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Differentiable probabilistic
programming with Pyro

Fritz Obermeyer, Broad Institute
at MODE workshop, 2021-09-08



Pyro was open sourced by Uber Al Labs in 2017

adopted by the Linux Foundation in 2019
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Integrating Markov processes with structural causal modeling
enables counterfactual inference in complex systems
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Corporations: Uber, IBM, Siemens, Apple, UnitedHealth Group, ...
Startups: Robinhood, Babylon Health, Noodle.ai, www.finn.no, ...

Courses: Northeastern, Columbia, UIUC, ...

220+ citations, 800+ github forks, 300+ github repos, 3.8k forum posts, 7 core members

Python library built
on PyTorch / JAX
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http://robinhood.com
https://www.babylonhealth.com/
https://noodle.ai/
http://www.finn.no

Overview

What is a probabilistic model?

What is probabilistic inference?

Intro to Pyro



What is a Probabilistic Model?

u ~ Normal(0, 10) G ‘
o ~ LogNormal(0, 5)

X ~ Normal(u, o)
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What is a Probabilistic Model?
u ~ Normal(0, 10) 2‘/‘
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Normal(y, o) G e °



What is a Probabilistic Model?
u ~ Normal(0, 10) 2‘/‘
o ~ LogNormal(0, 5) '*

X,y Xy, = Normal(y, o) G e °




Why are Probabilistic Models useful?

Bayesian models are great at:

Incorporating noisy data
fusing data

handling uncertainty
expressing prior knowledge
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Express probabilistic models as programs
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Express probabilistic models as programs

al

def model(s,x):

for n

in range(N):
sample(c_dist())
sample(u_dist())
sample(1_dist())
sample(z_dist(c,u))

g in range(G):

= sample(w_dist(z,s[n]))
= sample(y_dist(1,w))

= sample(h_dist(z,s[n]))

sample(x_dist(y,h), obs=x[n,g])



Express probabilistic models as programs

N

()

o 3

(ong)

es)  (mg
(Zne)

def model(s,x):
for n in range(N):

C = (c_dist())

u = (u_dist())

1 = (1_dist())

Z = (z_dist(c,u))

for g in range(G):
w = (w_dist(z,s[n]))
y = (y_dist(1l,w))
h = (h_dist(z,s[n]))

sample(x_dist(y,h), obs=x[n,g])



Express probabilistic models as programs
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def model(s,x):

= sample(c_dist())
= sample(u_dist())
sample(1l_dist())
= sample(z_dist(c,u))
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w = sample(w_dist(z,s[n]))

y = sample(y_dist(1l,w))

h = sample(h_dist(z,s[n]))
sample(x_dist(y,h), obs=x[n,g])



Express probabilistic models as programs

~

)

def model

for n

in range(N):
sample(c_dist())
sample(u_dist())
sample(1_dist())
sample(z_dist(c,u))

g in range(G):

= sample(w_dist(z,s[n]))
= sample(y_dist(1,w))

= sample(h_dist(z,s[n]))

sample(x_dist(y, h)



Inference via Automatic Differentiation

e Hamiltonian Monte Carlo (Neal 1996)
e No U-Turn Sampler (Hoffman & Gelman 2011)
e Automatic Differentiation VI (Ranganath et al. 2014, Kucukelbir et al. 2016)

e Stochastic Variational Inference (Hoffman et al. 2013)
e Variational autoencoders (VAEs) (Kingma & Welling 2014)

> B

(Danijar Hafner)


https://citeseerx.ist.psu.edu/viewdoc/download?doi=10.1.1.446.9306&rep=rep1&type=pdf
https://arxiv.org/abs/1111.4246
https://arxiv.org/abs/1401.0118
https://arxiv.org/abs/1603.00788
http://jmlr.org/papers/volume14/hoffman13a/hoffman13a.pdf
https://arxiv.org/abs/1312.6114
https://danijar.com/building-variational-auto-encoders-in-tensorflow/

VAEs are pairs of probabilistic models

Ad .
0o °

"a generative model + "bottleneck network
an inference model" with stochastic layers”




Generative models are simulators

~

latents — outputs _

decoder distribution p(x|z) %

A ~ Normal(@, 1) S 2

B ~ LogNormal(@, 1) 5

C ~ LogNormal(A, B) -

X ~ Poisson(C) =
g

Sampling is easy! c L
1




Inference algorithms invert simulators

-
outputs — latents _
N
encoder distribution q(z; x) %
[
A ~ ComplexDistributioni(X) p :
C ~ ComplexDistribution2(X, A) g
B ~ ComplexDistribution3(A, C) - .
Inference is hard! B :
Q5
©3




VAEs suggest a general inference recipe:

1.

Write a generative model, "p
latents — outputs
Write an inference model, "q
outputs — latents

Train on output data "x"
Predict latents from inverse model
z ~ q(z;x)

Minimize -ELBO = KL(q(z;x) || p(z|x)) + C

Compute gradients with AD
Update parameters with SGD

generative model

p(a,b,c,x)

inference model

q(a,b,c; x)

(Webb et al. 2017)



https://papers.nips.cc/paper/7570-faithful-inversion-of-generative-models-for-effective-amortized-inference.pdf

VAESs suggest a general

4. PredICt |atentS frOm Inverse mOdel generative model inference model
z ~ q(z;x) p(a,b,c,x) q(a,b,c ; x)

(Webb et al. 2017)



https://papers.nips.cc/paper/7570-faithful-inversion-of-generative-models-for-effective-amortized-inference.pdf

VAEs suggest a general inference recipe:

1.

