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Latent Variable Models
Modeling non-observable mechanisms. 
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David Blei, Probabilistic Topic Models, Communications of the ACM, Vol. 55 No. 4, Pages 77-84
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Gopalan, Prem, et al. Scaling probabilistic models of genetic variation to millions of humans. 
Nature Research, 2016.
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Trun et al. Automatic Differentiation Variational Inference. JMLR, 2016.
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Latent Variable Models
Gaussian Mixture Models, Principal Component Analysis, Factor Analyzers, Latent 
Dirichlet Allocation, etc. 

Gaussian	Mixture Principal	Component	Analysis Matrix	Factorization

Blei,	David	M.	"Build,	compute,	critique,	repeat:	Data	analysis	with	latent	variable	models."	Annual	
Review	of	Statistics	and	Its	Application 1	(2014):	203-232.
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Dynamic/Temporal Models
Hidden Markov Models, Linear Dynamical Systems, State Space Models, Input-Output 
HMM, etc. 

Hidden	Markov	Model Kalman Filter

Blei,	David	M.	"Build,	compute,	critique,	repeat:	Data	analysis	with	latent	variable	models."	Annual	
Review	of	Statistics	and	Its	Application 1	(2014):	203-232.
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Automatic Bayesian Treatment
Modeling non-observable mechanisms. 
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Latent Variable Model
Local Latent Mechanisms are Temp, Smoke and Fire

Code:	Session3

Temp Smoke

T1 T2 S1

Fire
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Bayesian Learning 

BAYESIAN LEARNING
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[Set of Models]

AMIDST Toolbox

[Optimal Model]

{✓ : ✓ 2 ⇥}

✓?argmin
✓2⇥

`(D, ✓)Data

Loss Minimization
(Stochastic Gradient Descent)

Example:
y = ✓0 + ✓1 · x1 + . . .+ ✓k · xk
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Bayes Theorem

Data

[Prior over Models]

p(✓)

p(D1|✓)p(✓)
p(D1)

[Posterior over Models]

p(✓|D1)

Learning as an inference Problem
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MODEL UNCERTAINTY

[Point Estimate]

vs

[Bayesian Estimate]

✓? p(✓|D)

Example: y = ✓0 + ✓1 · x1 + . . .+ ✓k · xk
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GAUSSIAN PROCESSES
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MISSING DATA

Probabilistic approach naturally deals 
with missing data
Everything is a random variable. 
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Data Streams

Update your models when new data is available.

AMIDST Toolbox
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§ Unbounded Flows of Data are generated daily:
§ Social Networks, sensors, network monitoring, finance, etc.
§ Continuous Model Updating. 
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[Set of Models]

AMIDST Toolbox

[Optimal Model]

{✓ : ✓ 2 ⇥}

✓?Data

Loss Minimization
(Stochastic Gradient Descent)

argmin
✓2⇥

`(D1, ✓)
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[Set of Models]

AMIDST Toolbox

[Optimal Model]

{✓ : ✓ 2 ⇥}

✓?New
Data

Loss Minimization
(Stochastic Gradient Descent)

argmin
✓2⇥

`({D1 [D2}, ✓)
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Bayes Theorem

New
Data

[Previous Posterior]

p(✓|D1)

p(D2|✓)p(✓|D1)

p(D2|D1)
[Updated Posterior]

p(✓|D1, D2)
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Freeman	J.	Introducing	streaming	k-means	in	Apache	Spark	1.2.	
https://databricks.com/blog/2015/01/28/introducing-streaming-k-means-in-spark-1-2.html

§ Data may change from one time step to another. 
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Bayes Theorem
[Exponential Forgetting]

New
Data

[Previous Posterior]

p(✓|D1)

[Updated Posterior]

p(✓|D1, D2)p(D2|✓)p(D1|✓)⇢p(✓)
p(D1|D2)

§ Old-data is exponentially down-weighted. 
§ Forgetting Mechanism. Focus on the present. 

⇢ 2 [0, 1]
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Scalable Learning

Perform Bayesian inference on your probabilistic models with 
powerful approximate and scalable algorithms.

AMIDST Toolbox
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Intractable Posterior

§ Problem solving a highly multidimensional integral.
§ Closed-form solution under very restrictive assumptions.
§ Complex functional forms.

Highly	Dimensional



VARIATIONAL LEARNING

30

Variational Methods

§ The inference problem is casted as an optimization problem.
§ Deterministic approximation.  

AMIDST Toolbox

argmin
�

KL(q(✓, H|�)||p(✓, H|D))

Hoffman,	Matthew	D.,	et	al.	"Stochastic	variational inference."	Journal	
of	Machine	Learning	Research 14.1	(2013):	1303-1347.

True	PosteriorApproximation
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Optimization Problem

§ The inference problem is casted as an optimization problem.
§ Deterministic approximation.  

AMIDST Toolbox

Hoffman,	Matthew	D.,	et	al.	"Stochastic	variational inference."	Journal	
of	Machine	Learning	Research 14.1	(2013):	1303-1347.

Constant Maximize Minimize
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Variational Message Passing

§ Automatic Gradient Computation
§ Coordinate Ascent Algorithm, Gradient Ascent, etc...

AMIDST Toolbox

Winn,	J.,	&	Bishop,	C.	M.	(2005).	Variational message	passing. Journal	of	
Machine	Learning	Research, 6(Apr),	661-694.
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David	Blei,	Shakir Mohamed,	Rajesh	Ranganath.	Variational Inference:	
Foundations	and	Inference	Methods. NIPS	Tutorial	2016.	Barcelona.
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Stochastic Gradient Ascent

§ Estimate the gradient over a sub-sample of the data set

AMIDST Toolbox

Hoffman,	Matthew	D.,	et	al.	"Stochastic	variational inference."	Journal	
of	Machine	Learning	Research 14.1	(2013):	1303-1347.
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d-VMP Algorithm
A state-of-the-art distributed Variational Message Passing algorithm.

AMIDST Toolbox

Masegosa,	Andrés	R.,	et	al.	"d-VMP:	Distributed	Variational	Message	Passing."	Proceedings	of	
the	Eighth	International	Conference	on	Probabilistic	Graphical	Models.	2016.
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One billion node probabilistic model
Experiment on a Flink cluster with 16 nodes on AWS.

AMIDST Toolbox

Masegosa,	Andrés	R.,	et	al.	"d-VMP:	Distributed	Variational	Message	Passing."	Proceedings	of	
the	Eighth	International	Conference	on	Probabilistic	Graphical	Models.	2016.
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Probabilistic Graphical Models

AMIDST APPROACH

+

Probabilistic Machine Learning
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Thanks for your 
attention

@ contact@amidsttoolbox.com

@AmidstToolbox

www www.amidsttoolbox.com


