khaled Khairy

« European Molecular Biology L. Y. Mey raBe. 1, 69117 , Germany

Jonathon Howard

» Max Planck Institute of Molecular Cell Biology and Genetics, Pfotenhauerstr. 108, 01307 Dresden, Germany
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Reading + group discussion (45 minutes)

Please discuss in groups and collect answers on the digital white board!

i

Place a dot on the flipchart coordinate system: | 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,...)

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

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

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

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

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

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 domaln
modeling?

N IVERSITATS
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| mostly work with...
big data

o
>

explicit ,knowledge- statistical .black-box"“ data-
driven” models models driven models

small data
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Small data

« 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

H, A . different data

2 types/sources

2 | of information
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. small data TRANSFER
little prior information, much prior information,
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Differentiable programming for flexible model building

Machine Scientific 1F TensorFlow
Learning Computing O P_yTO I’Ch

write as a ﬁ
computer program

a0 €9 Zygote

d optimise via automatic
T sz 0SS d—i;@/loss d!?ferentiation
o at
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Bringing it together: combining explicit dynamic
modeling and deep learning for a small data problem
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tests over time
HFMSE . RULM
HFMSE

characterisation
. age
«  SMA subtype
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v = o &
: oooo HFMSE
Latent health  Explicit ~ Subgroup-specific ~ Hetero-  Irregulartime  Different motor .,
status model local models geneity points function tests gﬁ
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Describe individual SMA trajectories as ODEs in the
atent space of a deep learning model

8888 Yo7 \@4\\\\6/ 3888

<7
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Describe individual SMA trajectories as ODEs in the
atent space of a deep learning model
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Describe individual SMA trajectories as ODEs in the
atent space of a deep learning model
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-0-0-01- -0 m = init_ODEVAE()
ps = getparams(m)
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oooo oooo trainingdata = zip(xs, xs_baseline, tvals)
Tlme SerleS ReCOn- o :gic?xf‘nY:}:ilioi:strainingdata
of motor structed ™ ot 4 arasearas)

. H end
fU nCtIOn tlme update! (opt, ps, grads)
test series ., ™

: )
. :
Baseline °
variables o
os o ) s

“ LZUNIVERSITATS
Q(?M‘KIINIKUM RRRRRRRR -

22-10-25 Differentiable programming for flexible modelling with small data - Maren Hackenberg



Jointly model groups of similar individuals

time
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Integrating different motor function tests
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Special thanks to: Colleagues at the IMBI and from the
' SMArtCARE registry:

Eva Brombacher

Manuela Zucknick
Harald Binder

and the AG Machine Learning Michelle Pfaffenlehner

Astrid Pechmann

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

If you want to know more:
ﬁ;;ngliﬂferentiable Programming for Flexible
. Statistical Modeling

AMERICAN Maren Hackenberg & (), Marlon Grodd, Clemens Kreutz, Martina Fischer, Janina Esins, Linus Grabenhenrich,
m Christian Karagiannidis & Harald Binder ..showless
e e Received 07 Dec 2020, Accepted 17 Oct 2021, Accepted author version posted online: 09 Nov 2021, Published online: 21 Dec 2021

8 Maren Hackenberg iz, Philipp Harms, Michelle Pfaffenlehner, Astrid Pechmann, Janbernd Kirschner,
' Thorsten Schmidt, Harald Binder

@ &6 Download citation & https://doi.org/10.1080/00031305.2021.2002189 ) Sheekfrupstes First published: 06 April 2022 | https://doi.org/10.1002/bim]. 202000366
D) Dllisifdolorf10.1080/00031305.2071. https://doi.org/10.1002/bim}.202000366
2002189
https://github.com/maren-ha/ https://qithub.com/maren-ha/DeepDynamic
O DifferentiableProgrammingForStatisticalModeling ModelingWith Just2TimePoints VERSITATS
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...s0 why Julia?

