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A (BIASED) HISTORY OF PL

C C++ Python Pytorch Pyro
1972 1985 1991 2016 2017
Imperative e harith clacsacs “there should be one— Automatic unifying the best of
procedural and preferably only one— differentiation and modern deep learning
language obvious way to do it” deep learning and Bayesian modeling

Wikipedia; Baydin+ (2018)



https://jmlr.org/papers/volume18/17-468/17-468.pdf

A (BIASED) HISTORY OF PL

C C++ Python Pytorch Pyro
1972 1985 1991 2016 2017
Low level -> higher level -> higher level -> higher level -> higher level
procedural classes dynamic typing automatic conditioning,
instructions differentiation, inference

random variables

Wikipedia; Baydin+ (2018)



https://jmlr.org/papers/volume18/17-468/17-468.pdf

A (LESS-BIASED) HISTORY OF PL

C C++ Python Pytorch Pyro
1972 1985 1991 2016 2017
Imperative #C with classes” “there should be one— Automatic unifying the best of
procedural and preferably only one— differentiation and modern deep learning
language obvious way to do it” deep learning and Bayesian modeling
FORTRAN SCHEME MATLAB JAVA, HASKELL AUTOGRAD STAN, INFER.NET
COBOL PROLOG PERL VISUAL BASIC THEANO BUGS, PYMC3
LISP SQL TCL, LABVIEW LUA, R KERAS, CAFFE ANGLICAN, TURING
SIMULA ... WOLFRAM LANG PHP, RUBY JAX, MXNET EDWARD, TFP
BASIC... JAVASCRIPT... TENSORFLOW... PYMCA4...

Wikipedia; Baydin+ (2018)



https://jmlr.org/papers/volume18/17-468/17-468.pdf

PROBABILISTIC PROGRAMMING

Parameters

Program

Output

Inference
Parameters P(Xb’)
Program p(y|x)p(x)
Observations y
|

CS Probabilistic Programming  Statistics

Frank Wood (2015)



https://media.nips.cc/Conferences/2015/tutorialslides/wood-nips-probabilistic-programming-tutorial-2015.pdf

PROBABILISTIC PROGRAMMING

ML: STATS:
Algorithms & Inference &
Applications Theory

PL:
Compilers,
Semantics,

Transformations

Frank Wood (2015)



https://media.nips.cc/Conferences/2015/tutorialslides/wood-nips-probabilistic-programming-tutorial-2015.pdf

PROBABILISTIC PROGRAMMING

» Scaling Bayesian inference to
massive datasets has been hard!

» This has been an active area of
research with encouraging results for
specific problems

* A decade ago, custom inference
algorithms were all the rage, but now
we want general-purpose algorithms

* Eg. If someone asks you to write a
custom file parser in Python, you're

not gonna be happy :(

Topic proportions and

Documents assignments

Topics
gene 0.04
dna 0.02
genetic 0.01
life 0.02
evolve 0.01

organism 0.01

__—

brain 0.04
neuron 0.02
nerve 0.01
data 0.02

number 0.02
computer 0.01

"1

Seeking Life’s Bare (Genetic) Necessities

COLD SPRING HARBOR, NEW YORK—  “are not all that far apart,” especiallv in

to  comparison to the 75,000 in the hu

How many does an Organism nce

survive! Last week at the genome meeting =~2enome, notes Siv Andersson o8Ser<ila
here,™ two genome rescarchers with radically University in Swortsmee
different approaches presented complemen- 3} Tr. But coming up with a comnse

tary views of the basic genes needed for hife.

