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Interested in research for scientific applications?

That’s not this talk.
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Generation & compression of 10M colored 32x32 images

[Tran+ 2017; Parmar+ 2018]



Scaling up fundamental language models

[Liu+ 2018; Shazeer+ 2018]



Inference in a probabilistic program

(trace, weight) = query(program, args, observations)

Distribution on traces induced by executing program
(e.g. the prior)

Distribution on traces sampled during query execution
(e.g. the posterior approximation)

Distribution on traces conditioned on observations
(e.g. the posterior)

Weight
(e.g. importance weight)

[Tenenbaum+Mansinghka NIPS 2017 tutorial]



The Myth of Probabilistic Programming

Programming is infeasible if a core operation

in the language is NP-hard.

For high-dimensional problems + modern probabilistic models, we haven’t
solved automated inference.



Edward



Failure Modes

• Inference is monolothic. The average workflow requires understanding a
new ecosystem, closed under its own compositions.

• Can’t it go faster? Edward was not designed with TPUs and multiple
machines in mind.



Some Iteration of Edward



Random Variables Are All You Need

Edward2 reifies any computable probability distribution as a Python function.
Inputs to the program represent values the distribution conditions on.



Tracing

A tracer from AD wraps the language’s primitive operations. The tracer
intercepts control just before those operations are executed.

Edward2 applies tracing in order to perform user-programmable
manipulations.



Example: Latent Dirichlet Allocation



Example: Latent Dirichlet Allocation



Mesh TensorFlow



TPU Data Parallelism

• Parameters replicated on every core.

• Batch split between cores.

• Sum (allreduce) parameter gradients. (very efficient on locally-connected
networks such as TPUs)



TPU Data Parallelism

• Universal (any model/cluster)

• Fast to compile (SIMD)

• Full Utilization

• Allreduce is fast on any locally-connected network

• All parameters must fit on one core.



Example: Perceptron



Example: Perceptron



Example: Perceptron



Example: Perceptron



Example: High-Quality Image Generation

50M+ parameter models (Image Transformer, VQVAE) on high-resolution
images. Data parallelism.

Edward2 achieves an optimal linear scaling from 1 to 256 TPUv2 chips.

[Tran+ 2018]



Example: NUTS

Time per leapfrog step for No-U-Turn Sampler (NUTS) on Bayesian logistic
regression. Covertype, 500K data points, 54 features.

Edward2 (GPU) achieves up to a 100x speedup over Stan and 7x over PyMC3.
Dynamism is not possible in Edward 1.0.

Edward2 has negligible overhead over handwritten TF.

[Tran+ 2018]



Example: Language Modeling

Transformer from 20M to 3B parameter models. Model parallelism. Roughly
50% utilization.

[Shazeer+ 2018]



Example: Machine Translation

Transformer from 20M to 3B parameter models. Model parallelism. Roughly
50% utilization.

[Shazeer+ 2018]



Summary

1. Designing probabilistic systems for deep learning requires careful
consideration about what’s really brought to the table.

2. Our attempts pushed on what we think are the core elements.

Current directions.

1. We’re advancing fundamental understandings of generative models and
Bayesian neural networks.

2. We’re pushing Mesh TensorFlow to trillion-parameter language models,
new architectures, and model-parallel VAEs.
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def normal_logpdf(x, loc, scale):

prec = 1. / scale**2

return -(np.sum(prec * mu**2) - np.sum(np.log(prec))

+ np.log(2. * np.pi)) * N / 2.

def log_joint(pi, z, mu, tau, x):

logp = (np.sum((alpha-1)*np.log(x))

- np.sum(gammaln(alpha))

+ np.sum(gammaln(np.sum(alpha, -1))))

logp += normal_logpdf(mu, 0., 1./np.sqrt(kappa * tau))

logp += np.sum(one_hot(z, K) * np.log(pi))

logp += ((a-1)*np.log(tau) - b*tau + a*np.log(b)

- gammaln(a))

mu_z = np.dot(one_hot(z, K), mu)

loglike = normal_logpdf(x, mu_z, 1./np.sqrt(tau))

return logp + loglike
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AutoConj: find and exploit exponential family structure without a DSL
Matthew D. Hoffman*, Matthew J. Johnson*, Dustin V. Tran brain

vision summit

TL;DR Write models in regular Python+Numpy with no mini-language,
get exponential family structure-exploiting inference algorithms. 