15 e

Fast yet easy to learn with a syntax  + Young language with a smaller user
similar to R and Python community

Everything is pure Julia * Less training material
Easy interfaces to other languages  Less mature package ecosystem

g\\ stackoverflow About  Products  ForTeams  Q [python]

Home Questions tagged [python]

PUBLIC
Python is a multi-paradi ically typed, multi-purp ing language. It is designed to be quick to
® Questions | learn, understand, and use, and enforces a clean and uniform syntax. Please note that Python 2 is officially out of
support as of 2020-01-01. For version-specific Python questions, add the [python-2.7] or [python-3.x] tag. When using
benchmark Tags a Python variant (e.g. Jython, PyPy) or library (e.g. Pandas, NumPy), please include it in the tags.
® iteration_pi_sum
oo Users Learn more... Topusers Synonyms (4)

© matrix_statistics
Companies . =
2,007,511 questions Newest | Active | Bountied EE) | Unanswered | More v = Filter
n_fibe i 1

recursion_quicksort =

»
& Goerhi = =i stackoverflow About Products  ForTeams  Q [julia]

Home Questions tagged [julia]

puBLIC
The Julia programming language is fast, expressive and dynamic. By aggressively targeting technical computing it has

® Questions I become a robust general purpose language. It the two-language problem by ining the ease of use of
high-level languages such as R and Python with the performance of C and Fortran.

Tags
Learn more... Top users Synonyms (2)
Users
Julia JLussiT  Rest Go  Fortran Java JavaSeript MatlhMathematicaPython R Octave —
Companies 10,849 questions Newest | Active | Bountied | Unanswered | More v ‘?Fil(e'
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Julia doesn’t constrain your thinking

nature . .
Explore content v About the journal v  Publish with us v Subscribe ° CO m p IeX al g O rl th ms Ca n b e I m p | em e nted
PO in the language itself

FooLBOK | 58 iy 670 * Modification of existing libraries is easy,
Julia: come for the syntax, stay for enabling faster prototyping and methods
the speed development

Researchers often find themselves coding algorithms in one programming language,

only to have to rewrite themin a faster one. An up-and-coming language could be the ° N (o) “ I e g acy C h ara Cte rlst' CS”

answer.

Pull requests Issues Marketplace Explore
O @ JuliaStats / Lasso.jl pubic ™
ar O Py | O rC h <> Code ( lssues 10 Search or jump to. Pull requests Issues Marketpl:
& FluxMi jl - Public
e S UX
<> Code () Issues 188 11 Pullrequests 64 (M Actianc AR Praiac
X P iolarsand A
= Languages
s B githubworkl 5 ; i
- el Fascabmnciond githubjworkflc P master ¥ 43 branches ©67tags Languages
o D @ Touchesir Merge pull request #2035 from
@ wanvashchuk and pytorchmerg ® C++505% ® Python 38.1%
® Cuda4.2% ® C32% M buildkite By ® Julia 100.0%

® Objective-C++ 1.3% ® CMake 0.9%
Other 1.8%
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Engineering trade-offs in automatic differentation tools

1F TensorFlow
O PyTorch oK % Zygote

« Graph-building system in static sub-
language: efficient but less flexible

« Tape-based method: unrolls all * E.g, straightforward differen-
tiation through ODE solvers
control flow

» Supports user-defined structs
and recursion

Keeps control flow intact

Source-to-source transformation
Supports full dynamism

* QOverhead partly compensated by
highly efficient kernels for machine .
learning applications

WE
T

IVERSITATS
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Modelling challenge |: 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

0

@

S 5- ® ®
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A model to predict increments of daily cases

For each hospital:
 Linear model of the increments current ICU cases

dyii1 = W1 —ye) = b1+ Bo-ye + B3 2, t=2,...,T.

"~~~ newly infected COVID-

« Accounting for missing daily reports 19 cases in the county

-~ ~ - Yt if y; was observed,
dy; 1 = B1 + B2 - yp + B3 - z¢, where y; = Nt —~ t
Yyi—1 +dy,, else.

* A non-linear optimisation problem
dysp 1 =61+ B2 yr + P32

= 1+ B2 - (Ye—1 +a?;t)+63’zt
=014+ B2 (Y1 + (B1+ B2 Y1+ B3 - 2e—1)) + B3 - 2

%~ [ UNIVERSITATS
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Defining a loss function and optimising with Zygote

functionlloss(y, z, reported, B)l

sqerfor 0.0 —> If you can program it,
L you can estimate the
o model parameters

if !firstseen
if reported[t] == true
firstseen = true
last_y = y[t]
else
continue
end
else

pred_dy = B[1] + B[2] * last_y + BI3] * z[t-1]
if reported[t] == true
dy = y[t] — last_y
sqgerror += (dy — pred_dy)”2
contribno += 1.0
last_y = yl[t]
else
last_y += pred_dy
end

end
end
return sqerror/contribno

end *as long as the function is differentiable

IVERSITATS
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Differentiable programming for flexible model building