One research team, using computer analy

Ses To \'Ull]}‘ ire I\ll\‘\\'ll \‘un(lu\]u]
that todav’s organisms/can be sustained with sequenced. “It may be a way of organiziny

just 250 genes, and that the carliest life forms  any newly seq " explains
required a mere 128 The Arcady Mushegian, a computational mo

other researcher mapped genes lecular biologist at the Natiagg! Center
in a simple parasite and esti '

. Haemophilus .

mated that for this organism, /[ genome in Bethesda, Maryland. Comparing
A { 1703 genes

83C0 genesare plenty todo the | -

job—but that anything short  \ S

of 100 wouldn't be enough. N 7% oo A\ o bioche

, [ 233genes_
Although the numbers don't - == hes /

| Mycoplasma ~

“\ genome e
\ 469 genes y .

match precisely, those |

N

* Genome Mapping and Sequenc- ~—
ing, Cold Spring Harbor, New York, Stripping down. Computer analysis yields an esti-
May 8 to 12 mate of the minimum modern and ancient genomes.
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Topic Modeling

Srivastava+ (2017); Blei (2012)



https://arxiv.org/abs/1703.01488
http://www.cs.columbia.edu/~blei/papers/Blei2012.pdf

PROBABILISTIC PROGRAMMING

Modern PPLs ‘commodify’ inference Models / Simulators

Given any forward model, we can oAt ooy L
use the same inference algorithm! :

[CR0:,0:70
O

The emphasis is on deep ‘universal’
probabilistic programming

This does for Bayesian inference
what automatic differentiation did
for deep learning

Inference Engine(s)

Ranganath+, 2013; Frank Wood (2015)



https://arxiv.org/abs/1401.0118
https://media.nips.cc/Conferences/2015/tutorialslides/wood-nips-probabilistic-programming-tutorial-2015.pdf

SIMULATION-BASED INFERENCE

Step 1: Propose a forward
generative model for a process

Step 2: Collect real-world
observations of the data-generating
process being modeled

Step 3: Use the observed dataset to
infer the posterior distributions of
the parameters of interest

Step 4: Use the fitted model for Figure 1
predictions and forecasting

WorldQuant (2019)



https://www.weareworldquant.com/en/thought-leadership/probabilistic-programming-and-the-art-of-the-possible/

LET’'S DO SOME MATH.




BIO + PPL

Bayesian Inference of Gene Expression (Jimenez-Jimenez+, 2021) uses Stan to infer
params. of probabilistic models for gene expression at scale

Inferring the parameters of arbitrary statistical phylogenetic models using PPLs
(Ronqguist+, 2021)

(Dirmeier+, 2019) use PyMC3 for inferring causality from perturbation screening
data via structured hierarchical models

ProbRules (Grob+, 2019) uses PPLs for integrating multi-scale interaction data
(temporal, spatial) with feedback

Other applications, general directions (Shitfman, 2019)

Merrell+, 2020



https://www.ncbi.nlm.nih.gov/books/NBK569565/
https://www.nature.com/articles/s42003-021-01753-7
https://www.biorxiv.org/content/10.1101/848234v2.full
https://www.nature.com/articles/s42003-018-0268-3
https://www.mit.edu/~shiffman/pdfs/lmrl.pdf
https://academic.oup.com/bioinformatics/article/36/Supplement_2/i822/6055920

RESOURCES

ProbAl School 2021 (resources)

Frank Wood’s NeurlPS 2015 Presentation (slides)

Pyro Slides by Taku Yoshioka

My ProbProg Playlist (link)

Coursework on ProbProg (UBC, links to others)

Textbooks (Intro. To ProbProg, Foundations of ProbProg)



https://github.com/PGM-Lab/probai-2021-pyro
https://media.nips.cc/Conferences/2015/tutorialslides/wood-nips-probabilistic-programming-tutorial-2015.pdf
https://www.slideshare.net/ssuser6a8016/20180722-pyro
https://www.youtube.com/playlist?list=PLob0yCmJjJ3V2LcaLHNqza_A2F3QWdtaF
https://www.cs.ubc.ca/~fwood/CS532W-539W/
https://arxiv.org/abs/1809.10756
https://www.amazon.com/s?k=9781108488518&i=stripbooks&linkCode=qs
https://academic.oup.com/bioinformatics/article/36/Supplement_2/i822/6055920

