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1. Reasoning with Uncertainty |3 The Infinite HMM :

« there is a small probability of a burglary at our house What if we don’t know how many hidden states there should be? What if

« there is a small probability of an earthquake we want to treat the number of hidden states as an unknown quantity?
* if there is a burglary with high probability the alarm goes off
* if there is an earthquake, the alarm might go off

e if there is an earthquake, the radio will report about it

* if the alarm goes off, a security firm will call us

/4. The Infinite Factorial HMM\

What if not one unknown quantity changes state at any one time but
multiple independent quantities change?

Graphical
dels

How likely is it that there is a burglary if the security firm calls us?
How likely is it that there is a burglary if the security firm calls us
and the radio reports an earthquake?

How do we quantify this reasoning?
using Graphical Models /

/ . \ ' . . The Infinite Factorial Hidden Markov 5
2 . H Id d e n M a rkOV M Od e I S Model has multiple independent chains of

unknown states.

The Infinite Hidden Markov Model has a potentially unbounded number

Hidden Markov Models are a form of @ @ of states but we encode a preference for a small number of states.

Graphical Model when there is a
sequential structure in the unknowns. We
denote this with the picture on the right.
The S’s are unknown quantities, the Y’s are
observed quantities.

(Partial) Graphical Model on the right

The Graphical Model
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States correspond to phones: “dh”, “a”, “iy Observation Parameters 0; ~ H particular speaker is talking, black when he is

Hidden Markov Models dominate the field S, @ @ Initial State so = 1 @ silent. The middle plot shows a sample from
of automatic speech recognition. For State Sequence S~ T .. @ @ the iIFHMM solution: it has discovered both
example, the unknown quantities are the Observation Sequence vy ~ F(yl6s,) k=100 the number of speakers and a reasonably

phones (short speech sound) and the accurate segmentation. The right plot shows
observed quantities are spectral feature the solution found by infinite Independent

vectors which are quantities that are Component Analysis.
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extracted from the speech waveform. In
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the example on the right, if the unknown I I I Spectral Feature Vectors
qguantity corresponds to the phones “dh-a” t 11
Graphical Models have unified
many known models (Mixture, Mixture ,ﬁ
HMM, ...). This unifying picture has Loce
also been a guide to extending TR B
known models in different

directions. Our work covers the m‘/
- iHMM
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Iml nonparametric time series models.

Speech Example

recording device records a meeting and we want to
automatically find out who is speaking when.

I I Consider a system that performs speech diarization: a

or “dh-i”, this would correspond to the The unknown quantities now .
word “the”. ” g H'» ""*'**“W N

correspond to which speaker is .
o talking. The iHMM does not assume |
Vision Example States are locations: outdoor, kitchen, ... the number of speakers; it will |

automatically adjust this to the
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L ; observed speech signal.
frequently used in vision and robotics. In
the example on the right we sketch a ' ' ' ' '

system that was designed to perform
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context recognition. The  unknown
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decomposition) features derived from 3 The plot on the right displays the eferences
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