Statistical
Modelling

Scientific
Computing

Machine
Learning

write as a
computer program

Ao\
% :

I d | optimise via d I
3 10SS agi PSS automatic g 20SS
differentiation  =——
REETETE
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Defining a loss function and optimising with Zygote

function loss(y, z, reported, B)
sqerror = 0.0

firstseen = false
lastcur = 0.0
contribno = 2.0

for t=1:1length(y)

if !firstseen
if reported[t] == true
firstseen = true
last_y = y[t]
else
continue
end
else
pred_dy = B[1] + B[2] * last_y + BI3] * z[t-1]
if reported[t] == true
dy = y[t] — last_y
sqgerror += (dy — pred_dy)”2
contribno += 1.0
last_y = yl[t]
else
last_y += pred_dy
end
end
end
return sqerror/contribno
end

- If you can program it,
you can estimate the
model parameters

%) Zygote

using Zygote

B =1[0.0; 0.0; 0.0]

for steps in l:nsteps
|7loss = gradient(arg -> lossly, z, r, arg), B)I[1]]
B =.-=n .% Vloss

end

*as long as the function is differentiable
IVERSITATS

INIKUMFREIBURG -
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Results: Comparing prediction performance

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

~—~ZET0 —modmean 0 if _1 — — =0

dyT = O dyT = {/Lmean ' (yT ! yT 2) ,
dy;r , else.

dyr = 75 Yisa (Ye — Ye—1)

—~linreg N _ Yt if y; was observed,

dyr = B1+ Bo-yp + P32 where y, =<7
Y1, else.
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tsne2

How do you typically look at single-cell RNA-seq data?

t_s\i'r\r\hr)o{-ir\ naninhhAarlhAanAd AamhAadAIiAA /tSNE) for dlmenSIOn reductlon
Cell type
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Data from La Manno et al. (2021) Molecular

Undefined
O architecture of the developing mouse
Vascular brain. Nature 596, 92-96.
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Dimension reduction can be misleading

Data: ex utero mouse embryo E8.5

ﬁ \
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Cell Types
« Neural progenitor cells
Radial glia
« Erythroid lineage
Osteoblasts
» Hepatocytes
« Epithelial cells
« Chondrocytes and osteoblasts
« Jaw & tooth progenitors

« Primitive erythroid lineage
White blood cells

« Cholinergic neurons

« Schwann cell precursors

« Myocytes
Notochaord cells
Limb mesenchyme

o

Figures taken from Chari et al. (2021)
The specious art of single-cell
genomics. bioRxiv preprint, doi:
10.1101/2021.08.25.457696.
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Comparing popular dimension reduction methods

° o
rotate and project o ° ° ., preserve graph o ®
to axes of o ¢ structure Ole
greatest
variation

tSNE VAE
°

preserve use neural- .. '. ° °
distributions of network based R
distances to Variational o ® -
nearest neighbors Autoencoder ®le

UNIVERSITAT
& &INIKUM RRRRRRRR -_—

22-10-25 Differentiable programming for flexible modelling with small data - Maren Hackenberg



Orignal trans-
formation in the
VAE latent space
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Why deep learning?

Neural networks can easily be combined with other explicit models
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Combining VAEs with dynamic modeling for time-series
single-cell RNA-sequencing

encoder low- decoder
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latent z2

Simulating time-series scRNA-seq count data
Count data simulated with the splatter R package
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Simulation study results

The dynamic model simultaneously infers underlying trajectories and cell states

Ground truth What the model sees Learned group structure
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scVI

Getting started

o Overview
o |nstallation

o Contents

Data processing
The scVAE model
The scLDVAE model
Model training

Model evaluation

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

Getting started C) Edit on GitHub %

scVLjl

A Julia package for fitting VAEs to single-cell data using count distributions. Based on the Python implementation in
the scvi-tools package.

Overview

The scVI model was first proposed in Lopez R, Regier J, Cole MB et al. Deep generative modeling for single-cell
transcriptomics. Nat Methods 15, 1053-1058 (2018).

More on the much more extensive Python package ecosystem scvi-tools can be found on the website and in the
corresponding paper Gayoso A, Lopez R, Xing G. et al. A Python library for probabilistic analysis of single-cell omics
data. Nat Biotechnol 40, 163-166 (2022).
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https://github.com/maren-ha/scVI.jl
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