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Motivation
• Broadly two classes of time series models:

– fully observed models (e.g. AR, n-gram)
– hidden state models (e.g. HMM, state-space models)

• Hidden Markov models (HMMs) are widely used, but how do we
choose the number of hidden states?

• A non-parametric Bayesian approach: infinite HMMs.

• A single discrete state variable is a poor representation of the
history. Can we do better?

• Factorial HMMs

• Can we make Factorial HMMs non-parametric?
• infinite factorial HMMs and the Markov Indian Buffet Process



Hidden Markov Models



Hidden Markov Models



Choosing the number of
hidden states

• How do we choose K, the number of
hidden states, in an HMM?

• Can we define a model with an
unbounded number of hidden states,
and a suitable inference algorithm?



Part I

The Infinite Hidden Markov Model



Infinite Hidden Markov models



Alice in Wonderland



Hierarchical Urn Scheme for generating
transitions in the iHMM (2002)

• nij is the number of previous transitions from i to j
• α, β, and γ are hyperparameters
• prob. of transition from i to j proportional to nij 
• with prob. proportional to βγ  jump to a new state 



Relating iHMMs to DPMs

• The infinite Hidden Markov Model is closely related
to Dirichlet Process Mixture (DPM) models

• This makes sense:
– HMMs are time series generalisations of mixture models.
– DPMs are a way of defining mixture models with countably

infinitely many components.
– iHMMs are HMMs with countably infinitely many states.



HMMs as sequential mixtures



Infinite Hidden Markov Models



Infinite Hidden Markov Models



Infinite Hidden Markov Models

Teh, Jordan, Beal and Blei (2005)  derived iHMMs in 
terms of Hierarchical Dirichlet Processes.



Efficient inference in iHMMs?



Inference and Learning in HMMs and iHMMs

• HMM inference of hidden states p(st|y1…yT,θ):
– forward backward = dynamic programming = belief

propagation
• HMM parameter learning:

–  Baum Welch = expectation maximization (EM), or
Gibbs sampling (Bayesian)

• iHMM inference and learning, p(st ,θ |y1…yT):
– Gibbs Sampling

• This is unfortunate: Gibbs can be very slow for
time series!

• Can we use dynamic programming?



Dynamic Programming in HMMs
Forward Backtrack Sampling



Beam Sampling



Beam Sampling



Auxiliary variables

Note: adding u variables, does not change distribution over other vars.



Beam Sampling



Beam Sampling Properties



Experiment I - HMM data



Experiment II - Text Prediction



Experiment III - Changepoint Detection



Experiment III - Changepoint Detection



Part II

• Hidden Markov models represent the entire
history of a sequence using a single state
variable st

• This seems restrictive...

• It seems more natural to allow many hidden
state variables, a “distributed representation”
of state.

• …the Factorial Hidden Markov Model



Factorial HMMs

• Factorial HMMs (Ghahramani and Jordan, 1997)
• A kind of dynamic Bayesian network.
• Inference using variational methods or sampling.
• Have been in a variety of applications (e.g. condition
monitoring, biological sequences, speech recognition).



From factorial HMMs to
infinite factorial HMMs?

• A non-parametric version where the number of
chains is unbounded?
• In infinite factorial HMM (ifHMM) each chain is binary
(van Gael, Teh, and Ghahramani, submitted).
• Based on the Markov extension of the Indian Buffet
Process (IBP).



ifHMM Preliminary Experiment:
Bars-in-time
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Bars-in-time data



ifHMM Preliminary Experiment:
Bars-in-time







The Big Picture



Conclusion
• HMMs have been widely used.

• iHMMs provide a non-parametric version where
the number of states is not bounded a priori.

• Beam sampling provides an efficient exact
dynamic programming-based MCMC method.

• ifHMMs extend iHMMs to multiple state variables
in parallel.

• Future directions: new models, fast algorithms,
and compelling applications.



Appendix:

Indian Buffet Process (IBP)



Binary Matrix Representation
of  Clustering



Binary Latent Feature Matrices



Indian Buffet Process

(Griffiths and Ghahramani, 2005)



Indian Buffet Process



Indian Buffet Process



HMM vs iHMM



HMM vs iHMM



Infinite Hidden Markov Models

• Basic idea of  two-level urn scheme to share information between states in
(Beal, Ghahramani, and Rasmussen, 2002)

• Derived from Hierarchical Dirichlet Processes (Teh, Jordan, Beal & Blei, 2006)



iHMMs and HDPs



Inference and Learning


