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“Big Data”

“Analytics Wave” The Times of India, Sept 27th, 201 |



* We need tools for modelling, searching, visualising, and
understanding large data sets




































Map of the world with countries ordered by relative rate of happy to sad tweets






Bayesian Machine Learning

Fverything follows from two simple rules:
Sum rule: P(z) =), P(z,y)
Product rule: P(x,y) = P(x)P(y|x)

P(DIOVP(6 P(D|0) likelihood of ¢
P(0|D) = (P’(Z)D)( ) P(0) prior probability of
P(0|D) posterior of 6 given D
Prediction:
P(z|D,m) = /P(x\@,D,m)P(ﬂD,m)d@

Model Comparison:
P(D|m)P(m)
P(D)

P(m|D) =

P(Dlm) = / P(D|0, m)P(6]m) b



Parametric vs Nonparametric Models

Parametric models assume some finite set of parameters 6. Given the parameters,
future predictions, x, are independent of the observed data, D:

P(x|0,D) = P(x|0)
therefore 6 capture everything there is to know about the data.

So the complexity of the model is bounded even if the amount of data is
unbounded. This makes them not very flexible.

Non-parametric models assume that the data distribution cannot be defined in
terms of such a finite set of parameters. But they can often be defined by
assuming an infinite dimensional 6. Usually we think of 6 as a function.

The amount of information that 6 can capture about the data D can grow as
the amount of data grows. This makes them more flexible.



Why nonparametrics?

o flexibility
e better predictive performance

e more realistic
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Overview of nonparametric models and uses

Bayesian nonparametrics has many uses.

Some modelling goals and examples of associated nonparametric Bayesian models:

Modelling goal Example process
Distributions on functions Gaussian process
Distributions on distributions  Dirichlet process
Polya Tree
Clustering Chinese restaurant process
Pitman-Yor process
Hierarchical clustering Dirichlet diffusion tree
Kingman's coalescent
Sparse binary matrices Indian buffet processes
Survival analysis Beta processes

Distributions on measures Completely random measures




Gaussian and Dirichlet Processes

e Gaussian processes define a distribution on functions

where 1 is the mean function and c is the covariance function.
We can think of GPs as “infinite-dimensional” Gaussians

e Dirichlet processes define a distribution on distributions (a measure on measures)
G ~ DP(|G0,0&)

where v > 0 is a scaling parameter, and GG is the base measure.
We can think of DPs as “infinite-dimensional” Dirichlet distributions.

Note that both f and G are infinite dimensional objects.



Bayesian nonparametrics applied to models of other structured objects:

e Sparse Matrices

e Deep Sparse Graphical Models
e Hierarchies

e Covariances

e Network Structured Regression



From finite to infinite binary matrices

Znk = 1 means object n has feature k:

Znk ~ Bernoulli(6y,)

0 ~ Beta(a/K,1)

o Note that P(zn, = 1|a) = E(0k) = ;77 O

as K grows larger the matrix gets sparser.

e Soif Z is N x K, the expected number of
nonzero entries is Na/(1 + a/K) < Na.

e Even in the K — oo limit, the matrix is
expected to have a finite number of non-zero
entries.



Nonparametric Binary Matrix Factorization

genes X patients
users X movies

Meeds et al (2007) Modeling Dyadic Data with Binary Latent Factors.



Learning Structure of Deep Sparse Graphical Models

(w/ Ryan P. Adams, Hanna Wallach, 2010)



Learning Structure of Deep Sparse Graphical Models

Olivetti Faces: 350 + 50 images of 40 faces (64 x 64)
Inferred: 3 hidden layers, 70 units per layer.

Reconstructions and Features:



Learning Structure of Deep Sparse Graphical Models

Fantasies and Activations:




e true hierarchies
e parameter tying

e visualisation and interpretability

Hierarchies
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Camel
Cow
Deer
Chimp
Gorilla
Horse
Giraffe
Elephant

Lion
Tiger
Mouse
Squirrel
Wolf
Dolphin
Whale
Seal
Salmon
Trout
Penguin
Eagle
Robin
Chicken
Ostrich
Finch
Ant
Cockroach
Butterfly
Bee
Alligator
Iguana
Rhino



Generating from a DDT:
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Figures from Neal, 2001.

Dirichlet Diffusion Trees (DDT)
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Pitman-Yor Diffusion Trees

Generalises a DDT, but at a branch point, the probability of following each branch
Is given by a Pitman-Yor process:

. b, — «
P(foll branch k) =
(following branch k) i
0+ aK
P(diverging) =
(diverging) e

to maintain exchangeability the probability of diverging also has to change.

e naturally extends DDTs to arbitrary non-binary branching

e infinitely exchangeable over data

e prior over structure is the most general Markovian consistent and exchangeable
distribution over trees

(w/ Knowles 2011)



Gaussian process regression networks

A model for multivariate regression which combines structural properties of Bayesian
neural networks with the nonparametric flexibility of Gaussian processes

y(2) = W(@)[E(@) + o7e] + 02
(w/ David Knowles, Andrew Wilson, 2011)



Summary

Probabilistic modelling and Bayesian inference are two sides of the same coin
Bayesian machine learning treats learning as a probabilistic inference problem

Bayesian methods work well when the models are flexible enough to capture
relevant properties of the data

This motivates non-parametric Bayesian methods, e.g.:

— Indian buffet processes for sparse matrices and latent feature modelling
— Pitman-Yor diffusion trees for hierarchical clustering

— Wishart processes for covariance modelling

— Gaussian process regression networks for multi-output regression