Why? Exploiting exponential family structure when it exists is labor-
intensive, even for experts, which limits how we design new 
models and try new hybrid inference strategies (e.g. SVAEs). 
It’s like neural nets before autodiff.

What is the autodiff for exponential family inference? AutoConj!

DSL? As with autodiff, don’t want to be locked-in to a mini-language:
▪ New inference algorithms? Model classes?
▪ Optimization libraries? Automatic differentiation? Viz.?
▪ Compile to accelerators, distributed computing?

Need a system in native Python, and composable with others.
Trace log joint density given 
example values and supports1

Rewrite term graph to expose 
exponential family structure2

Generic implementations of 
mean field, marginalization, 
Gibbs, etc. (in plain Python!)
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Model evaluation should be a first-class
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1 | Introduction
Probabilistic programming research has been tightly 
focused on two things:

modeling and inference.

We argue that model evaluation deserves a similar 
level of attention.

Probabilistic programming enables the modern ap-
plied probabilist to craft bespoke probability models 
and perform inference with them. She can encode 
domain specific knowledge into her models with 
ease and express rich assumptions about the data 
she seeks to analyze. With this freedom comes a 
pronounced need to evaluate such models. Is there 
evidence for these assumptions? How well do these 
models work? We show how probabilistic program-
ming languages offer practical solutions to some of 
these problems, but argue that model evaluation de-
serves more interest from the community at large.

2 | Methods for Model Evaluation
Focus | probability models with well-defined, evalu-
able joint distributions.

Scoring rules and point-wise evaluations
evaluating likelihood, computing losses, ideas 
around cross validation, posterior dispersion indices 
(Kucukelbir et al.).

Posterior predictive checks (PPCs)
 1. Choose a statistic (e.g. min, max)
 2. Simulate datasets from posterior predictive
 3. Calculate statistics on simulated data
 4. Compare to statistic evaluated on original data

Kernel-based methods
visualize smooth regions of data that is poorly ex-
plained by model (Lloyd and Ghahramani), kernel 
goodness-of-fit tests (Chwialkowski et al, Lieu et al.), 
prototypes and criticisms (Kim et al.).

Model comparison
Bayesian methods (Piironen and Vehtari)

3 | Status Quo and Future of Model Evaluation in Probabilistic Programming
Status Quo 
Most popular probabilistic programming frameworks 
offer none or limited high-level constructs to imple-
ment model evaluation. Performing model evaluation 
in these cases requires manual implementation of 
the methods in Section 2.

Stan offers a helpful structure that aids in imple-
menting model evaluation. For example, the 
generated quantities section can be used to com-
pute PPCs and evaluate losses.

PyMC3 and Edward offer a productive out-of-the-box 
experience for model evaluation. Both have built-in 
implementations of PPCs and explicit documenta-
tion to do model evaluation and comparison. PyMC3 
implements information criteria and Edward offers a 
suite of default scoring rules.

Future
The languages that facilitate model evaluation em-
power its users to build accurate and powerful proba-
bility models; this is a key goal for all probabilistic pro-
gramming languages.

However, model evaluation faces its own set of chal-
lenges, unique to its application within probabilistic 
programming. Almost all automated inference algo-
rithms are approximate. What happens to our evalua-
tion metrics when the posterior approximation is 
poor? Samples from MCMC algorithms may not have 
converged. Using a variational lower bound to the evi-
dence can be dangerous for model comparison. PPCs 
may be incorrect due to approximation errors in the posterior distribution. Figure 1 shows an example 
of how this might occur.

Another open question is how to best integrate model evaluation into language semantics. Given the 
approximate nature of probabilistic programming inference algorithms, there are no accuracy guaran-
tees for posterior computation under bounded time. How can language designers improve the language 
itself to expose the approximate nature of posterior computations and aid model evaluation?
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