Write a generative model, "p
latents — outputs
Write an inference model, "q
outputs — latents

Train on output data "x"
Predict latents from inverse model
z ~ q(z;x)

Minimize -ELBO = KL(q(z;x) || p(z|x)) + C

Compute gradients with AD
Update parameters with SGD

generative model

p(a,b,c,x)

inference model

q(a,b,c; x)

(Webb et al. 2017)



https://papers.nips.cc/paper/7570-faithful-inversion-of-generative-models-for-effective-amortized-inference.pdf

VAEs suggest a general inference recipe:

1.

Write a generative model, "p
latents — outputs
Write an inference model, "q
outputs — latents

o

Noo

Train on output data "x"
Predict latents from inverse model
Z ~ q(z;x)

Minimize -ELBO = KL(q(z;x) || p(z|x)) + C

Compute gradients with AD
Update parameters with SGD

~
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This is independent
of models (p,q). noae!

; X)

Let's implement it
once in a library.

(Webb et al. 2017)



https://papers.nips.cc/paper/7570-faithful-inversion-of-generative-models-for-effective-amortized-inference.pdf

VAEs suggest a general

1. Write a generative model, "p"
latents — outputs

2. Write an inference model, "q"
outputs — latents

\_ J

3. Train on output data "x"

4. Predict latents from inverse model

Z ~ q(z;x)

inference recipe:

This is the only
problem-specific part.

Let's make it
extremely flexible.

generati;e model
p(a,b,c,x)

5. Minimize -ELBO = KL(q(z;x) || p(z|x)) + C

6. Compute gradients with AD
7. Update parameters with SGD

(40—
4

inference model
q(a,b,c; x)

(Webb et al. 2017)
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Pyro's interface

Modeling Language Inference Algorithms



Pyro's interface

Modeling Language Inference Algorithms
pyro.sample SVI (variational inference)
pyro.param ELBO

pyro.plate



Pyro extends Python with primitives

X = pyro.sample("x", Bernoulli(0.5))

assert isinstance(x, torch.Tensor)

pyro.sample("y", Normal(x, 1.),
obs=y)

theta = pyro.param("theta", torch.ones(1600),

constraint=positive)



Pyro extends Python with primitives

for i in pyro.plate(“data", len(data), batch_size):
pyro.sample(f"data_{i}", fun(x), obs=datali])

with pyro.plate("data”, len(data), batch_size) as i:
pyro.sample(“data", fun(x), obs=datali])



Pyro models are Python functions

def (data):
p = pyro.param('p", torch.ones(10)/18, constraint=simplex)
c = pyro.sample('c", Categorical(p))
if ¢ > 0:
pyro.sample("obs", Normal(helper(c - 1), 1.),
obs=data)

def (c):
X = pyro.sample("x" Normal(©., 10.))

return x[c]



Pyro inference looks like neural net training

# Fit a model.
guide = AutoNormal(model) # or a custom guide
optim = Adam({"1r": 1e-3})
svi = SVI(model, guide, optim, Trace_ELBO())
for step in range(1060):

svi.step(data)

# Draw samples from the posterior.
samples = Predictive(model, guide=guide) (data)



Deep Probabilistic Programming

e Modeling in Python (Tran et al. 2017, Bingham et al. 2018)
e Built on well-engineered libraries for arrays & neural nets:
Pyro/PyTorch, NumPyro/JAX, Edward/Tensorflow, ... A\’O‘O‘

e Recent tricks: ‘f‘O"‘O‘Q

neural baselines (Mnih & Gregor 2014) '

normalizing Flows (Rezende & Mohamad 2015)
sticking the landing (Roeder et al. 2017)

delayed sampling (Murray et al. 2017)

variational OED (Eoster et al. 2018)

tensor monte carlo (Aitchison 2018)

DiCE estimator (Foerster et al. 2018)

tensor variable elimination (Obermeyer et al. 2019)
parallel-scan filtering (Sarkka & Garcia-Fernandez 2019)
reparameterisation effects (Gorinova et al. 2019)

functional tensors (Obermeyer et al. 2019)
Stein VI (Al-Sibahi & Rgnning 2020)



https://arxiv.org/abs/1701.03757
https://arxiv.org/abs/1810.09538
https://arxiv.org/abs/1402.0030
http://proceedings.mlr.press/v37/rezende15.html
https://arxiv.org/abs/1703.09194
https://arxiv.org/abs/1708.07787
http://bayesiandeeplearning.org/2018/papers/90.pdf
https://arxiv.org/abs/1806.08593
https://arxiv.org/abs/1802.05098
https://arxiv.org/abs/1902.03210
https://arxiv.org/abs/1905.13002
https://arxiv.org/abs/1906.03028
https://arxiv.org/abs/1910.10775
https://openreview.net/forum?id=nXSDybDWV3

What we're working on

New MCMC algorithms
- discrete latent variables
- data subsampling

Automating variational inference
- structured variational distributions

- automatic reparametrization

Normalizing flows
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Thank you! https://pyro.ai

Du Phan Eli Bingham Martin Neeraj
Jankowiak Pradhan

J.P. Chen Stefan Webb Fritz

Obermeyer
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https://pyro.ai

